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SPECOM 2025 Preface 

SPECOM is a conference with a long tradition that attracts researchers in the area of 
speech technology, including automatic speech recognition and understanding, text–to– 
speech synthesis, and speaker and language recognition, as well as related domains like 
digital speech processing, natural language processing, text analysis, computational par-
alinguistics, multi–modal speech, and data processing or human–computer interaction. 
The SPECOM conference is an ideal platform for know–how exchange – especially 
for experts working on inflective or agglutinative spoken languages – including both 
under–resourced and well–resourced ones. 

The International Conference on Speech and Computer (SPECOM) has become a 
regular event since the first SPECOM was held in St. Petersburg, Russia, in October 
1996. The SPECOM conference series was established exactly 29 years ago by the 
St. Petersburg Institute for Informatics and Automation of the Russian Academy of 
Sciences (SPIIRAS). 

In its long history, the SPECOM conference has been organized alternately by the 
St. Petersburg Federal Research Center of the Russian Academy of Sciences (SPC 
RAS)/SPIIRAS and by the Moscow State Linguistic University (MSLU) in their home 
towns. Furthermore, in 1997 it was organized by the Cluj-Napoca subsidiary of the 
Research Institute for Computer Technique (Romania), in 2005 and 2015 by the Univer-
sity of Patras (in Patras and Athens, Greece), in 2011 by the Kazan Federal University (in 
Kazan, Russia), in 2013 by the University of West Bohemia (in Pilsen, Czech Republic), 
in 2014 by the University of Novi Sad (in Novi Sad, Serbia), in 2016 by the Budapest Uni-
versity of Technology and Economics (in Budapest, Hungary), in 2017 by the University 
of Hertfordshire (in Hatfield, UK), in 2018 by the Leipzig University of Telecommunica-
tions (in Leipzig, Germany), in 2019 by the Bogaziçi University (in Istanbul, Turkey), in 
2020 and 2021 by SPC RAS/SPIIRAS (fully online), in 2022 by the KIIT (in Gurugram, 
New Delhi, India), in 2023 by the IIT/IIIT Dharwad (in Hubli-Dharwad, Karnataka, 
India), and in 2024 by the University of Novi Sad (in Belgrade, Serbia). 

SPECOM 2025 (https://specom.inf.u-szeged.hu) was the 27th event in the confer-
ence series, and the second time SPECOM was in Hungary. SPECOM 2025 was orga-
nized by the Institute of Informatics of the University of Szeged. The conference was 
held from 13th till 14th October 2025, in a hybrid format, mostly in-person at the Novotel 
Hotel Szeged and online via video conferencing. SPECOM 2025 was also supported by 
the International Speech Communication Association (ISCA). 

During SPECOM 2025, two keynote lectures were given by Éva Székely (Depart-
ment of Speech, Music and Hearing, KTH Royal Institute of Technology, Stockholm, 
Sweden) on “From Conversation to Conversational: Speech Synthesis and the Commu-
nicative Power of the Human Voice”, as well as by Heysem Kaya (Social and Affective 
Computing Group, Department of Information and Computing Sciences, Utrecht Uni-
versity, Utrecht, the Netherlands) on “Towards Responsible Multimodal Modeling for 
Mental Healthcare”.

https://specom.inf.u-szeged.hu
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The two volumes of the SPECOM 2025 proceedings contain a collection of submitted 
papers presented at SPECOM 2025, which were thoroughly reviewed by members of 
the Program Committee and additional reviewers consisting of over 70 experts in the 
conference topic areas. In total, 47 regular full papers out of 77 submissions made 
via the EasyChair electronic system were carefully selected by the SPECOM 2025 
Program Committee members for oral and poster presentations at the conference, as 
well as for inclusion in the SPECOM 2025 proceedings. Each valid submission was 
reviewed in a single-blind manner by at least three members of the Program Committee. 
Theoretical and more general contributions were presented in common plenary sessions. 
Problem-oriented sessions as well as panel discussions brought together specialists in 
niche problem areas with the aim of exchanging knowledge and skills resulting from 
research projects of all kinds. 

We would like to express our gratitude to all authors for providing their papers on 
time, to the members of the SPECOM 2025 Program Committee for their careful reviews 
and paper selection, and to the editors and correctors for their hard work in preparing the 
conference proceedings. Special thanks are due to the members of the SPECOM 2025 
Organizing Committee for their tireless effort and enthusiasm during the conference 
organization. We are also grateful to the Institute of Informatics of the University of 
Szeged for organizing and hosting the 27th International Conference on Speech and 
Computer SPECOM 2025 in the city of Szeged. 

October 2025 Alexey Karpov 
Gábor Gosztolya
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Keynotes



From Conversation to Conversational: Speech Synthesis
and the Communicative Power of the Human Voice

Éva Székely 

Division of Speech, Music and Hearing, KTH Royal Institute of Technology, 
Lindstedtsvägen 24, SE-114 28 Stockholm, Sweden 

szekely@kth.se 
https://www.kth.se/profile/szekely 

Abstract. Deep-learning-based speech synthesis now allows us to generate voices 
that are not only natural-sounding but also highly realistic and expressive. This 
capability presents a paradox for conversational AI: it opens up new possibilities 
for more fluid, humanlike interaction, yet it also exposes a gap in our under-
standing of how such expressive features shape communication. Can synthetic 
speech, which poses these challenges, also help us solve them? In this talk, I 
explore the fundamental challenges in modelling the spontaneous phenomena 
that characterise spoken interaction: the timing of breaths, shifts in speech rate, 
laughter, hesitations, tongue clicks, creaky voice and breathy voice. In striving 
to make synthetic speech sound realistic, we inevitably generate communicative 
signals that convey stance, emotion, and identity. Modelling voice as a social sig-
nal raises important questions: How does gender presentation in synthetic speech 
influence perception? How do prosodic patterns affect trust, compliance, or per-
ceived politeness? To address such questions, I will present a methodology that 
uses controllable conversational TTS not only as a target for optimisation but 
also as a research tool. By precisely manipulating prosody and vocal identity in 
synthetic voices, we can isolate their effects on listener judgments and exper-
imentally test sociopragmatic hypotheses. This dual role of TTS – as both the 
object of improvement and the instrument of inquiry – requires us to rethink 
evaluation beyond mean opinion scores, towards context-driven and interaction-
aware metrics. I will conclude by situating these ideas within the recent paradigm 
shift toward large-scale multilingual TTS models and Speech LLMs, outlining 
research directions that help us both understand and design for the communicative 
power of the human voice. 

Keywords: Speech Synthesis · Speech Technology · Human Voice

https://orcid.org/0000-0003-1175-840X


Towards Responsible Multimodal Modeling for Mental 
Healthcare 

Heysem Kaya1 and Gizem Sogancioglu2 

1 Department of Information and Computing Sciences, Utrecht University, Princetonplein 5, 
3584 CC Utrecht, the Netherlands 

h.kaya@uu.nl 
2 Department of Psychiatry, University Medical Center Utrecht, Heidelberglaan 100, 3584 CX 

Utrecht, the Netherlands 
g.sogancioglu@umcutrecht.nl 

https://www.uu.nl/staff/HKaya 

Abstract. Mood disorders, especially major depression and bipolar mania, are 
among the leading causes of disability worldwide. In clinical practice, the diagno-
sis of mood disorders is done by the medical experts via multiple observations and 
by means of questionnaires. This system is however subjective, costly, and cannot 
meet diagnostic needs given the increasing demand, risking a large population 
of patients with insufficient care. Increasingly in the last decade, many Artifi-
cial Intelligence (AI) and particularly Machine Learning (ML) based solutions 
were proposed to respond to the urgent need for objective, efficient, and effective 
mental healthcare decision support systems to assist and reduce the load of the 
medical experts. However, many of these methods lack properties for being “re-
sponsible AI”, namely, interpretability/explainability, algorithmic fairness, and 
privacy considerations (in both their design and final outputs), thus rendering 
them useless in real life, especially in the light of recent legal developments. This 
paper aims to provide an overview on the motivations, recent efforts, and potential 
future directions for responsible multimodal modeling in mental healthcare. 

Keywords: Fair machine learning · Explainable AI · Mental health

https://orcid.org/0000-0001-7947-5508
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Abstract. In this study, we investigate the benefits of domain-specific 
self-supervised pre-training for both offline and streaming ASR in Air 
Traffic Control (ATC) environments. We train BEST-RQ models on 
4.5k hours of unlabeled ATC data, then fine-tune on a smaller super-
vised ATC set. To enable real-time processing, we propose using chunked 
attention and dynamic convolutions, ensuring low-latency inference. We 
compare these in-domain SSL models against state-of-the-art, general-
purpose speech encoders such as w2v-BERT 2.0 and HuBERT. Results 
show that domain-adapted pre-training substantially improves perfor-
mance on standard ATC benchmarks, significantly reducing word error 
rates when compared to models trained on b road speech corpora. Fur-
thermore, the proposed streaming approach further improves word error
rate under tighter latency constraints, making it particularly suitable for
safety-critical aviation applications. These findings highlight that special-
izing SSL representations for ATC data is a practical path toward more
accurate and efficient ASR systems in real-world operational settings.

Keywords: Speech recognition · Self-supervised learning · Streaming ·
Air traffic control

1 First Intro duction

Automatic speech recognition (ASR) has become an essential technology in var-
ious fields, including aviation, where precise and r eal-time transcription of spo-
ken communication could become crucial [9]. Air Traffic Control (ATC) com-
munications represent a particularly challenging domain for ASR due to their 
constrained but highly specialized vocabulary, strict grammar structures, and 
wide range of speaker accents. These factors, combined with the presence of 
background noise, make ATC a specific and demanding application for speech
recognition systems, especially when real-time processing is targeted. While SSL-
pre-trained models such as wav2vec 2.0 [2] and HuBERT [11] have d emonstrated
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
A. Karpov and G. Gosztolya (Eds.): SPECOM 2025, LNAI 16188, pp. 3–12, 2026. 
https://doi.org/10.1007/978-3-032-07959-6_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-07959-6_1&domain=pdf
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strong performance across various ASR benchmarks, their adaptation to highly 
specialized domains like ATC presents unique challenges that require further
investigation [20]. A key consideration for existing SSL models is that they are 
often pre-trained on diverse but predominantly general-purpose speech data, 
which may not fully align with the linguistic and acoustic characteristics of spe-
cialized domains like ATC.

In this work, we explore the impact of in-domain SSL pre-training for offline 
and streaming ASR dedicated to ATC communications. To evaluate our app-
roach, we conduct experiments on both proprietary and publicly available ATC 
datasets. This paper is organized as follows: first, we discuss related work and 
the characteristics of ATC communications and datasets. Next, we describe the
pre-training process of our SSL models and compare their performance for offline
ASR. We then introduce a method for pre-training a model for streaming ASR
and present experimental results.

2 Related Wo rk

The application of self-supervised learning (SSL) models to ATC speech process-
ing has gained significant attention in recent years. In [20], the authors inves-
tigated the suitability of pre-trained SSL wav2vec 2.0 models, for transcribing 
ATC speech and detecting key information, demonstrating that these models can 
benefit from domain adaptation techniques to improve recognition performance 
in this specialized setting. In addition to improving accuracy, recent research
has also focused on optimizing SSL models for real-time streaming applica-
tions [12], which is crucial for ATC scenarios where latency should be minimized 
for grounded scenarios. Another key d evelopment in SSL-based streaming ASR is
the BEST-RQ model [5], which introduces quantization techniques for improved 
representation learning. Originally designed to enhance efficiently self-supervised 
learning with discrete latent representations, BEST-RQ has also been explored
for its potential in streaming speech recognition [5]. 

3 ATC Datasets Used in This Study

The Airbus-ATC corpus is the dataset released for the Airbus A TC Speech
Recognition 2018 Challenge [14]. A software-defined radio receiver connected to 
an aeronautical antenna and set to capture local airport ATC comm unications
has been used to record the audio at 16 kHz [7]. Since the collected audios orig-
inate from French airports, the French accent is predominant. The Airbus-ATC 
corpus contains approximately 50 h of recorded communications gathered from 
multiple French airports, split in to 3 datasets: about 40 h for supervised training,
5 h for validation, and 5 h for evaluation.

The ATCO2 corpus [8] contains also real-world ATC voice recordings. It 
brings together thousands of unlabelled hours of communications between air-
traffic controllers and pilots, drawn from publicly available sources such as
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LiveATC, and a small part (1 h for the free version, 4 h for the purchased ver-
sion) of manually transcribed speech recording. These recordings vary widely in 
audio quality, airport environments, and speaker accents, capturing the realities 
of high-stakes aviation dialogue. While the Airbus-ATC corpus is mainly French
accented, the ATCO2 corpus contains several accents, mainly Czech, Swiss Ger-
man, and also Swiss French and Australian English.

In the context of ATC, messages can be categorized into three main types. 
First, communications from the air traffic controller serve as authoritative 
instructions or clearances directed to pilots. Second, pilot transmissions func-
tion as responses or requests for clarification, position reports, or emergency 
declarations, facilitating coordination with air traffic controllers and ensuring 
adherence to given instructions. These two kinds of messages, from control agents 
and pilots, are present in both the Airbus-ATC and ATCO2 corpora. Finally, the 
Automatic Terminal Information Service (ATIS) provides continuous updates on 
meteorological conditions, runway availability, and op erational notices relevant
to a specific airport. ATIS is characterised by utterances of about 30 s in aver-
age, longer than regular exchanges between pilot and the ATC, which have an
average duration of 4.5 s. ATIS messages are present in Airbus-ATC, but not in
the ATCO2 corpus.

In our study, we used around 4,500 h of ATCO2 unlabelled audio record-
ings in English for SSL pre-training, the official distribution of the Airbus-ATC 
2018 challenge for ASR supervised fine-tuning (40 h) and evaluation, the freely
available ATCO2-test-1h1 and the licensed ATCO2-test-4h for evaluation only.

4 In-Domain and Out-Domain SSL Models

4.1 Self-supervised Learning of i n-Domain Models

To pre-train in-domain models via self-supervision, we selected the BEST-RQ 
framework. This decision was influenced by its ope n-source availability within the
Speechbrain project [16] and its efficiency—2.5 times faster than wav2vec 2.0 [18]. 
In addition, it demonstrates performance comparable to the widely u sed wav2vec
2.0 approach [5, 18]. BEST-RQ is a self-supervised learning approach that uses 
a random-projection quantizer to turn speech signals into discrete labels, then 
trains a speech encoder to predict those labels for masked parts of the input. 
Because the quantizer is fixed and untrained, it places few er constraints on the
encoder architecture—allowing both streaming and non-streaming models—and
avoids the added complexity of jointly learning a representation [5]. 

For pre-training, we rely on the S peechBrain recipe2 applied to 4,500 h of 
unlabelled ATCO2 English audio. We trained a Large model of 300M parame-
ters with 848 dimensions for hidden representations and 24 encoder layers. This
model is pre-trained for 300K iterations by employing sixteen H100 GPUs. We

1 https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h. 
2 https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/ 

self-supervised-learning/BEST-RQ. 

https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://huggingface.co/datasets/Jzuluaga/atco2_corpus_1h
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
https://github.com/speechbrain/speechbrain/tree/develop/recipes/LibriSpeech/self-supervised-learning/BEST-RQ
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select the batch size to optimize GPU memory usage, resulting in 2 h of audio 
per batch. Training this Large BEST-RQ model for 300K iterations requires 
approximately two days. The masking strategy uses segmen ts of four frames
with a probability of 0.15, meaning that 15% of segments are masked (i.e. 60%
of speech).

This model is called BRQ-ATCO2 Large.

4.2 Out-Domain Existing SSL Models

In order to compare our in-domain SSL models to existing out-domain models 
on the ASR task applied t o ATC data, we made some experiments (described in
Sect. 5) by using several of the most popular ones: w av2vec2.0 models (XLSR-
128 [1] and LS960 [2]), MMS-1B [15], wavLM [4], HuBERT [11], and w2v-
BERT 2.0 [3, 6]. In this paper, we focus on the two speech encoders that delivered 
the best results on our preliminary experiments as the other models had a sig-
nificantly higher w ord error rate (WER). The two models we kept for this paper
are HuBERT [11] and w2v-BERT 2.0 [3, 6]. The HuBERT Large model used in 
this study has been pre-trained on 60,000 h of unlabelled English speech from 
the Libri-Light dataset while w2v-BERT 2.0 has been pre-trained on 4.5 million
hours of speech in 143 languages from diverse public datasets.

Table 1. ASR results of the two best out-domain speech encoders compared to our 
in-domain speech encoder on the Airbus-ATC dev a nd test corpora, and on the two
ATCO2 test corpora.

SSL model Pre-train #Par. LM A-dev A-test AT2-1h AT2-4h 
w2v-BERT 2.0 4.5M 600M 4-gram 6.74 6.21 23.12 29.30 
HuBERT 60k 300M 4-gram 7.70 7.25 33.33 39.26 
BRQ-ATCO2Large 4.5k 300M 4-gram 7.90 7.40 19.70 28.70 
w2v-BERT 2.0 4.5M 600M – 7.36 7.01 25.98 31.74 
HuBERT 60k 300M – 8.93 8.50 37.55 43.39 
BRQ-ATCO2Large 4.5k 300M – 10.67 10.01 24.27 30.73 

5 Offline ASR on the A TC Data

To compare the in-domain BRQ-ATCO2Large model described in Sect. 4.1 with 
popular out-domain SSL models, we fine-tune these models for ASR applied 
to ATC data. As mentioned in Sect. 3, we use the 40 h of the labelled Airbus-
ATC training data for these fine-tunings, in addition to the 5 h for development
purposes.
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5.1 Offline ASR Fine-T uning Setup

For the fine-tuning phase, we adopt as a downstream probe a straightforward 
architecture consisting of a 3-layers DNN followed by a linear layer and a softmax 
activation function. The training is performed using the Connectionist T emporal
Classification (CTC) loss. The probe’s hidden layers have a dimension of 1024,
with a dropout rate of 0.15.

We use different learning rates and optimizers for the pre-trained encoder 
and the probe. We fine-tune the BEST-RQ encoder using a learning rate of 10−4 

while the probe is trained with a higher learning rate of 8 × 10−4. w2v-BERT 
is fine-tuned using a learning rate of 1 × 10−5 with a probe learning rate of 1.5. 
HuBERT is fine-tuned using a learning rate of 1×10−4with a probe learning rate 
of 1.0. The batch size is adjusted according to the encoder size to fit within an 
A100 80GB GPU, resulting in approximately 450 s of audio per batch for Large 
BEST-RQ and HuBERT models and 40 s for w2v-BERT. We fine-tune the entire
model for 30 epochs with BEST-RQ and 80 epochs with HuBERT and w2v-
BERT on Airbus-ATC training set, selecting the best checkpoint based on the
WER obtained on Airbus-ATC development set. A 4-gram language model (LM)
was trained on the Airbus-ATC training data, ATCOSIM [10] and UWB_A TCC
[17] datasets. We report on results with and without this 4-gram LM. When the 
LM is used we use beam search decoding with a beam size of 1000. When no
LM is applied, the model defaults to greedy decoding.

5.2 Experimental Results 

Table 1 presents the word error rate (WER) obtained on the Airbus-ATC and 
ATCO2 test sets by using the two existing out-domain SSL models we selected in 
regards with their performance and our in-domain SSL model, with and without 
language model integration. w2v-BERT 2.0, with 600M parameters and signif-
icant pre-training on 4.5 millions hours of multilingual speech, demonstrates 
superior performance on Airbus datasets. It achieves a WER of 6.21%  on  the  
Airbus-ATC test set and 23.12% on the ATCO2-1h subset when using a 4-gram 
language model. The HuBERT model, with its smaller architecture of 300M 
parameters pre-trained on 60k hours of English speech, shows competitive but 
slightly inferior performance, achieving 7.25%  and  33.33% WER on the same 
subsets respectively. Interestingly, BRQ-ATCO2Large, despite its architecture of 
300M parameters and limited pre-training on 4.5k hours of ATCO2 unlabelled 
data, achieves the best performance on the ATCO2-1h and ATCO2-4h subsets 
with 19.7 % and 8.7% WER, significantly outperforming both w2v-BERT 2.0
and HuBERT. While both Airbus-ATC and ATCO2 datasets contain air traf-
fic control communications, they present distinct acoustic characteristics. The
ATCO2 corpus was collected through a network of very-high frequency (VHF)
radio receivers operated by volunteers, resulting in specific acoustic conditions
influenced by factors such as equipment quality (various antenna types and SDR
receivers), signal reception, and environmental variables. Additionally,as men-
tioned in Sect. 3, Airbus-ATC and ATCO2 do not contain the same accents.
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BRQ-ATCO2Large, being pre-trained specifically on this type of data, demon-
strates particularly strong performance on the ATCO2 corpus, highlighting t he
importance of domain-specific pre-training for handling specialized acoustic con-
ditions.

We observe that the integration of a language model consistently improves 
performances across all models. This improvement is even more pronounced 
for BRQ-ATCO2Large, particularly on the ATCO2-1h corpus, where the WER 
decreases by 4.57 points (from 24.27%  to  19.70%). These results suggest that 
while extensive pre-training can be beneficial for robustness, as demonstrated by
w2v-BERT 2.0 performance on Airbus data, our in-domain pre-training approach
with BEST-RQ is effective for specific ATC contexts, despite using significantly
fewer hours.

6 Streaming ASR for A TC

6.1 Streaming Self-supervised L earning

To implement a streamable version of BEST-RQ, we replace classical attention 
mechanisms in the Conformer blocks by chunked attention [19]. This approach 
divides the input sequence into chunks that group a given amount of frames. 
Within each chunk, frames can attend to all other frames in the same chunk. 
Additionally, chunks c an attend to a limited number of previous chunks. We also
integrate Dynamic Chunk Convolutions (DCConv) [13] instead of conventional 
convolution layers in the Conformer blocks and reuse the same chunk boundaries 
we used for chunked attention. Unlike conventional convolutions, which create a 
mismatch between training and inference due to access to future context beyond
chunk boundaries, DCConv restricts the convolution operation to within-chunk
frames.

With the purpose of developing a model that can flexibly adapt to differ-
ent streaming requirements at inference time, we implement a mixed training 
strategy: 40% of batches are trained with full context, without any chunking 
constraints, and 60% of batches use dynamic chunking. Chunk size is randomly 
sampled between 8 and 32 frames, and 75% of chunks have restricted left context 
(2–32 chunks), while 25% maintain full left context. This mixed training app-
roach results in a model that can operate across different latency requirements
at inference time, from low-latency streaming to full-context processing.

We train two BEST-RQ models with our streaming approach: a Large version 
with the same size as the one trained in classical offline mode, called Stream-
ATCO2Large,  and  a  Base one with 92M parameters, called Stream-ATCO2Base. 
To move from Large to Base, we decrease the dimension of hidden representa-
tions from 848 to 576 and reduce the number of encoder layers from 24 to 12. 
Both models are pre-trained with 300k iterations. The Base model is trained on
four H100 GPUs with 1.6 h of audio per batch while the Large keeps the same
settings as for its offline version.
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6.2 Streaming ASR Fine-T uning Setup

For the fine-tuning phase in streaming mode, we reuse the probe architecture
described in Sect. 5. We modify the supervised learning strategy by applying 
dynamic chunking to 100% of the batc hes, rather than the mixed approach used
during the SSL pre-training.

Fig. 1. Performances of BEST-RQ encoders fine-tuned on the streaming ASR task. 
(top) Results on the Airbus-ATC test data. (bottom) Results on the ATC02-1h test
data. Different left contexts and (right) chunk sizes are investigated.

6.3 Experimental Results on Streaming ASR

The streaming capabilities of our BEST-RQ streaming models on both Airbus-
ATC and ATCO2 test sets are shown in Fig. 1. We compare three variants of SSL 
models: Stream-ATCO2Large, BRQ-ATCO2Large (pre-trained without stream-
ing strategy), and Stream-ATCO2Base models. Figure 1 presents the WER 
results across different left context sizes and chunk sizes, which correspond to 
controlled model’s latency. No language model was integrated. On the Airbus-
ATC test set, Stream-ATCO2Large achieves the best performance across all con-
figurations, ranging from 10.6%  to  20.55% depending on streaming settings. 
With full left context, it reaches a WER of 10.6% at a 1280ms latency, showing 
minimal degradation compared to the offline model (10.6%). With aggressive 
streaming constraints (left chunk = 1), which has not been seen during training, 
the model achieves 20.55% WER at 320ms of latency, demonstrating the robust-
ness of the model in low-latency scenarios. The impact of streaming adaptation is
evident on the ATCO2 dataset, where the streaming fine-tuning shows substan-
tial improvements. The Stream-ATCO2Large model outperforms its offline coun-
terpart by a fair margin, achieving 25.07% WER versus 27.6% WER at 1280ms
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of latency with full left context. The performance gap between the two mod-
els is even bigger at lower latencies. For both datasets, larger left context sizes 
improve performance, but improvements become minimal beyond 16 chunks. 
Finally, the Stream-ATCO2Base model shows competitive performance, partic-
ularly on the ATCO2 dataset when compared to the offline BRQ-ATCO2Large 

model fine-tuned for streaming ASR. These result highlight the viability of the
Base architecture for applications where computational resources are limited,
and show that our streaming SSL and fine-tuning strategies effectively adapt
the BEST-RQ models for real-time ASR applications for ATC data, particularly
for strict latency constraints.

6.4 SSL Streaming Models Applied to Offline ASR

We also tested the performance of our models pre-trained through our streaming 
SSL approach but used for ASR in offline mode, without latency c onstraints.
In this case, we fine-tuned the models following the offline mode described in
Sect. 5.1. 

Despite restricting the context in pre-training, we can observe that the Large 
model pre-trained in streaming mode outperforms in WER the offline BRQ-
ATCO2Large model p re-trained in a conventional way in all the test datasets
(Table 2), even outperforming the HuBERT model (see Table 1). 

Table 2. WER of the different BEST-RQ models and the Airbus-ATC and ATCO2 
test datasets for offline ASR with the a 4-gram language model. Pre-training in a 
streaming fashion by restricting context, proved to be helpful even in an offline (non-
streaming) ASR setting.

SSL model Airbus ATC02-1h ATC02-4h 
BRQ-ATCO2Large 7.40 19.70 28.70 
Stream-ATCO2Large 7.18 19.30 26.59 
Stream-ATCO2Base 8.09 24.58 29.47 

To further analyze the performance of the streaming SSL model on the offline 
ASR task, we computed the WER based on the type of messages (see Sect. 3). 
Tabl e 3 presents the WER for controller, pilot, and ATIS messages in the Airbus-
ATC test corpus. An improvement is observed for each type of message, with 
the smallest occurring in ATIS messages (–1.37% relative) and the largest in the 
noisiest category, pilot messages (–3.46% relative). These results suggest that
the mixed SSL training approach using both full context samples and dynamic
chunking is particularly useful to process noisy recordings.
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Table 3. WER according to speaker role (C:controller, P:pilot, A:ATIS) on the Airbus-
ATC t est corpus for offline ASR with a 4-gram language model.

SSL model C P A 
BRQ-ATCO2Large 4.84 10.41 5.84 
Stream-ATCO2Large 4.73 10.05 5.76 

7 Discussion 

In this work, we investigated how in-domain SSL pre-training impacts both 
offline and streaming ASR for Air Traffic Control (ATC) communications. We 
found that while large-scale, general-purpose models (e.g., w2v-BERT 2.0 with 
4.5M hours) excel at broad tasks, our BEST-RQ model—which uses only 4.5k 
hours of domain-specific data—outperforms them on the ATCO2 corpus. This 
shows that targeted in-domain pre-training can be more effective than large-
scale general-purpose training for the unique acoustic conditions of VHF radio 
communications. We also demonstrated that our streaming strategy—combining 
chunked attention, dynamic convolutions, and a mixed training approach using 
both full context samples and dynamic chunking—is highly effective for real-
time ATC speech recognition. Notably, this approach also proves beneficial for 
offline ASR. Our BEST-RQ Large model pre-trained in streaming mode retains 
strong performance across different latency settings, with only minimal degra-
dation compared to its offline counterpart. Even under strict latency limits, the 
model remains practical. This model also ac hieves better offline ASR perfor-
mance than its counterpart pretrained using a conventional offline approach.
Overall, these results highlight the value of specialized SSL pre-training com-
bined with a streaming approach for focused speech recognition tasks. Future
work could involve integrating these models into operational ATC systems and
examining their robustness to the diverse accents and noise conditions common
in ATC communications.
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Abstract. Automatic Speech Recognition (ASR) systems are becoming more 
commonplace in real-world applications. Despite this increase in usage, their 
robustness in noisy environments remains problematic for correct word identi-
fication. This study offers an automated program to test ASR systems along-
side different background noise. It tests several ASR systems (Whisper-Small, 
Whisper-Medium, Whisper-Large-V3-Turbo, Parakeet 0.6b, Canary 1b, and 
Commonvoice-Wav2Vec-EN) across five total noise conditions (white noise, 
speech shaped noise, and three industrial noises) at varying levels of loudness 
(64–79 dB). Results indicate that ASR systems have significantly reduced word 
recognition across all noise levels with industrial machine noise poising a greater 
challenge than other types of noise at moderate intensities. Additionally, opting 
to avoid enhancements to ASR improved performance overall, particularly for 
female speech. 

Keywords: Automatic Speech Recognition · Industrial Noise · Acoustic Signal 
Processing 

1 Introduction 

As technology continues to become increasingly integrated into everyday life so does 
its role in facilitating efficient and intuitive human-machine interaction (HMI). One 
advantageous area for development is voice-based interactions, where Automatic Speech 
Recognition (ASR) systems are positioned as relevant and important tools for facilitating 
seamless communication between users and machines [1]. ASR technologies have the 
potential to improve accessibility, streamline processes, and enhance automation across 
a wide range of applications including those found within industrial environments [2–5]. 

In manufacturing and other industrial settings, voice-controlled interfaces could dras-
tically improve the operation efficiency of a company. By allowing workers to rely on 
spoken inputs rather than manual ones (i.e. typing commands or pressing buttons), 
employees could interact with machine while remaining mobile. This would mean no 
longer having the constraints of being confined to fixed stations or being required to 
engage in physical maneuvering of controls such as pressing a button to initiate or
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Fig. 1. Image generated by OpenAI’s ChatGPT with DALL E, April 2025. 

stop a machine. Figure 1 illustrates to current physical constraints of manually operate 
machines in factory settings. 

Despite their promise, the applications of ASR system in industrial environments 
do face two major challenges. For one, there is a notable absence of real-world imple-
mentation or of the systematic evaluation of ASR technologies in more acoustically 
complex, temporally variable, and high-noise level, industrial environments like factory 
halls. There is also the problem that existing ASR models are typically trained on clean 
or lightly noisy speech data, therefore lacking the robustness for the unique proper-
ties of industrial noises like those of machinery. Notably, there also appears to be no 
publicly available audio corpus representing authentic industrial sounds for training or 
benchmarking ASR performance. 

The present study is a part of the larger Arrowhead Tools initiative, a European project 
aimed as advancing automated, digitized engineering tools for industry [6]1 .  The  EU-
funded Arrowhead project develops a service-oriented platform to enable interoperability 
and plug-and-play integration in industrial automation. It aims to standardize interfaces 
for improved efficiency, flexibility, and cost-effectiveness in smart manufacturing, energy 
systems, mobility, and other domains. One of our key contributions in this initiative the 
development of an acoustically robust command inventory which can reliably function 
in the presence of noisy industry environments. This includes identification of speech

1 https://fpvn.arrowhead.eu/fpvn-arrowhead/ 

https://fpvn.arrowhead.eu/fpvn-arrowhead/
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features which are most resistant to acoustic masking and understanding the differences 
in ASR structures’ responses to adverse noise conditions. 

Previous research has demonstrated that ASR performance degrades significantly 
when additional noise is present in the acoustic signal. Numerous studies have docu-
mented consistent reductions in recognition accuracy due to background sounds such 
as street traffic, white noise, and speech babble [7]. Speech-shaped noise, which closely 
mimics the spectral characteristics of human speech, has been shown to substantially 
impair word recognition [8]. Many other studies have systematically examined how 
types of background noise affect word recognition accuracy [9–13]. 

However, while this body of work provides a valuable foundation, it can create the 
misleading impression that the challenges of ASR in noisy environments have already 
been exhaustively studied and solved. This is far from the case. Existing research has 
largely focused on noise types typical of public or conversational settings, leaving one 
critically important category almost completely unexamined: industrial machine noise. 
Our own previous work [14, 15] has demonstrated that machine noise introduces entirely 
different acoustic challenges for ASR systems, resulting in distinct patterns of recogni-
tion errors and degraded performance that cannot be predicted from results with other 
noise types. Therefore, assuming that an ASR system, which performs effectively under 
street or speech-babble noise, will generalize equally well to industrial noise is not only 
unjustified but potentially counterproductive for deployment in automation contexts. 
Addressing this gap—by systematically investigating ASR performance under complex, 
variable, and largely unexplored machine-noise conditions—is the central motivation of 
our line of research and the present study. Although we acknowledge ASR architectures, 
including the larger models like Whisper-Large-V3 and Parakeet, are computationally 
expensive and other more lightweight/task specific models may be more appropriate 
for our current experimental paradigm, we are interested in addressing the gap. Our 
present study offers the opportunity to investigate the potential benefits or pitfalls of 
ASR systems within industry noise including important aspects like acoustic thresholds. 

In our prior research [14, 15] we evaluated two widely available commercial ASR 
systems, Apple Dictation and Google Translate, under several types of environmen-
tal noise. The present study builds on that work by accessing multiple open-source 
ASR models (Whisper-Small, Whisper-Medium, Whisper-Large-V3-Turbo, Parakeet 
0.6b, Canary 1b, and Commonvoice-Wav2Vec-EN) under five different types of back-
ground noise including white noise, speech shaped noise, and three varieties of industrial 
machine noise. Each condition was tested across a range of sound pressure levels (67 dB 
to 79 dB) to simulate realistic levels found on factory floor environments. 

We used a previously developed list of nonwords as the basis of our novel command 
inventory designed to be robust in acoustic noise using various linguistic premises and 
information from some of the previous literature on ASR and noise. Nonwords are 
words which could exist, as in they follow the sound and syllable structures of a given 
language, but do not actually exist in language. However, ASR systems require valid 
lexical inputs, i.e., real words. We selected 17 nonwords from our command inventory 
list which is a part of the broader research for the Arrowhead Project and selected 
real English words which were phonologically and phonetically like these nonwords. 
These words share consonant-vowel (CV) structure as well as similar acoustic-phonetic
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properties. For example, the nonword sisawp would match with the English real word 
sea salt or seesaw. The current data thus not only illuminates the noise susceptibility of 
ASR systems but provides early insight into the which phonemics structures are most 
robust in adverse acoustic conditions. This information is imperative for improving and 
designing effective and noise resistant voice command inventories. 

Our overarching objective is to understand how speech production and perception 
are affected by environments with excess noise and how to apply that knowledge to 
the design of efficient, user-friendly HMI systems for industrial settings. As automation 
continues to increase across European manufacturing sectors, particularly in high-cost 
domains like automotive production, the need for integration between human operators 
and automated systems becomes increasingly more important. Usage of effective voice-
controlled interfaces can assist in lower production costs while also maintaining worker 
wellbeing, safety, and operational control. 

However, achieving these goals requires overcoming some fundamental challenges 
which still exist in the design of speech-based interfaces. ASR systems need to func-
tion more reliably in acoustically diverse and multilingual environments, while support 
workers for both cognitive and environmental stresses. Our ongoing research in this field, 
including the current and future studies, is aimed at creating adaptive interaction strate-
gies which reduced ASR error rates, minimize user frustration, and generally improve 
the overall workflow efficiency in noisy contexts. 

In summary, this study is investigating how a variation of ASR system performs in 
acoustically adverse industrial environments with a focus on the intelligibility of stimuli 
under varying noise types and acoustic intensity. Through this, we are aiming to lay 
the groundwork for our future noise robust, phonetically informed command system 
designed to be intuitive, efficient, and accessible to many language backgrounds for 
HMI in noisy industrial environments like factory floors. 

2 Data and Methodology 

This section is divided into a description of our data collection and simulation methods, 
followed by a breakdown and discussion of our experimental setup establishing the 
methods used for the generation of our results. 

2.1 Data Collection and Simulation 

This study is interested in the performance and accuracy of ASR systems in environments 
with noise at varying intensities with a focus on industrial noise. While data collection 
is ongoing with the collection of speech samples through microphone towers in real 
industrial environments, we are interested in the potential to simulate this data for the 
purposes of preliminary study, and to determine the viability of these methods in the 
future compared to real industrial environments. 

Two speakers (1 male, 1 female) were recorded in a sound treated booth using a 
ZOOM H6 with SSH 6 microphone producing 17 isolated speech segments (the target 
words). We aimed to investigate if any effects on word recognition exist due to gender 
differences. Previous research on gender within ASR systems found the average error
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Fig. 2. Waveforms and spectrograms of the three industrial noises uses in the ASR experiment. 
From left to right, the noises were a grinding machine (Planomat HP Blohm; ZOOM 0272), a 
cutting and polishing machine (MAM72-70V; ZOOM0265), and a milling and griding machine 
(Röders TEC RXP500 076DSH; ZOOM0260). 

rates for word recognition is significantly lower for female speakers than males [9, 10]. 
We are aiming to find if this result persists amongst other settings, like those in industrial 
environments. Since a large percentage of industrial environments employ male workers, 
understanding this potential implication of decreased work recognition accuracy with 
the incorporation of ASR systems could create problematic and costly outcomes. 

The 17 speech segments 12 items within this inventory are singular tokens, 4 are 
compound nouns, and one item is a noun phrase with an indefinite determiner (e.g. 
a bowl). Each speaker produced each token resulting in a total of 34 files. Industrial 
noise recordings were collected in industrial environments and collected separately from 
speech recordings. Thus, resulting in five types of noise, speech noise, white noise, and 
three types of mechanical noise, the latter of which are shown in Fig. 2. We can clearly 
see in the figure that the noise of the cutting machine (middle) is not only the most 
intense, but also spectrally the most irregular and variable. In the frequency range up to 
1 kHz, there is a high energy concentration of energy. Additionally, above this 1 kHz, 
the spectral slope (i.e. the successive loss of acoustic energy) is relatively shallow. For 
the grinder (left), too, most of the energy is concentrated in the frequency range up to 
1 kHz. Unlike the cutting machine, the spectral energy drops relatively steeply after 
that, reaching a relatively low energy level already at about 3 kHz. The overall energy 
level of the milling machine (right) is like that of the grinder, but spectrally differently 
distributed. There is a clear spectral “gap” in energy between 500 Hz and 3 kHz, i.e., in 
a frequency range especially sensitive for speech production and perception. 

We developed a Python program to automatically collect simulated data using our 
real-world recording set up which is available alongside the publication of this paper.
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We used Wireshark with USBPcap to inspect the USB packets of our dB meter to 
replicate the USB exchange protocols within Python to allow the meter readings to be 
used within Python natively agnostic of operating system. Utilizing sounddevice and 
ffmpeg we built a lightweight program to calibrate each of our noise files to reach target 
mean A-weighted2 dB (i.e. dBA [16]) values (67, 70, 73, 76, 79). Once calibrated the 
necessary coefficients to target each dBA level were preserved and used to control the 
system volume of each signal output. 

Once the calibration results were calculated, we used speaker array consisting of 
two speakers to produce the noise samples at each target dBA from both left and right 
sides and a central, singular speaker array to produce speech at our target dBA of 70. 
Note that calibration parameters can be adjusted for future experimenters to replicate 
our results as well as conduct their own simulations using these methods. Producing 
these combinations of noise and speech samples resulted in 850 total simulated samples 
plus 34 samples produced without noise as a control. Each speech signal was produced 
to reach a mean dBA of 70. Speech samples were configured to play 1 s after initiating 
the noise signal and the noise sample was set to conclude after 3 s. Our final corpus 
is therefore technically time aligned and unifiable within our result to our initial phone 
level Praat [17] annotations, though it should be noted time alignment is seldom perfect 
in the context of automated playback and recording technologies without leveraging 
additional technologies. There are limitations to this approach in terms of the way this 
data is simulated which are appropriately explored within Sect. 5.1. 

2.2 Experimental Setup 

For our experiments 6 automatic speech recognition (ASR) and 1 automatic phone 
recognition (APR) systems were used for evaluation. An APR system was chosen to 
explore the accuracy of phone level transcription in noisy conditions, though it should 
be noted that APR technologies are often less accurate than their ASR counterparts due 
in part due to the increased resolution involved in phone level token classification. For 
ASR we used Whisper-Small, Whisper-Medium, Whisper-Large-V3-Turbo, Parakeet 
0.6b, Canary 1b, and Commonvoice-Wav2Vec-EN. The quantised version of Whisper-
Large was chosen as the accuracy was not found to be significantly different between 
the two models within a subsample of our data with the model consuming significantly 
less compute for inference. 

In addition, two additional configurations of each of our 850 simulated noisy samples 
were generated using the metricgan-plus-voicebank and mtl-mimic-voicebank signal 
enhancement models to explore the viability of improving the clarity of noisy signals 
for ASR/APR input. For all compute an M2 Max Apple Silicon processor was used, 
whilst CUDA devices are often appropriately preferred for utilising such models on 
large scale datasets, for this scale of data and nature of the 3 s noisy simulated samples, 
we found this process to be appropriately powerful and advantageous for its use of

2 For the assessment of medium-loud machine noises (60–80 dB), we chose the A-weighting 
as it robustly approximates the average human ear’s sensitivity at these moderate sound levels 
and, equally importantly, this choice is consistent with established standards for environmental 
and occupational noise assessments. 
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unified memory. Our results that we will now begin to discuss, involve the evaluation of 
the accuracy of our 7 speech technology models spanning our entire simulated corpus 
resulting in 18088 individual transcript results. 

3 Results 

A repeated-measures multivariate analysis of variance (RM-MANOVA) was conducted 
to investigate the effects of four independent variables on ASR target-word identification 
rates: Type of ASR (6 levels), Noise Type (5 levels), ASR Enhancement (3 levels), and 
Speaker Gender (2 levels). The dependent variable was the number of correctly identified 
target words, analyzed across five noise levels (67 dB to 79 dB in 3 dB increments). 

3.1 General Performance 

Overall, ASR target-word identification rates were relatively low across all noise levels, 
even at the lowest level of 67 db3 . Compared to commercial systems from Google and 
Apple previously evaluated [14, 15], the open-access systems tested here performed 
more poorly in general. 

3.2 Effect of ASR Type 

There were weak but generally consistent differences in target-word identification per-
formance across the six ASR types. A statistically significant main effect of ASR Type 
emerged only at the 67 dB noise level (F[5,2880] = 2.77, p = .018), with effects at 
70 dB and 79 dB approaching significance (F[5,2880] = 2.14, p = .058; F[5,2880] = 
2.10, p = .062). The pattern underlying the main effect was consistent across levels: 
the ASR types wav2vec2 and the whisper variants medium and small performed worst, 
while canary, parakeet, and whisper variant large yielded better results. Across all noise 
levels, parakeet achieved the highest a verage identification rate.

No consistent three-way or four-way interactions involving ASR Type were found. 
The only notable interaction was between ASR Type and Enhancement, where not apply-
ing enhancement (the NA condition) significantly improved target-word identification 
rates at 67 dB (F[10,2880] = 2.12, p = .020) and at 70 dB (F[5,2880] = 2.03, p = 
.027)—but only for the better-performing ASR types (canary, parakeet, and Whisper 
large). For wav2vec2 and whisper variant small, there was no significant benefit from 
disabling enhancement, see Fig. 3.

3 Clean speech (i.e., 0 dB background noise) was not included, as the present study focuses 
exclusively on ASR behaviour in realistic noise conditions, where clean baselines are not 
relevant to the intended application context. 
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Fig. 3. Illustration of the ASR Type × Enhancement interaction effects on target-word identifi-
cation rate in %. N = 510 per d ata point.

3.3 Effect of Noise Type 

Noise Type produced the strongest main effects across all five noise levels, explaining 
the most variance in the model. Up to 76 dB, target-word identification rates under 
speech babble noise were significantly higher—often by factors of two to four—than 
under any machine-noise type, highlighting the particular challenge industrial machine 
noises pose for ASR (67 dB: F[4,2880] = 48.05, p < .001; 70 dB: F[4,2880] = 38.45, 
p < .001; 73 dB: F[4,2880] = 12.64, p < .001; 76 dB. F[4,2880] = 6.13, p < .001; 
79 dB: F[4,2880] = 6.19, p < .001). Even at 67 dB, identification rates under speech 
babble substantially exceeded those under all industrial noise types. Only the milling 
noise (ZOOM260) allowed for a few (but significantly, p < 0.05) more target words to 
be identified by the ASR systems than for the other machine-noise types, see. Figure 4 
(top panel). 

Interestingly, at the highest noise level (79 dB), this pattern reversed. All ASR sys-
tems performed worst under speech babble, while identification rates under ZOOM0260 
(milling), ZOOM0265 (cutting), and ZOOM0272 (grinding) machine noises, though 
low, remained stable and significantly higher than for speech babble, see Fig. 4 (bottom 
panel). 

This noise-level-dependent effect was further modulated by Enhancement. Disabling 
enhancement consistently increased identification rates under speech babble for levels 
below 79 dB, while at 79 dB (and likely above), disabling enhancement improved iden-
tification rates for all noise types except speech babble. All Noise Type × Enhancement 
interactions were significant (67 dB: F[8,2880] = 8.79, p < .001; 70 dB: F[8,2880] = 
36.38, p < .001; 73 dB: F[8,2880] = 11.28, p < .001; 76 dB. F[8,2880] = 6.13, p < 

.001; 79 dB: F[8,2880] = 5.14, p < .001).
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Fig. 4. Illustration of the main effect of Noise Type on target-word identification rate (in %) at 
the two extreme noise levels 67 dB (blue, top panel) and 79 dB (red, bottom panel). N = 510 per 
data point. (Color figure online)

3.4 Effect of ASR Enhancement 

Consistent with these patterns, ASR Enhancement produced significant main effects 
at all noise levels except 79 dB. Across conditions, disabling enhancement improved 
target-word identification rates in all cases (67 dB: F[2,2880] = 75.55, p < .001; 70 dB: 
F[2,2880] = 52.23, p < .001; 73 dB: F[2,2880] = 10.52, p < .001; 76 dB. F[2,2880] = 
6.13, p < .001).

The two enhancement types tested—metricgan-plus and mtl-mimic—performed 
similarly, with no statistically significant differences between them. However, both 
consistently reduced identification rates compared to the no-enhancement condition. 

Notably, the benefit of disabling enhancement was especially strong for female-
spoken target words. For males target words, enhancements status made only minor, 
often non-significant differences. In contrast, for female speech, enabling enhancement 
resulted in a substantial and consistent reduction in identification rates. Accordingly,
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Enhancement × Gender interactions were significant at almost all noise levels (67 dB: 
F[2,2880] = 17.24, p < .001; 70 dB: F[2,2880] = 10.06, p < .001; 76 dB. F[2,2880] = 
3.73, p < .001).

3.5 Effect of Speaker Gender 

Speaker Gender showed significant main effects for three of the five noise levels, with 
strong trends (p < 0.1) in the same direction for the other two. Overall, female target 
words were identified significantly more accurately (67 dB: F[1,2880] = 76.07, p < 

.001; 70 dB: F[1,2880] = 7.27, p = .007; 79 dB: F[1,2880] = 15.22, p < .001).
Beyond the Enhancement× Gender interaction described above, Gender also showed 

consistent interactions with Noise Type (67 dB: F[4,2880] = 3.88, p = .004; 70 dB: 
F[4,2880] = 2.55, p = .037; 73 dB: F[4,2880] = 7.09, p < .001; 76 dB: F[4,2880] 
= 2.72, p = .028; 79 dB: F[4,2880] = 7.74, p < .001). These indicated that higher 
identification rates for speech babble as well as for the milling noise ZOOM260 (see
Fig. 4) were primarily driven by the female speaker’s recordings, see Fig. 5. Similarly, 
improved recognition under industrial machine noise at 79 dB (see Fig. 4)  was  more  
pronounced for the female voice. This suggests that female speech may be generally 
more robust against masking by industrial background noise, or that its acoustic features 
facilitate better separation from noise for ASR systems.

No other consistent or significant two-way, three-way, or four-way interactions were 
observed. 

Fig. 5. Illustration of the Noise Type × Gender interaction effects on target-word identification 
rate in %. N = 510 per d ata point.

3.6 Word-Specific Effects 

Due to our focus on our core questions, we have not addressed word-specific effects 
in detail here. Briefly addressing them, we can say in addition to 3.2–3.5 above that
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Word was a significant factor in the experimental design (F[16,1530] = 11.58, p < 

.001). Across all dB levels and in the critical industrial noise contexts, the following 
five words in particular yielded significantly positive ASR identification performances: 
sidewalk, rudolph, look-out, jamming, and itchy. They are all disyllabic and characterized 
by long sonorous sections (including diphthongs), extensive formant transitions, and/or 
consonants with high-intensity frication e lements.

4 Discussion 

The current study investigated the effects of different ASR systems, different enhance-
ment strategies within these ASR systems, gender of the speaker, and the type of 
background noise on identification accuracy on target words, with a focus on indus-
trial noise. Our findings contribute evidence that ASR systems, although making large 
improvements, continue to encounter significant challenges with word recognition when 
in combination with noisy environments. This is particularly true of industrial noise. 

One of the largest effects is that of Noise Type which has the strongest effect on ASR 
performance for all tested conditions. Although the ASR systems handled the speech 
shaped noise comparatively well at lower dB levels (≤76 dB), their performances deteri-
orated drastically at the highest dB (79 dB). Conversely, industrial noise – especially the 
noise of ZOOM0254 (cutting and polishing machine; MAM72-70V) and ZOOM0272 
(grinding machine; Planomat HP Blohm) – produced lower rates of identification across 
most levels however did not have the same detrimental degradation at the 79 dB level. 
This suggests that industrial noise, despite being unfavourable for ASR systems, may 
contain spectral-temporal properties which are easier for ASR systems to adapt or filter at 
higher dB levels. The fact that the noise from the milling machine allowed slightly more 
target word identification (Fig. 3 and Fig. 5) could actually be due to an acoustic energy 
gap that characterizes the noise pattern of this machine in the particularly sensitive range 
between 500 Hz and 3 kHz (Fig. 2). In this frequency range lie the first two formants of 
speech production, which are particularly relevant for the identification of consonants 
and vowels. In this respect, the higher ASR accuracy for ZOOM260 is empirically plau-
sible; and, moreover, it shows that each voice interface must be individually tailored 
to the specific circumstances of noise, speaker, ASR system, and speech-enhancement 
availability. One-size-fits-all solutions seem difficult to implement in view of our results. 

Surprisingly, the addition of various enhancements to each of the ASR systems did 
not enhance recognition. This may be due to the nature of the enhancements focusing 
on speech enhancements rather than noise suppression. Trials for ASR system without 
enhancement had better target word recognition rates than trials with enhancements, 
especially for the female speaker in the speech shaped noise conditions. This result 
contrasts with the presumed utility of the enhancements provided by metricGAN + and 
MTL-Mimic, suggesting that these frontend processing steps may create distortions or 
potentially mask relevant speech features, particularly for higher pitched speech inputs 
like those of female voice. Together, these results align with more frequently emerging 
concerns in ASR research regarding one-size-fits-all preprocessing approaches, which 
may generalize effectively across assorted acoustic conditions or even speaker types.

The interaction ASR type and enhancement complicates the results further. The 
three higher performing ASR systems (canary, parakeet, and whisper – large) benefitted
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the most from the absence of enhancements versus their lower performing counterparts 
(wav2vec2 and whisper – small). This suggests potential incompatibilities between the 
current algorithms of enhancements and the noise treatment mechanisms integrated 
within more advanced ASR models, which may already integrate more robust speech 
representation techniques. 

Gender effects were also consistently observed. The female voice demonstrated 
higher rates of identification than the male counterpart across most noise types or levels. 
These effects were more pronounced in industrial noise conditions without enhance-
ments. This implies that perhaps the acoustic characteristics of female speech, such as 
the fundamental frequency, formant spacing, or speech clarity, may provide advantages 
in noisy conditions. Further investigation into the impacts of different speaker charac-
teristics on ASR robustness may provide important information to understanding the 
effects demonstrated by the present research. With the female voice’s advantage, we 
replicate our previous finding from [14, 15]. The only notable difference is that, for the 
commercial ASR systems of Google and Apple, the advantage of the female voice was 
particularly pronounced for white noise and barely noticeable with industrial noise. In 
this study, i.e. with the open-source ASR systems, was it the other way around. It is 
important to note that the inferences made regarding gender in the present study is based 
only two speakers: one male, one female. This calls for future more in-depth follow-up 
investigations that also take into account the enhancement factor and includes a larger 
numbers of male and female speakers. 

Lastly, the main effects of ASR type were generally weak, supporting the notion that 
newer or even larger scale models like whisper – large – and parakeet outperform small 
or older systems, particularly in challenging conditions like background noise. However, 
the lack of significant interactions between ASR type and noise type may suggest that 
structural differences in ASRs are less critical than how the system integrates and adapts 
to frontend processing and real-world acoustic variability. 

5 Conclusions 

The findings of the current study provide important insights into the complexity of inter-
play between the structure of ASR systems and the acoustic environment. These findings 
provide novel results for ASR performance in industrial noise, an underexamined area 
of research often focusing on, while simultaneously anchoring these results against the 
more well-studied noises, like white noise and speech shaped noise. Understanding this 
interplay is critical in the implementation of ASR into noisy real-world environments 
like those of factory halls. 

Across all noise levels, ASR systems struggled with accuracy for target word iden-
tification with their performance significantly lower compared to our previous study 
using more commercially available systems of Google and Apple [14, 15]. More recent, 
open-source systems, despite their advancements, may lack the robustness necessary for 
more acoustically adverse environments without additional adaptation or training. Even 
at the lowest test noise level (67 dB), the recognition accuracy was low indicating the 
threshold for effective ASR performance in industrial noise contexts may be situated 
below the currently accepted benchmarks.
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Note the differences in testing between the present study and our previous research 
on Google Translate and Apple Dictation [14, 15]. Our previous study used physical and 
manual manipulation of the noise signal to obtain results simulating ASRs functioning in 
a real acoustic environment. Although the initial baseline measurements were collected 
in a real acoustic environment, the present testing was preformed through traditional, 
digital ASR testing methods. The differences between the testing methods, in part, affect 
the large differences in results between the present and previous study. 

Background noise type appears to be the strongest factor affecting the accuracy of 
target word recognition. Industrial noises imposed a greater challenge for ASR systems 
than speech shaped noise, especially at more moderate noise levels. Interestingly, this 
pattern appears reversed at the highest noise level (79 dB) where the speech shaped noise 
led to the steepest decline in performance. This inversion suggests a complex interaction 
between signal-to-noise ratios and the spectral density of competing signals. It also 
highlights the need for ASR models to handle noise conditions which are both predictable 
and dynamic in nature. The variability occurring across noise types of emphasis the 
inadequacy of using white noise or speech shaped noise as a proxy for real world acoustic 
interferences in industrial sectors like factory halls when evaluating the robustness of an 
ASR system. 

Contradictory to the expected results, opting for ASRs without enhancements con-
sistently led to higher identification rates for target words. This challenges the common 
assumption that signal enhancements will benefit ASR systems. One possible expla-
nation may be due to the nature of the stimuli themselves which are short, disyllabic 
utterances. The short temporal duration may be disadvantageous, not providing enough 
acoustic information to assist in identification for the different types of enhancements. 
In their current structure, these enhancements techniques may interfere with the internal 
speech representations of present ASR models. This effect is especially detrimental for 
female voice input, where enhancements significantly reduced the accuracy of recog-
nition. These findings highlight the need for greater alignment between strategies of 
enhancements and the process of speech encoding in ASR systems. 

Gender effects were also notable. Female speech was more accurately recognized 
across most conditions, more so without enhancements. These results imply, as men-
tioned previously, there may be certain acoustic properties of female speech which are 
advantageous to ASR systems in the separations of speech from noise. This calls more 
inclusive training practice which are more representative of gender differences. This 
also calls for potential tailoring in ASR systems through the leverage of speaker specific 
acoustic features when utilizing ASR systems in noise-adverse environments. 

With all these results taken together, several challenges arise. Firstly, general-purpose 
ASR systems remain susceptible to breakdowns in noisy, industrial environments. Sec-
ondly, many widely adopted enhancement methods may not provide improvements to 
the speech signal and, in some cases, may hinder speech recognition. Thirdly, speaker 
characteristics appear to play an important role in word recognition yet are often unac-
counted for in model designs and evaluations. Addressing these challenges require a 
shift in current models and methods to more adaptable ASR pipelines which consider 
aspects like the acoustic paradigms of the environment, the nature of the speech input, 
and the interaction between enhancement and the stages of recognition. Future research
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should focus on developing noise-type training, as well as gender responsiveness struc-
tures, and, most importantly, designing enhancement methods which compliment rather 
than compete with ASR processing. Until these integrative approaches can be defined, 
refined, and implemented, ASR systems remain at insufficient levels of robustness nec-
essary and needed for real world deployment in industrial environments and perhaps 
may not be the most optimal in design for the current needs. 

5.1 Limitations and Future Work 

There are two key limitations of this research. Firstly, as preliminary work facilitating 
early experimentation into the viability of speech technology interfaces on factory floors, 
we cannot yet appropriately validate the similarity between simulated data and real-world 
speech data in a factory environment. It is important to note, that whilst this study is 
not focused on connected speech, that this will be an important aspect of how speech 
is produced to interface with these technologies. In addition, adaptation of speech to 
both industrial environments, and adaptivity to interacting with speech interfaces – an 
important and growing area of research – are not explored within this study but will be 
engaged with appropriately once non-synthetic data collection has concluded. Secondly, 
this study deals with the viability of using ASR systems in industrial environments as 
preliminary research exploring the potential for key words to be used as non-lexical 
items for machine control. There are approaches to limited vocabulary speech-based 
command systems that do not use ASR systems; however, these fall out of this scope 
of this initial project but are being actively considered as alternative approaches for full 
system deployment. 

Additionally, the use of ASR in real world environments is not commonly repre-
sentative of advertised Word Error Rates (WER), particularly regarding diverse speaker 
corpora [18–20]. Whilst one might assume ASR technologies respond well to simple 
single word identification there is growing research in the domain of verbal fluency tran-
scription showing this to be a false assumption [21]. This indicates that simple limited 
dictionary-based speech processing models may yield superior results - in these contexts
- to more generalized ASR models. 

Future work may wish to explore the viability of fully computational simulation for 
preliminary work dealing with specific types of noise and target environments for speech 
technology deployment. 
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Abstract. We propose a data-driven approach for predicting Word 
Error Rate (WER) without requiring ground truth transcriptions. Our 
method involves creating diverse audio datasets by applying various noise 
types, acoustic degradations, and room impulse responses to clean speech 
samples across many fine-grained quality and intelligibility levels. Unlike 
previous work, we extract and analyze a comprehensive set of speech 
quality features including signal-to-noise ratio (SNR) estimates, mod-
ern neural audio quality metrics (such as NISQA), and ASR (Automatic 
Speech Recognition) model confidence scores to train WER prediction 
models. We conduct experiments across multiple languages with state-
of-the-art ASR architectures (Whisper and FastConformer) to demon-
strate our method’s effectiveness i n predicting WER in diverse acoustic
conditions. We also show that our approach generalizes in a multilin-
gual model-unified setting. We provide feature importance analysis to
identify key metrics needed to predict WER. This work enables practi-
cal applications such as quality-based filtering of audio inputs, allowing
ASR systems to assess expected performance and estimate transcription
reliability without ground truth transcripts.

Keywords: ASR · Word error rate prediction · Audio augmentation
dataset

1 Introduction 

Deep neural networks have demonstrated remarkable performance in controlled 
settings, yet their robustness in real-world applications—particularly in auto-
matic speech recognition (ASR)—remains a persistent challenge. A critical gap 
exists in diagnosing ASR failures before deployment, especially when acoustic 
degradations or linguistic complexity induce errors ranging from minor inac-
curacies to catastrophic hallucinations. Traditional evaluation relies on post-hoc
transcription analysis ( [37]), which is impractical for real-time systems. Instead, 
we argue that predicting Word Error Rate (WER) from simulated degradations
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offers a proactive solution: by synthetically replicating real-world distortions 
(e.g., noise, reverberation, or packet loss), we can directly correlate degradation 
severity w ith ASR failure rates, where higher predicted WER signals imminent
model unreliability.

The primary causes of faulty transcriptions fall i nto two categories:

– Acoustic Degradations: Environmental noise, microphone artifacts, rever-
beration, and signal distortion—all synthetically simulatable to stress-test
ASRs.

– Speech Complexity: Accents, rare words, and domain-specific terms, which 
require curated datasets to evaluate robustness.

Crucially, while linguistic challenges are harder to simulate, acoustic degrada-
tions can be precisely controlled and reintroduced into clean audio. This enables 
systematic analysis of how specific distortion types (e.g., additive noise vs. clip-
ping) and their intensity (e.g., SNR levels) degrade ASR performance. By mo del-
ing the relationship between these degradations and WER, we can preemptively
flag audio inputs likely to cause failures, even without ground-truth transcrip-
tions.

Our work is based on the core theses:

– Simulated degradations expose ASR vulnerabilities. By artificially 
degrading clean audio with real-world distortions (e.g., dynamic noise profiles 
or impulsive interruptions), we create a controlled environment to quantify 
how sp ecific degradation types and levels correlate with WER elevation—a
direct proxy for model failure.

– WER prediction is feasible without transcripts. Using two feature 
groups—(1) ASR Model Confidence Metrics, (2) Audio Quality Features 
(WADA SNR, SI-SNR, NISQA), we demonstrate that WER can be accu-
rately predicted, enabling real-time diagnostics.

Our contributions include:

– A framework for simulating diverse real-world degradations (e.g., variable 
SNR noise, reverberation tails, codec artifacts) and evaluating their impact
on state-of-the-art ASR models (Whisper, FastConformer).

– A regression model to predict WER solely from Speech Quality Features and
ASR Model Confidence Metrics.

2 Background 

2.1 Acoustic Degradations for A SR Model

Existing research on ASR robustness had primarily focused on defending models 
against acoustic degradations. According to Shah et al. [2], these approaches can 
be categorized as either model-based or feature-based.

Model-based approaches include adapting pre-trained models [4, 5], pre-
processing audio with denoising techniques [6, 7], and training directly on noisy
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data [ 8]. These strategies typically require access to representative noisy data and 
are most effective when the deploymen t environment and noise characteristics
are known in advance.

Feature-based approaches focus on developing noise-invariant representations 
of speech. These include biologically-inspired features [9] and signal processing 
techniques [1] designed to extract speech-relevant components while filtering out 
irrelevant signal elements [10]. 

In recent years it has been demonstrated that large-scale training on diverse 
acoustic scenarios can produce inherently robust ASR systems without special-
ized techniques. Notably, Radford et al. [3] showed that models like Whisper 
achieve substantial robustness through exposure to varied audio conditions dur-
ing training.

Typically, the performance of a new ASR system is evaluated on multiple 
standard speech datasets, which inherently contain varying levels of noise and 
signal quality. This approach by itself provides some insight into the system’s 
robustness. However, a more direct method to assess robustness across different 
conditions involves s imulating various signal degradations and measuring the
Word Error Rate (WER) at different Signal-to-Noise Ratio (SNR) levels, as
demonstrated in numerous studies on ASR robustness [3, 29– 31]. 

2.2 Word Error Rate (WER)

Word Error Rate (WER) is the standard evaluation metric for automatic speech 
recognition systems. It measures the distance between a reference transcript and 
the ASR model’s hypothesis by calculating the minimum n umber of word-level
operations (substitutions, insertions, and deletions) required to transform the
hypothesis into the reference.

WER is defined as:

WER = 
S + D + I

N
(1) 

where S is the number of substituted words, D is the number of deleted 
words, I is the number of inserted words, N is the total number of words in the 
reference transcript. Lower WER values indicate better A SR performance, with
0.0 representing perfect transcription. WER can exceed 1.0 in cases where the
number of insertion errors is particularly high.

2.3 WER Prediction 

Because WER serves as an effective indicator of ASR perfomance, the main moti-
vation for developing WER prediction methods is to assess the quality o f ASR
predictions without ground-truth transcriptions, which are often unavailable in
real-world applications.

Several methods have been proposed to predict WER without ground truth
transcriptions. For instance, eWER [11] detects disagreement between 2 ASR 
systems (world-level and character-level) and uses that to predict WER. eWER-2
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[ 12] utilizes acoustic, lexical, and phonotactic features f or the same task. eWER-3
[13] demonstrated that their multilingual model outperforms previous monolin-
gual WER prediction methods (eWER2) by achieving a 9% absolute increase in 
Pearson correlation coefficient (PCC), showing better correlation between pre-
dicted and reference WER. A common downside of these methods is the need for 
either 2 separate ASR models or additional models to process text and extract
phonemes, which increases computational requirements and overall complexity.

Other approaches include Litman et al. [14], who calculated prosodic statis-
tics (frequencies, energy values, tempo, pauses) and used an ML model to p re-
dict WER for telephone dialogue recordings. Fish et al. [15] estimated SNR 
and decomposed WER into base WER (from inherent model limitations) and 
delta-WER (from audio quality degradations). Additionally, Gallardo et al. [16] 
investigated speech quality measurement techniques like POLQA [19]  to  predict  
WER. Their results led to polynomial models for predicting speech recognition 
accuracy from instrumen tal measures across various channel distortions in dif-
ferent bandwidths.

Some of the most recent works by Park et al. [20, 21] achieve impressive 
prediction accuracy, but rely on using natural language processing tec hniques to
incorporate information from ASR hypothesis transcriptions.

To summarise, our approach differs in several k ey ways:

– We predict WER using only audio quality features and confidence scores, 
avoiding extra complexity associated with using additional natural language
processing and/or phone recognition models.

– Our training and evaluation pipelines both use speech samples in different 
languages under diverse acoustic conditions, including different types of noise
and various signal degradations.

– We conduct experiments with the most common modern ASR architectures,
namely Whisper [3] and FastConformer [27]. 

– Our approach relies on a lightweight WER regressor model combined with a 
modular feature extraction architecture. This design ensures flexibility, allow-
ing researchers to incorporate new speech quality estimation methods as they
emerge.

– We provide feature importance comparisons to facilitate further research into 
ASR WER prediction and speech quality metrics.

3 Proposed Solution 

3.1 Degradation Framewo rk

To train a robust WER prediction model that performs reliably across diverse 
acoustic conditions, we need a comprehensive dataset. We create this dataset 
by creating speech recordings that span a wide range of scenarios. Starting with 
clean speech recordings, we systematically add different types of noise at vary-
ing intensity levels and apply additional augmentations (aliasing, real impulse
responses, MP3 compression, room simulation), as detailed in Algorithm 1.  This
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synthetic data generation strategy allows us to produce a large, diverse dataset 
with known ground truth transcriptions and controlled degradations, enabling 
our WER prediction model to l earn patterns of ASR performance across a broad
spectrum of real-world acoustic environments.

We design the data generation pipeline as a highly modular system to sup-
port adding arbitrary ASR models and audio feature extractors, both local and
available through external APIs.

Algorithm 1. Dataset Creation 
Require: Clean speech dataset with transcriptions, noise files, gain levels, ASR tran-

scriber, feature extractors 
Ensure: Dataset of features paired with ground truth WER values 
1: Filter dataset to desired duration range 
2: Sample subset of audio files from filtered dataset 
3: Initialize results collection 
4: for each audio file with transcript do 
5: Load and normalize audio 
6: for each noise gain level do 
7: Initialize record with metadata 
8: Select random noise and extract segment matching audio length 
9: Scale noise by gain factor and mix w ith clean audio

10: Apply normalization if needed
11: Apply augmentations
12: Generate ASR transcription
13: Compute ASR confidence scores from model logits
14: Calculate SNR and WER
15: Extract all quality features using feature extractors
16: end for
17: end for
18: Save raw results
19: Compute aggregated statistics by gain level
20: return Complete dataset

3.2 Speech Quality F eature Extractors

To obtain audio quality and speech intelligibility estimates we leverage 3 distinct 
speech quality assesmen t methods as feature extractors for the WER prediction
model:

1. WADA-SNR (Waveform Amplitude Distribution Analysis) [23]: a classical 
statistical approach that estimates signal-to-noise ratio by modeling clean 
speech a s a Gamma distribution and noise as a Gaussian distribution.

2. SpeechBrain SI-SNR Estimator [22]: a modern neural approach that blindly 
estimates Scale-Invariant Signal-to-Noise Ratio.
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3. NISQA (Non-Intrusive Speech Quality Assessment) [24]: a modern neural 
approach to provide multidimensional audio quality assessment. NISQA eval-
uates not only overall quality but also specific dimensions (noisiness, col-
oration, discontinuity, and loudness).

These feature extractors are selected for speed, ease of use and the ability to 
capture different aspects of audio quality.

3.3 ASR Model Confidence Metrics

To quantify ASR model uncertainty, we utilise a variety of confidence met-
rics derived from the model’s token-level or char-level log probabilities (log-
probs). These confidence metrics are used as features to provide signals about 
the model’s certain ty in its predictions. We implement and evaluate multiple
confidence formulations to determine which best correlate with transcription
accuracy:

– Least Confidence: Normalizes the uncertainty represented by the difference 
between the maximum probability and 1.0. 

LC = 
1 − maxi(pi )

1− 1
|V|

× |V|
|V| − 1

(2) 

– Margin Confidence: Measures the difference between the probabilities of 
the top two p redictions.

MC = 1− (p(1) − p(2)) (3) 

– Ratio Confidence: Calculates the ratio between the second highest and 
highest p robabilities.

RC =
p(2)

p(1) +
(4) 

– Entropy-Based Confidence: Uses normalized Shannon entropy of the 
probability distribution. 

EC = − 1 
log2(|V|) 

|V| 

i =1

pi log2(pi + ) (5) 

– Perplexity Confidence: Applies normalized perplexity measure. 

PC = 
exp(− |V| 

i=1 pi log pi )− 1
|V| − 1

(6) 

– Gini Coefficient Confidence: Adapts the Gini coefficient to measure pre-
diction inequality. 

GC = 
2 |V| 

i=1 i · p(i) 
|V| |V|

i=1 p(i)
− |V|+ 1

|V| (7)
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– Mean Chosen Confidence: Takes the mean of maximum logprobs across 
tokens. 

MCC = 
1 
n

n

j=1

max
i

(log pi,j) (8) 

Where pi represents the probability of token i, p(i) denotes the i-th largest 
probability in the distribution, |V| is the vocabulary size, is a small constant 
to prevent division by zero, and n is the number of tokens i n the sequence. We
calculate these metrics for each token in the ASR output and average them to
obtain utterance-level confidence scores.

These confidence metrics capture different aspects of prediction uncertainty: 
entropy-based measures assess overall distribution spread, margin and ratio con-
fidence focus on ambiguity between top predictions, while Gini coefficient mea-
sures the inequality of the probability mass.

3.4 WER Prediction Mo del

We propose a robust WER prediction framework that utilises ASR model con-
fidence scores as well as the speech quality feature extractors listed above to 
account for various audio degradations. These features s erve as inputs to a
regression model. We evaluate several approaches: classical (Linear Regression,
Random Forest, CatBoost [35]), AutoML Ensembles (LightAutoML [36]) and 
modern DL tabular methods (TabPFN [33, 34]). TabPFN with vanilla parame-
ters was used for the final experiments.

4 Experiments 
Data. We run our experiments on 2 distinct datasets to account for differences
in data and explore a multilingual setting.

– 1,000 randomly selected recordings from Fleurs [17] ( Russian)
– 1,000 randomly selected recordings from LibriSpeech [18] ( English)

First, we randomly split the original recordings into train and test sets, then 
apply degradations separately within each set to avoid mixing augmented ver-
sions across splits.

Noise Application. We implement a linear noising schedule with 64 discrete 
steps, ranging from SNR +60 dB (clean audio) to SNR –10 dB (extremely 
degraded audio that is challenging or imp ossible for humans to transcribe). For
each recording, we randomly apply one of the following noise types:

1. Bank-easy: Background sounds from a bank environment with m inimal back-
ground speech

2. Office-easy: Background sounds from an office environment with m inimal
background speech

3. Office-hard: Background sounds from an office environment containing audi-
ble background speech

4. White noise: Standard white noise distortion
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Audio Augmentation. In addition to controlled noise addition, we apply var-
ious audio augmentations using the Audiomentations library [32]. Our augmen-
tation pipeline includes aliasing effects (50% probability), impulse response con-
volution (30% probability) using responses from the MIT IR Survey [28], MP3 
compression artifacts (50% probability), and room simulation effects (70% prob-
ability). These augmentations introduce realistic audio degradations commonly
encountered in real-world scenarios.

ASR Models. Our experiments utilize a diverse set of ASR models to represent 
modern speech r ecognition approaches across different parameter scales:

– Whisper [ 3] variants: Turbo (800M) a nd Small (240M)
– FastConformer [ 27] with CTC [25] Decoder (120M)

For inference, we use the original OpenAI Whisper implementation for the 
Whisper variants and Nvidia NEMO Toolkit [26] for F astConformer.

All models are evaluated in both English and Russian languages to assess 
cross-lingual robustness. This selection is meant to encompass m odern SOTA
ASR approaches across different model sizes.

4.1 Adequacy of Proposed F eatures

SNR Estimation in the Presence of Audio Augmentations. Our exper-
iments provide insights into how different SNR estimation methods perform 
under varying audio conditions, as illustrated in Fig. 1. We find that WADA 
SNR, which relies on simple statistical assumptions about the distribution of 
speech and noise, performs admirably under standard noising conditions (corre-
lation of 0.8983). However, its performance deteriorates substantially (dropping 
to 0.6246) when confronted with complex audio augmentations such as MP3
compression artifacts, impulse response convolution, and room simulations.

In contrast, more sophisticated modern neural-based techniques like Speech-
Brain SI-SNR models appear to be more resilient.This suggests that modern 
neural approaches to SNR estimation have implicitly learned more robust rep-
resentations t hat can better generalize across various audio degradation types
beyond simple additive noise.

Correlation Between Speech Quality Features, ASR Mod el Confidence
Metrics and WER. We observe that ASR Model Confidence Metrics exhibit 
the strongest correlation with WER, generally achieving correlation co efficients
of approximately 0.8, as shown in Table 1. Despite our intuitive expectations 
that Speech Quality Features would serve as the most reliable predictors of ASR 
performance, the model’s own confidence score proved to be better indicators of
WER.
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Fig. 1. Spearman correlation between true SNR and different SNR estimation tech-
niques, comparing performance with and without audio augmentations. WADA SNR 
shows significan t performance degradation with augmentations, while SpeechBrain
model demonstrates greater robustness.

4.2 Results 

WER Prediction Performance Across Models and Languages. Our 
WER prediction models demonstrate strong performance across different ASR 
architectures and languages, as shown in Fig. 2. There are several notable pat-
terns:

First, we observe that WER prediction accuracy varies by language, with 
consistently better performance on English data across all ASR models. This is 
likely attributable to the prevalence of English in training data for both ASR 
systems and audio quality assessment models, resulting in more reliable fea-
ture extraction and confidence scoring. For instance, Whisper Turbo achieves
an RMSE of 0.0633 on LibriSpeech (English) compared to 0.0768 on Fleurs
(Russian).

Second, our multilingual approach combining Russian and English data into 
a single prediction model maintains strong p erformance despite the challenges of
cross-language generalization. As illustrated in Fig. 2, the combined multilingual 
model achieves competitive RMSE values (0.0747 for Whisper Turbo, 0.0943 
for Whisper Small, and 0.1060 for FastConformer), demonstrating the feasibil-
ity of language-agnostic WER prediction. This suggests that the fundamental
relationship between audio quality metrics, confidence scores, and transcription
accuracy generalizes across languages, at least for the high-resource languages
tested.
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Table 1. Correlation coefficients between various features and WER. ASR confidence 
metrics consistently show higher correlation (approximately 0.8) compared to speech
quality metrics.

Correlation Group Feature Correlation Coefficient ( r)
High (|r|  ≥  0.7) Entropy Confidence 0.82 

Variance Confidence –0.81 
Least Confidence 0.81 
Temperature Scaled Confidence 0.80 
Margin Confidence 0.79 
Jensen Shannon Confidence –0.78 
Mean Chosen Confidence –0.78 
Top K Entropy Confidence 0.76 

Mid (0.2 ≤  |r| < 0.7) Gini Confidence –0.69 
Ratio Confidence 0.69 
NISQA MOS –0.56 
SpeechBrain SNR A –0.51 
Perplexity Confidence 0.50 
NISQA Discontinuity 0.28 
SpeechBrain SNR B –0.26 
NISQA Noisiness –0.25 
NISQA Coloration –0.25 

Low (|r| < 0.2) NISQA Average –0.19 
WADA SNR –0.09 
NISQA Loudness 0.05 

Third, among the ASR architectures evaluated, Whisper Turbo consistently 
outperforms smaller models in WER prediction accuracy across all language set-
tings. With an RMSE of 0.0747 on the combined multilingual dataset, Whisper 
Turbo demonstrates a 20.8% relative improvement over Whisper Small (0.0943) 
and a 29.5% improvement over FastConformer (0.1060). This performance gap
suggests that larger, more capable ASR models not only transcribe more accu-
rately but also provide more reliable confidence scores that correlate better with
actual transcription quality.

A detailed breakdown of the metrics including correlation coefficients is avail-
able in Table 2. 

Table 2. RMSE and correlation results when predicting WER for a particular ASR
model.

Model Size LibriSpeech (en) Only Fleurs (ru) Only Combined Multilingual 
RMSE Pearson Spearman RMSE Pearson Spearman RMSE Pearson Spearman 

whisper-large-v3-turbo 809M 0.0633 0.9891 0.9424 0.0768 0.9827 0.9145 0.0747 0.9847 0.9179 
whisper-small 244M 0.0752 0.9817 0.9545 0.1077 0.9527 0.9399 0.0943 0.9690 0.9541 
fast-conformer 120M 0.0758 0.9828 0.9340 0.0866 0.9682 0.8942 0.1060 0.9604 0.9168
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Fig. 2. RMSE for WER prediction across different models and datasets. Lower val-
ues indicate better prediction accuracy. The m ultilingual dataset combines data from
Russian and English datasets.

Model-Unified Multilingual WER Prediction. While model-specific WER 
predictors demonstrate superior performance, maintaining separate predictors 
for each ASR model and language combination quickly becomes impractical in 
real-world deployments. To address this challenge, we investigate a model-unified 
approach that enables WER prediction across different ASR architectures and 
languages using a single prediction model. This approach offers significant prac-
tical advantages: it eliminates the need for continuous retraining as new ASR 
models are developed, provides a unified quality assessment framework across 
mu ltilingual applications, and simplifies system architecture. Furthermore, as
speech recognition technology evolves, a generalizable predictor that works rea-
sonably well with new ASR models without immediate retraining provides a
more sustainable and scalable solution for real-world production deployment.

Our model-unified approach involves training a regression model on the com-
bined data from all ASR systems (Whisper Turbo, Whisper Small, and FastCon-
former) across both English and Russian languages. This unified predictor relies 
on the same feature set described earlier, including audio quality metrics and
ASR confidence scores, but learns to generalize across different ASR models and
architectures.

As  shown  in  Fig. 3, the model-unified approach achieves an RMSE of 0.0994 
on the combined multilingual dataset. While this performance is slightly worse 
than the best model-specific predictor (Whisper Turbo at 0.0747, representing 
a 24.9% relative difference), it outperforms the FastConformer-specific predictor
(0.1060) by 6.2%. This indicates that a single prediction model can estimate
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WER reasonably well across different ASR architectures without requiring s ep-
arate predictors for each system.

The effectiveness of this approach suggests that despite architectural differ-
ences between ASR models, there exist common patterns in how speech qual-
ity and model confidence scores correlate with transcription accuracy. As new 
ASR models are developed, existing model-unified WER predictors may still 
provide reasonable estimation accuracy without requiring immediate retraining,
although periodic fine-tuning with data from newer models would likely improve
performance over time.

Fig. 3. RMSE for WER prediction for the combined multilingual dataset. Lower values 
indicate better prediction accuracy. The multilingual dataset combines data from Rus-
sian and English datasets. Model-unified approach involves training a single predictor
for all 3 ASR models.

5 Ablation Studies 

To understand the relative importance of different feature groups in our WER 
prediction framework, we conducted ablation experiments by systematically 
removing feature categories and evaluating the impact on prediction accuracy.
Figure 4 shows the results of these tests for Whisper Turbo on the LibriSpeech
(English) dataset.

Our ablation results reveal that confidence metrics are the most impor-
tant features for accurate WER prediction. Removing them causes the RMSE 
to increase dramatically from 0.0633 to 0.1609, representing a 154.2% relative
degradation. This result aligns with our correlation analysis in Fig. 1,  which  
showed confidence scores having the strongest relationship with WER.
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Fig. 4. Feature ablation experiments showing the impact of removing different fea-
ture categories on WER prediction performance. P ercentages indicate relative RMSE
increase compared to using all features.

Audio quality metrics also contribute substantially to prediction accuracy, 
though to a lesser extent than confidence features. Without audio quality met-
rics, the RMSE increases to 0.1351, a 113.4% relative increase. This shows that 
while confidence scores pro vide the strongest predictive signal, audio quality
metrics also capture important information that significantly improves overall
prediction accuracy.

Interestingly, even without confidence metrics (which require running ASR 
inference), the model still achieves reasonable prediction performance using only 
audio quality features. In scenarios where computational resources are limited 
or where a quick quality assessment is needed before deciding whether to run 
a full ASR pipeline, audio quality metrics alone can provide a useful rough 
approximation of exp ected transcription accuracy. For applications such as fil-
tering out low-quality audio that would likely result in unreliable transcriptions,
this approach offers a computationally efficient pre-screening mechanism without
requiring full ASR inference.

6 Conclusion 

This paper presents a robust approach for WER prediction without requiring 
ground truth transcriptions. Our key contributions include:

First, we developed a synthetic data generation pipeline that creates diverse 
acoustic scenarios ranging from clean to heavily degraded speech. This approach
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enables comprehensive evaluation of ASR robustness across c ontrolled degrada-
tion conditions.

Second, we demonstrated that a combination of speech quality metrics and 
ASR confidence scores can effectively predict WER across different ASR archi-
tectures and languages. Our analysis reveals that while modern neural audio
quality metrics show promise, ASR confidence scores remain the strongest pre-
dictors of transcription accuracy.

Third, we showed that multilingual WER prediction is feasible, with our 
combined English-Russian model achieving strong performance across languages. 
Furthermore, our model-unified approach enables WER prediction a cross differ-
ent ASR architectures using a single prediction system, simplifying deployment
in real-world applications.

Our findings have significant implications for practical ASR deployments, 
enabling systems to estimate transcription reliability without ground truth, facil-
itating quality-based filtering, and improving overall robustness in diverse acous-
tic environments. In future w ork we intend to explore and integrate additional
features to further improve prediction accuracy.
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Abstract. Given the challenges associated with obtaining large vol-
umes of real-world audio, the advancement of Automatic Speech Recog-
nition (ASR) systems increasingly depends on synthetic data. This study 
focuses on the call center-banking domain, providing a targeted analysis 
of ASR models in this context. We evaluate real and synthetic datasets, 
using Word Error Rate (WER) and Character Error Rate (CER) as 
metrics, and employ a speech quality model to assess the impact on 
ASR performance. Our research compares Text-to-Speech (TTS) and 
advanced voice conversion methods, including KNNVC, Seed-VC, and 
Vec2Wav2, revealing significant improvements in speech quality and ASR 
accuracy, particularly with Seed-VC. Additionally, our domain-specific
experimentation provides insight into the unique challenges and oppor-
tunities that arise when applying ASR technologies to industry-relevant
settings. This highlights the potential of voice conversion technologies
to enhance ASR systems, guiding future research in diverse linguistic
scenarios, and paving the way for the broader application of ASR inno-
vations across various fields.

Keywords: Speech recognition · Speech synthesis · Voice conversion · 
Data augmentation

1 Introduction 

Automatic Speech Recognition (ASR) systems have become integral to numerous 
applications, ranging from voice-activated assistants to real-time transcription 
services. As the demand for these systems grows, so does the need for accurate 
and versatile ASR models capable of understanding diverse speech patterns and 
dialects. Traditionally, the development of robust ASR systems relies heavily 
on extensive datasets of real-world audio, which capture the complexity and 
v ariability inherent in human speech. However, acquiring such datasets is often
resource-intensive and may not always be feasible, especially for languages or
dialects with limited speaker resources.

As an alternative, synthetic data generation has gained traction, leverag-
ing advancements in Text-to-Speec h (TTS) technologies and voice conversion
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
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methods to augment training datasets. TTS offers a straightforward approach 
to synthetic data generation but often falls short of replicating the nuanced 
attributes of natural speech, resulting in suboptimal ASR performance. In con-
trast, voice conversion techniques have shown promise in enhancing synthetic 
speech quality, with models like KNNVC, Seed-VC, and Vec2Wav2 introducing
sophisticated transformations aimed at mimicking real-world audio characteris-
tics more closely.

This study evaluates the effectiveness of these diverse data sources—real-
world audio, TTS, and advanced voice conversion methods—in training ASR 
systems. By analyzing the performance impacts of these data types through 
metrics such as Word Error Rate (WER) and Character Error Rate (CER), we 
aim to delineate the strengths and limitations of each approach. Our findings 
highlight the crucial role of authentic data while demonstrating the potential 
of voice conversion techniques like Seed-VC to substantially improve synthetic
alternatives, thus offering a pathway to more accessible ASR solutions in sce-
narios where real data availability is constrained.

Through this exploration, we seek to inform the broader ASR research com-
munity of the practical implications and future directions in synthetic data uti-
lization, inspiring f urther innovation in the field of speech technology develop-
ment.

Our study makes several novel contributions to the field of ASR:

Domain-Specific Experimentation: Unlike previous research efforts that predom-
inantly focus on the Common Voice dataset, our experiments are conducted 
within the specific context of the call center-banking domain. This approach 
allows for a more targeted analysis and evaluation of ASR models within a
real-world, industry-relevant setting that presents unique challenges and oppor-
tunities.

Comprehensive Data Analysis: We provide a detailed examination and compar-
ison of real and generated audio data using a speech quality model. This anal-
ysis sheds light on the distributional characteristics and quality metrics of each 
dataset, thereby offering insights into the potential impact on ASR performance
and the fidelity of synthetic speech generation.

Comparative Evaluation of Synthesis Techniques: Our work includes a compar-
ative analysis of Text-to-Speech (TTS) and three distinct voice cloning models. 
This evaluation highlights the differences in speech quality, diversity, and dis-
tribution, providing a nuanced understanding of the strengths and limitations
of each approach in replicating real-world audio characteristics and improving
ASR accuracy.

2 Related Work 

Modern Text-to-Speech (TTS) synthesis has been transformed by deep learning, 
moving from rigid concatenative methods to flexible neural models. The domi-
nant paradigm for a long time was a two-stage pipeline, exemplified by Tacotron
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2  [  20], which first converts text into a mel-spectrogram, followed by a neural 
vocoder like WaveNet [16] or HiFi-GAN [10] to generate the final waveform. 
To address the slow, autoregressive nature of these m odels, non-autoregressive
systems like FastSpeech 2 [19] were introduced, enabling faster inference. A sig-
nificant leap in quality and efficiency came with end-to-end models like VITS [9], 
which jointly train the text-to-spectrogram and vocoder components in a sin-
gle network using variational inference and generative adversarial networks. The 
most recent frontier treats TTS as a language modeling problem. Models such
as VALL-E [21] and Spear-TTS [8] quantize audio into discrete tokens and use a 
transformer architecture to predict these tokens from text, enabling remark ably
human-like synthesis and in-context learning capabilities.

Voice Cloning (VC) aims to generate speech in a specific target voice, typi-
cally from a small audio sample. This is pursued through two main paradigms. 
The first and most common for synthesis from t ext is based on multi-speaker
Text-to-Speech (TTS). This approach, popularized by systems like SV2TTS [7], 
conditions a TTS model on a speaker embedding extracted from reference audio, 
enabling zero-shot cloning for speakers unseen during training.

A second, parallel methodology is direct Voice Conversion, which transforms 
the speaker identity of a source audio utterance into that of a target speaker 
while preserving the linguistic content. This field includes classic non-parametric
methods like kNN-VC [3], which performs conversion by finding the k-nearest 
neighbors of source speech features within a target speaker’s feature space. More
recent deep learning models like AutoVC [18] have achieved high-quality, zero-
shot conversion by using an autoencoder with a carefully designed information 
bottleneck to disentangle speech content from speaker identity. The ultimate goal 
for both paradigms is high-fidelity speaker mimicry, with the latest generation
of TTS models like VALL-E [21] blurring the lines by using reference audio 
as an acoustic prompt to clone not only timbre but also prosody and acoustic
environment with remarkable realism.

The capacity of these systems to generate linguistically identical content 
across a multitude of cloned speaker identities is particularly valuable for data 
augmentation, as it can be used to train ASR models that are more robust
to speaker variability. Li et al. [11] proposed augmenting ASR training data 
with synthetic speech generated by a Tacotron 2-based TTS system enhanced 
with Global Style Tokens (GST), enabling multi-speaker modeling and prosody 
variation. They synthesized a complete version of the LibriSpeech training set 
and combined it with natural speech in a 1:1 ratio, training deep convolu-
tional models (Wave2Letter+) with up to 54 layers. This approach led to sig-
nificant W ER improvements, demonstrating that large-scale synthetic augmen-
tation with controlled speaking styles can serve as an effective regularization
method and improve generalization in end-to-end ASR models. Baas and Kam-
per [2] proposed a VC framework for data augmentation aimed at extremely low-
resource settings. Their architecture factorizes the speech signal by employing a 
pretrained CPC-based feature extractor, a quantization-based content encoder
to preserve linguistic information, and a hierarchical global style token (HGST)
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module to capture speaker identity. They demonstrated the cross-lingual trans-
ferability of this approach, showing that a model trained exclusively on high-
resource English data could generate synthetic training data for unseen lan-
guages, thereby improving the performance of fine-tuned wav2vec 2.0-based ASR
systems. Casanova et al. [4] proposed a cross-lingual data augmentation pipeline 
for ASR leveraging the YourTTS model, a zero-shot multi-speaker TTS and 
voice conversion system trained with only one speaker in the target language. 
By synthesizing training data using cross-lingual speaker embeddings and apply-
ing audio augmentations, they achieved o ver 30% absolute WER improvement in
Brazilian Portuguese and Russian, demonstrating the feasibility of training ASR
models in extremely low-resource conditions. Ogun et al. [15] conducted a com-
prehensive analysis of synthetic data augmentation for ASR, using flow-based 
multi-speaker TTS and VC models to isolate the effect of augmenting specific 
speech attributes such as phonetic content, speaker identity, pitch, and duration. 
They showed that carefully controlling phoneme diversity, speaker embeddings, 
and e nvironmental conditions leads to up to 35% relative WER reduction on
LibriSpeech, while naïve mixing of real and synthetic data often underperforms
due to mismatched distributions.

3 Methodology 
3.1 Data 

The dataset most frequently utilized for Automatic Speech Recognition (ASR) 
tasks is the Common Voice (CV) dataset [1], which is publicly accessible and 
widely employed for ASR data augmentation studies [4, 15]. Nevertheless, there 
remains a significant gap in the exploration of custom domain data. In particu-
lar, this study investigates the audio domain of call centers, specifically for the 
Turkish l anguage, using internally collected data. This call center data serves as
a foundational benchmark for real-world data.

Access to a dataset comprising a diverse range of speakers is crucial for 
generating speech samples with varied vocal c haracteristics. For this purpose,
we utilized the Librispeech dataset [17], which includes a total of 1281 speakers.

The initial step in creating a training dataset involves generating speech data 
via off-the-shelf text-to-speech (TTS) technology. We employed Azure-TTS [13] 
to produce 20 h of speech, utilizing transcriptions from authentic data. The voices 
“EmelNeural” and “AhmetNeural” were selected at random for this purpose. 
Hence, the number of speakers is initially 2. This dataset is referred to as “TTS” 
in the results. Subsequently , these generated speech samples were adapted to
different speakers using various voice cloning models. For faster adaptation, we
follow Algorithm 1. After cloning, the number of speakers became 1281. Test 
data does not include synt hetic data and contains 5 h of real speech.

3.2 ASR Model 

Conformer [ 5] is a hybrid architecture that integrates convolutional neural net-
works with transformers, specifically designed to excel in sequence modeling
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Algorithm 1. Speaker Selection for TTS Voice Conversion 
1: Input: Total Speakers N , Audios per Speaker M = 100 
2: Output: Converted Audios with Selected Speaker 
3: for each unprocessed audio batch do 
4: Randomly select a speaker Si from the pool of N speakers 
5: for each audio Aj in the batch of M audio samples do
6: Convert Aj to use the voice of selected speaker Si

7: end for
8: Log conversion details
9: end for

tasks like automatic speech recognition. It combines multi-head self-attention 
to capture long-range dependencies with convolutional layers for local feature 
extraction, offering a balance between global context and local detail process-
ing. This combination allows the Conformer to effectiv ely address the limitations
of standard transformer models in handling sequential data by enhancing both
temporal and spatial feature understanding.

Zipformer [ 22] is an adaptive architecture optimized for efficiency in compu-
tational and memory resources, tailored for real-time tasks such as speech and 
language processing. It features a dynamic mechanism that adjusts its layer com-
plexity based on the input data, allowing it to manage resources effectively by 
compressing or expanding layers as needed. This adaptability n ot only improves
processing speed and reduces latency but also makes the Zipformer particularly
suitable for deployment in resource-constrained environments, maintaining per-
formance while conserving computational power.

3.3 Voice Conversion Models 

K-Nearest Neighbors Voice Conversion (KNN-VC). [ 3]  is  a  voice  con-
version framework that utilizes the simplicity and effectiveness of the k-nearest 
neighbors algorithm to transform speaker characteristics. The model operates by 
first extracting acoustic features from both the source and target voice samples, 
typically using methods like Mel-frequency cepstral coefficients (MFCCs). Dur-
ing the conversion process, KNN-VC searches for the k-nearest feature vectors 
in the target dataset that match the source feature vectors. The transformation 
is accomplished by averaging these neighbors to estimate the corresponding tar-
get features, thereby adapting the source speec h to closely resemble the target
speaker’s attributes while preserving the original linguistic content. This app-
roach is data-efficient as it does not require the extensive training typical of
deep learning models, making it adaptable and easy to implement for real-time
applications with moderate computing resources.

Seed-VC. [ 12] is a pioneering voice conversion system designed to generate 
high-quality transformations even with minimal training data, known as “seed” 
data. The model is constructed around advanced neural network architectures,
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such as GANs (Generative Adversarial Networks) or VAEs (Variational Autoen-
coders), which allow it to generalize from small datasets. By leveraging these 
sophisticated techniques, Seed-VC effectively learns to embody and reproduce 
the speaker-specific attributes such as pitch, timbre, and prosody of the target 
voice from limited input data. This is achieved through a fine-tuning process 
where the network parameters are adjusted to optimize the conversion quality. 
Seed-VC’s abilit y to deliver personalized and convincing voice transformations
using minimal samples makes it particularly advantageous in scenarios with data
scarcity, enabling applications in personalization and customized voice applica-
tions across various languages and accents.

Vec2wav2. [ 6] employs WavLM and vq-wav2vec to encode the source speech. 
By utilizing these technologies, the speech is encoded for both prompting and 
content purposes, respectively. Subsequently, the encoded speech is converted 
into discrete tokens, which are then softened using a Conformer encoder. This 
process enhances the features’ flexibility and adaptability. Finally, the softened
features are resynthesized into high-quality audio through the use of a BigVGAN
vocoder, thereby producing output that closely resembles natural speech.

The three voice conversion models exhibit distinct approaches and strengths. 
KNN-VC utilizes the simplicity of the k-nearest neighbors algorithm, relying 
on feature matching and averaging, making it data-efficient and suitable for 
real-time applications without demanding significant computational resources. 
Seed-VC employs advanced neural architectures like GANs and VAEs, excelling 
in scenarios with minimal data by learning to emulate speaker-specific charac-
teristics through sophisticated fine-tuning processes. In contrast, vec2wav2 uses 
technologies such as WavLM, vq-wav2vec, and BigVGAN to encode and resyn-
thesize speech, emphasizing output quality with moderate data requirements.
Each model offers unique advantages tailored to specific environments, balanc-
ing between data efficiency, adaptability, and high-quality audio output.

The criteria for selecting voice conversion models in this study are multi-
faceted and carefully considered to ensure optimal performance and applicability. 
Firstly, the models must be cross-lingual, a feature that enables them to effec-
tively handle and convert speech across different languages. This capability is 
particularly important for research that involves diverse linguistic datasets, such 
as Turkish call center audio, which can benefit significantly from cross-lingual 
agility. Secondly, the models are required to exhibit state-of-the-art accuracy in 
speech generation. This criterion ensures that the models produce high-fidelity 
outputs that closely mimic the natural characteristics of human speech, thereby 
enhancing the realism and effectiveness of the training dataset for the ASR sys-
tem. Lastly, the voice conversion models need to demonstrate proficiency with
short reference speech durations. This capability is crucial for practical applica-
tions, as it allows for accurate voice conversion even when limited speech samples
are available. This can be particularly advantageous in scenarios where exten-
sive audio data are not readily accessible or where rapid conversion is desired.
Together, these criteria make the selected models well-suited for the purposes
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of this study, ensuring both the quality and versatility o f the generated speech
data.

Mesauring Generated Data. We evaluate the similarity between real-world 
audio data and speech data generated through synthetic means. T o accomplish
this, we employ the NISQA framework [14], which provides a robust metric for 
assessing the quality of both authentic and artificially generated speech data. 
By leveraging NISQA, we can quantitatively examine the distribution of speech 
quality within both data sets, thereby facilitating a detailed comparison of their 
respective characteristics. This approach allows us to observe not only the indi-
vidual quality metrics but also the overall distribution p atterns, thereby reveal-
ing pertinent differences between real and synthetic speech. Such insights are
crucial for understanding the effectiveness and limitations of synthetic data in
replicating the nuances of real-world speech.

4 Experiments 

Initially, the specified ASR model is trained using the real-world dataset with 
varying durations of audio data. Following this phase, the training dataset is
substituted with speech data generated through TTS and VC models.

Speech Qualities. The comparative distributions of real and generated data 
qualities are illustrated in Fig. 1. The real-world audio data exhibit greater vari-
ability and a higher level of noise compared to the generated speech samples, 
which display significantly less diversity. The Text-to-Speech (TTS) generated 
speeches tend to cluster within a high-quality range. However, their distribution
does not align with that of the real data, indicating a disparity in variability and
naturalness.

Conversely, the speech samples produced through cloning techniques exhibit 
a distribution that more closely resembles the variability found in real-world 
data. By converting TTS-generated speech to match the vocal characteristics of 
speakers from the Librispeech dataset, the resulting data distribution becomes 
more similar to the authentic data. This observation suggests that voice con-
version techniques enhance the representativeness and variability of synthetic
speech, thereby bridging the gap between generated and real audio data.

Consequently, this finding supports the hypothesis that voice conversion can 
be more effective than TTS alone in aiding speech recognition systems to reduce 
word error rates. The improved alignment of the cloned sp eech distribution with
real data exemplifies its potential to enhance the robustness and accuracy of
ASR systems in practical applications.

Experimental Setup for ASR Model. ASR model is inially trained on 
english data, and then finetuned with the specified cases. Byte Pair Encoding 
(BPE) is employed for tokenization, utilizing a vocabulary size of 500 tokens.
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Fig. 1. Histogram of NISQA-predicted MOS (Mean Opinion Score) values for real and 
synthetic speech data. The “Real Data” (blue) shows a broad distribution of perceived 
quality, reflecting diverse acoustic conditions. The TTS system (orange) yields consis-
tently high scores with a sharp peak near 5.0, indicating very high synthetic quality 
but limited variability. Voice conversion methods (knn-VC in green, sedd-VC in red, 
and vec2wav2 in purple) produce more naturally distributed scores, with sedd-VC and
vec2wav2 achieving high MOS values while preserving greater variability than TTS.
These results highlight the trade-off between synthetic clarity and realism across sys-
tems. (Color figure online)

The context size is configured to 2. For performance evaluation, we conduct an 
averaging of the final epochs, specifically from the latest 1st, 3rd, 5th, 7th, and
9th epochs, and report the optimal result obtained. We use K21 and I cefall2
tools for training.

4.1 Real Data and TTS 

The results in Table 1 provide a comparison of Word Error Rate (WER) and 
Character Error Rate (CER) for different datasets used in training an Automatic 
Speech Recognition (ASR) system over a 20-h period. As expected, the real 
data outperforms synthetic methods, achieving a WER of 34.40% and a CER 
of 15.33%. This highligh ts the effectiveness of real-world audio in capturing the
nuances and variability inherent in natural speech, which is vital for developing
robust ASR models.

Text-to-Speech (TTS) stands out with a notably high WER of 97.10% and 
a CER of 80.18%, suggesting significant limitations in replicating the natural 
qualities of human speech required for accurate recognition. The synthetic speech
generated by TTS lacks the variations and natural characteristics, leading to a
reduced performance.

1 https://github.com/k2-fsa/k2. 
2 https://github.com/k2-fsa/icefall. 
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Table 1. Word Error Rate (WER) comparison for different types of training data in an 
Automatic Speech Recognition (ASR) system, evaluated over training duration of 20 h. 
The results highlight the effectiveness of real-world audio data and v arious synthetic
speech generation methods, including TTS and voice conversion techniques such as
KNNVC, Seed-VC, and Vec2Wav2.

Train Data CER ↓ WER ↓ 
Real Data 15.33 34.40 
TTS 80.18 97.10 
KNNVC 55.08 83.06 
Seed-VC 43.97 75.53 
Vec2Wav2 46.62 78.42 

KNNVC, a voice conversion method, achieves a WER of 83.06% and a CER 
of 55.08%. This technique surpasses TTS in performance, indicating its ability 
to generate more natural-sounding synthetic speech, yet it still trails substan-
tially behind real data. Seed-VC yields better results, with a WER of 75.53% 
and a CER of 43.97%. The relativ e improvement in WER over TTS is approx-
imately 22.2%, suggesting Seed-VC’s superior capability in synthesizing speech
that faithfully mimics the qualities of real-world audio.

Vec2Wav2 demonstrates moderate effectiveness with a WER of 78.42% and 
a CER of 46.62%, providing improvements over both TTS and KNNVC but 
slightly underperforming compared to Seed-VC. The relative improvement in 
WER compared to TTS is approximately 19.2%, highlighting Vec2Wav2’s poten-
tial in enhancing synthetic speech for ASR training. Overall, these findings indi-
cate that while real audio data remains c rucial for optimal ASR system perfor-
mance, advanced voice conversion techniques, particularly Seed-VC, can signifi-
cantly boost the utility of synthetic datasets in speech recognition applications.

4.2 Substituting Real Speech Data with Synthetic Clones via Voice 
Conversion Models 

The presented results in Table 2 provide an insightful examination of Word Error 
Rate (WER) and Character Error Rate (CER) when utilizing enhanced voice 
conversion models and their combinations with Text-to-Speech (TTS) in training 
Automatic Speech Recognition (ASR) systems over a 20-hour duration. Com-
pared to our previous discussion tables, these configurations demonstrate the 
effectiv eness of repeated applications of KNNVC, Seed-VC, and Vec2Wav2 voice
conversion methods, both independently and integrated with TTS-generated
speech.

Voice conversion techniques alone display varying levels of effectiveness when 
applied repeatedly. KNNVC applied five times results in the highest WER of 
82.25%, indicating a significant error rate that reflects potential overfitting prob-
lems or artifacts introduced through excessive synthesis transformations. This
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Table 2. Word Error Rate (WER) analysis of speech recognition performance using 
enhanced voice conversion models and combinations with Text-to-Speech (TTS). Eval-
uated over training duration of 20 h, this table presents results for models trained on 
synthetic speech generated through repeated a pplications of KNNVC, Seed-VC, and
Vec2Wav2, as well as the integration of TTS-generated speech with these voice con-
version techniques.

Train Data CER ↓ WER ↓ 
KNNVC ×5 52.97 82.25 
Seed-VC ×5 41.47 73.99 
Vec2Wav2 ×5 44.4 75.77 
TTS + KNNVC 52.19 81.8 
TTS + Seed-VC 43.95 74.62 
TTS + Vec2Wav2 46.42 76.82 

suggests that without the refinement of TTS integration, pure voice conversion 
might lack the necessary naturalness or variability found in real-world speech.

Seed-VC applied five times achieves a notable reduction in WER to 73.99%, 
representing a relative improvement of approximately 9.92% compared to 
KNNVC. This suggests that Seed-VC’s repeated transformations produce syn-
thetic speech that is closer in acoustic features to real speech, thereby improving
ASR model performance.

Vec2Wav2 repeated application, resulting in a WER of 75.77%, offers a 
more moderate improvement compared to KNNVC, with a relative reduction of 
around 7.86%. This demonstrates that while Vec2Wav2 improves performance, 
it yields less pronounced gains than Seed-VC in its fivefold application, high-
lighting the specific strengths and limitations inherent in each voice conversion
model.

The integration of TTS with voice conversion techniques reveals additional 
enhancements. The combination of TTS with KNNVC leads to a slight reduc-
tion in WER to 81.8%, yielding a minor relative improvement of approximately 
0.55% over KNNVC alone. However, the benefits are more pronounced when 
TTS is comb ined with Seed-VC, where WER reduces further to 74.62%, a rela-
tive improvement of about 9.33% compared to TTS with KNNVC, underscoring
the complementary nature of Seed-VC and TTS.

Similarly, while combining TTS with Vec2Wav2 results in a WER of 76.82%, 
this configuration also provides a small yet notable relative improvement of 
around 5.48% compared to Vec2Wav2 alone. This indicates that TTS can 
enhance the performance of voice conversion techniques, though the extent varies
depending on the particular model.

Overall, the results suggest that voice conversion models, particularly when 
integrated with TTS, can improve speech recognition accuracy. Nonetheless, the 
degree of improvement is contingent on the model and approach used, with Seed-
VC demonstrating the most substantial gains, especially when paired with TTS.



Enhancing SR Through TTS and Voice Conversion Augmentation 55

These findings highlight the critical role of strategic integration and moderation 
in applying voice conversion and TTS techniques to optimize ASR systems’
performance effectively.

4.3 Augmenting Real Speech Data with Synthetic Clones 

The results in Table 4 illustrate the effectiveness of different combinations of 
TTS and voice conversion techniques in reducing the Word Error Rate (WER) 
in Automatic Speech Recognition (ASR) systems with 20 h of training data. 
Each configuration demonstrates a considerable improvement over the assumed
baseline WER of 34.40% obtained with real data alone.

Integrating TTS with the Vec2Wav2 model yields the most significant reduc-
tion, achieving a WER of 28.65%. This translates to a relative improvement 
of approximately 16.74% compared to the baseline, highlighting the efficacy of 
this combination in enhancing speech recognition accuracy. However, applying 
Vec2Wav2 fivefold i ncreases the WER to 30.26%, which still represents a relative
improvement of about 12.04% but points to potential over-processing issues.

Similarly, the TTS plus KNNVC configuration results in a WER of 28.98%, 
corresponding to a relative improvement of approximately 15.78%. Yet, when 
KNNVC is applied five times, the WER rises to 30.26%, reducing the relative
improvement to roughly 12.04%, consistent with findings for multiple Vec2Wav2
applications.

The integration of TTS with Seed-VC results in a WER of 32.30%, yield-
ing a modest improvement of about 6.10%. However, applying Seed-VC fivefold 
provides a notable WER of 29.71%, improving the relative figure to 13.63%,
suggesting that multiple applications can be beneficial for Seed-VC, contrary to
trends observed with other techniques.

Finally, using all clones with TTS results in a WER of 29.01%, represent-
ing a relative improvement of approximately 15.67%. This balanced approach 
deliv ers robust performance without the complexities associated with multiple
applications of a single technique.

In summary, these results clearly demonstrate that while all configurations 
enhance WER over the baseline, the degree of improvement is variable. The 
Vec2Wav2 technique, notably in its single-application form, produces the most 
substantial relative gains. Importantly, the analysis suggests that applying voice 
conversion techniques excessively can lead to less pronounced improvements, 
potentially due to overfitting or introduction of recognition-inhibiting artifacts.
Consequently, selecting the optimal number of applications is crucial for maxi-
mizing the benefits of data augmentation in ASR systems (Table 3). 

4.4 Exploring the Impact of Varying Training Durations on Model 
Performance 

The analysis of the Word Error Rate (WER) and Character Error Rate (CER) 
across different training durations (10, 20, and 50 h) highlights several key obser-
vations on the performance enhancements achieved through data augmentation
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Table 3. Performance comparison of Word Error Rate (WER) when blending real and 
synthetic training data in Automatic Speech Recognition (ASR) systems. The table 
highlights WER improvements with real data alone and in combination with TTS 
and multiple iterations of voice conversion techniques (KNNVC, Seed-VC, Vec2Wav2).
Evaluated over 20 h of training data, configurations include single and multiple appli-
cations (denoted as ×5) of voice conversion methods.

Train Data CER ↓ WER ↓ 
Real Data + TTS + KNNVC 12.32 28.98 
Real Data + TTS + KNNVC ×5 13.71 30.26 
Real Data + TTS + Seed-VC 13.71 32.30 
Real Data + TTS + Seed-VC ×5 13.25 29.71 
Real Data + TTS + Vec2Wav2 12.12 28.65 
Real Data + TTS + Vec2Wav2 ×5 13.51 30.26 
Real Data + TTS + all clones 12.58 29.01 

techniques, specifically TTS and various voice conversion models such as KNN-
VC, Seed-VC, and Vec2Wav2, in the context of Turkish call center data.

Initially examining the WER of models trained solely on real data, a clear and 
substantial decrease is observed as the training duration increases: from 58.71% 
with 10 h of training to 34.40% with 20 h, and further to 25.48% with 50 h. This
expected improvement underscores the importance of extensive training datasets
in enhancing speech recognition models.

When comparing models augmented with TTS and voice conversion tech-
niques to those trained only on real data, significant improvements are observed. 
With 10 h of training, the integration of TTS and KNN-VC, Seed-VC, and 
Vec2Wav2 results in relative WER reductions of approximately 19% to 21%. 
Specifically, the WER decreases from 58.71% to about 46–47%, depending on 
the specific voice conversion model used. At 2 0 h, the relative improvement in
WER is between 6% and 17%, with the augmented models achieving WERs rang-
ing from 28.65% (Vec2Wav2) to 32.30% (Seed-VC), notable reductions from the
baseline of 34.40%.

Interestingly, as the amount of training data increases to 50 h, the relative 
improvements in WER obtained from the voice conversion models become less 
pronounced, with improvements around 1% to 3% when compared to models 
trained on real data alone. All augmented models achieve WERs around 25%,
closely aligning with the baseline and with one another, indicating diminish-
ing returns on WER improvements from these specific techniques as training
duration grows.

These findings reveal that while TTS and voice conversion models initially 
provide substantial advantages, particularly with limited data, their relative ben-
efit decreases as the training datasets expand. This suggests that the effectiveness
of these augmentation techniques is more pronounced in resource-constrained
scenarios. Overall, the results underscore the utility of data augmentation in
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Table 4. An In-Depth Analysis of Character Error Rate (CER) and Word Error Rate 
(WER) for Various Voice Conversion Models, Evaluating Performance Across Different 
Training Durations: A Comprehensive Comparison for 10, 20, and 50 h of Training on
Real Data, Augmented with TTS and Different Voice Conversion Techniques Including
KNN-VC, Seed-VC, and Vec2Wav2.

Train Data Amount of Hours i n Training
10 h 20 h 50 h 
CER WER CER WER CER WER 

Real Data 35.57 58.71 15.33 34.40 10.44 25.48 
Real Data + TTS + KNNVC 24.38 47.08 12.32 28.98 10.18 25.47 
Real Data + TTS + Seed-VC 23.89 46.56 13.71 32.30 10.19 25.19 
Real Data + TTS + Vec2Wav2 24.50 46.72 12.12 28.65 10.04 25.26 

reducing WER and CER for Turkish call center data, emphasizing their role in 
enhancing model robustness and accuracy, e specially in the early stages of model
development.

5 Conclusion 

This study investigates the efficacy of various data sources for training Automatic 
Speech Recognition (ASR) systems, focusing on real-world audio, Text-to-Speech 
(TTS), and advanced voice conversion techniques such as KNNVC, Seed-VC, 
and Vec2Wav2. Our findings unequivocally establish that real-world audio data 
yields superior ASR performance, achieving the lowest W ord Error Rate (WER)
and Character Error Rate (CER). This underscores the critical role of authentic
speech in capturing the nuanced variability essential for robust ASR models.

While synthetic methods offer a feasible alternative in the absence of exten-
sive real data, their effectiveness varies significantly. The TTS approach, though 
widely accessible, demonstrated substantial limitations, as evidenced by its
higher WER and CER, likely due to inadequate representation of natural speech
dynamics.

Conversely, the integration of voice conversion techniques presented marked 
improvements. Seed-VC emerged as the most promising method among the syn-
thetic approaches, delivering the highest reduction in WER and CER relative to 
TTS, thereby demonstrating its potential to bridge the performance gap between 
synthetic and real data. Vec2Wav2 also showed efficacy , albeit to a lesser extent.
These results suggest that advanced voice conversion can enhance the realism
and utility of synthetic datasets for ASR training.

In conclusion, while real-world audio remains the benchmark for optimal 
ASR performance, the strategic implementation of sophisticated voice conver-
sion methods presents a viable path to enhancing ASR systems, particularly
in resource-constrained environments. Future research could further refine these
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synthetic methods and explore their broader application in diverse linguistic 
contexts, paving the wa y for more accessible and effective ASR technologies.
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Abstract. This study aims to improve the accuracy of Hungarian auto-
matic speech recognition (ASR) by applying large amounts of Hungar-
ian training data both for self-supervised learning (SSL) and traditional 
supervised learning methods. In our experiments, the effectiveness of 
self-supervised pretraining on both smaller public and larger proprietary 
datasets was tested. Introducing SSL techniques to small Hungarian 
training sets resulted in noticeable improvements in model accuracy. 
When fine-tuning on large datasets containing thousands of hours of 
Hungarian speech, SSL accelerated training convergence, but fine-tuned
models pretrained in English in a supervised way could not be outper-
formed in terms of word error rate. However, models trained or fine-tuned
on a larger-than-ever purely Hungarian dataset achieved state-of-the-art
accuracy across multiple independent evaluation sets.

Keywords: Deep learning · ASR · Self-supervised learning · Ac oustic
modeling

1 Introduction 

Previous research has shown that starting neural network training from pre-
trained weights rather than random initialization can improve convergence speed
[3]. This is also true for automatic speech recognition (ASR), where even weights 
from a model trained on a different language can provide a good initialization
point [11]. 

The increasing size of neural models demands ever-larger amounts of data, 
which cannot be met through costly and slow manual annotations. Self-
supervised learning (SSL) offers a solution to this problem by producing initial 
models/weights capable of high-level representation without output labels. These 
can then be fine-tuned for specific tasks (e.g., speech-to-text) using a relatively
shallow added layer, shortening training and improving final results [16, 25]. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
A. Karpov and G. Gosztolya (Eds.): SPECOM 2025, LNAI 16188, pp. 60–69, 2026. 
https://doi.org/10.1007/978-3-032-07959-6_5

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-07959-6_5&domain=pdf
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Our goal was to explore to what extent self-supervised pretraining on Hun-
garian data can benefit Hungarian ASR. We trained SSL acoustic models on 
nearly 20,000 h of Hungarian audio, fine-tuned them on various labeled corpora, 
and evaluated them on public datasets. Compared to other publicly available
Hungarian models, our results show broader applicability and, in some cases,
significantly higher recognition accuracy.

2 Data  

As a first step, it was necessary to collect audio data for SSL training. Com-
pared to supervised training, this method requires orders of magnitude more 
data. Due to the large volume of data, the application of audio file compres-
sion methods became an important consideration. To facilitate data handling,
we created tarred collections from individual files. Since these collections bundle
multiple files together, they require fewer file read operations, resulting in a more
efficient training process.

2.1 SSL 

For self-supervised learning, we needed a large amount of Hungarian speech 
data. While obtaining such data in itself was not a challenge, we prioritized 
publicly available databases to support reproducibility and comparability of the
experiments.

The majority of the training data came from the VoxPopuli V2 dataset [24], 
maintained by Meta/Facebook Research. This dataset includes European Par-
liament speeches in various languages from multiple nations. It contains longer 
recordings (several minutes in length), but since ASR systems require shorter 
speech segments for training, we split the audio into segments no longer than 20 s. 
We mostly applied segmentation at automatically detected silent parts that did
not contain speech. We also removed longer pauses to reduce the overall length
of the dataset. The resulting corpus contains 17,470 h of Hungarian-language
recordings.

We also used a relatively smaller in-house (IH) dataset for self-supervised 
training. The IH corpus mainly consists of radio talk shows. Its preprocessing 
followed the same procedure as for the VoxPopuli dataset, with silence-based 
segmentation and trimming, resulting in a total of 3.36 thousand hours of mate-
rial. Although it is significantly smaller than the Facebook Research corpus in 
volume, it represents a different speech style and domain, thus contributing valu-
able diversity to the SSL training process, which was carried out on the combined
VoxPopuli + IH dataset.

2.2 Mozilla Common Voice (CV-16) 

For fine-tuning and evaluation experiments, we used the Hungarian subset of 
the freely available Mozilla Common Voice dataset, version 16.1 (CV-16) [1]. 

This version contains a total of 92 h of recorded, verified data. The durations 
of the training, validation, and test subsets are 52.5, 16.8, and 17.7 h, respectively.
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2.3 BEA 

For further fine-tuning experiments, we sought a dataset that includes conver-
sational speech. The BEA (Hungarian Spoken Language Database) [5, 20]  is  a  
corpus collected and maintained by the Hungarian Research Centre for Linguis-
tics. It contains both spontaneous (monologic and dialogic) and read sp eech from
multiple individual speakers. Within BEA, we used the BEA-Base subset [19], 
which was specifically created for the evaluation of speech recognition models. 
The dataset is freely available for research purposes.

We used the official split of BEA-Base, the subset for training (train-114) is 
68 h long, the validation set (dev-spont) is 3.8 h, and the test set (eval-spont) is
4.75 h long.

2.4 BNC 

The dataset we refer to as BNC (Broadcast News and Conversations) is a pro-
prietary, manually transcribed/verified collection consisting of several thousand 
hours of audio tracks from Hungarian television broadcasts. Most of the record-
ings contain multi-speaker conversations, while a smaller portion includes r ead
news or prepared speeches. Prior to use, the audio data was segmented and
normalized to ensure consistency and comparability with other training and
evaluation sets.

For the BNC dataset, we created a training set of 2,703 h, a validation set o f
113 h, and a test set of 41 h of audio.

3 Experiments 

The focus of our experiments was on how to best utilize large-scale speech data 
for training ASR systems. Working with large datasets is naturally cumbersome, 
so we optimized hyperparameters on the development sets of the smaller CV-16 
and BEA datasets. In these cases, we deliberately avoided using the designated
evaluation sets, reserving them for evaluating the training performed on the large
(BNC) dataset.

3.1 Experimental Environment 

All experiments were conducted using version 1.23 of the NVIDIA NeMo Toolkit
[9]. The environment supports various model architectures and enables multi-
GPU and multi-node training. SSL training can also be configured within it.

The NeMo Toolkit integrates with the SLURM job scheduler, which was used 
to run SSL training on the Komondor supercomputer [6].
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3.2 Models 

When choosing the neural architecture, we ensured that at least one pretrained 
English-language model was available. Starting from these initial weights, we 
were able to perform baseline training for comparison with our SSL-based exper-
iments. In self-supervised training, we first created a general model from unla-
beled Hungarian data. This model was then fine-tuned for the speech recognition
task using various annotated datasets.

We sought a specific acoustic model architecture for our research. Since SSL 
training is computationally intensive, we aimed to select a model with a relatively 
low parameter count that could be trained efficiently, while still achieving high 
accuracy and m eeting potential industrial requirements (limited GPU memory,
compute capacity, etc.). We therefore chose the FastConformer Large (CTC)1
model, which is conveniently supported in the NeMo Toolkit [9] and has approx-
imately 121 million parameters [22]. 

The Conformer architecture [8] is essentially a transformer encoder [23]  that  
includes, in addition to the usual attention and feed-forward layers, a 1D con-
volutional layer in each block to better capture local context. This architec-
ture is arguably the most popular in end-to-end deep neural ASR systems. The
FastConformer differs from the classic Conformer in that it replaces the stan-
dard 1D convolution with a ‘time-channel separable‘ convolution [13], which is 
a parameter- and computation-efficient appro ximation of the former.

The output of the FastConformer model is a probability distribution over 
subword units (with a scalable vocabulary s ize) every 80 ms, followed by a final
CTC [7] layer and loss function. For tokenizing the transcriptions used during 
fine-tuning, we applied the SentencePiece algorithm [14] with the default vocab-
ulary s ize of 1024.

3.3 SSL Training 

For SSL training, we experimented with both Contrastive [2] and Masked Lan-
guage Modeling (MLM) [10] loss functions. In contrastive approaches, models 
learn to distinguish true latent representations from distractors, while in MLM
(similar to the training of BERT models [4]), the model must predict a masked 
audio segment based on t he known (unmasked) context.

During SSL training, we used the default configuration of the given NeMo 
version, and we only list those parameters below that diverged from the default.

For SSL training, we used 2 nodes with a total of 16 A100 SXM4 GPUs, each 
with 40 GB VRAM. Each node had 64 CPU cores and 256 GB RAM available. 
One ep och took approximately 1 h. In all our trainings, we used the AdamW
optimizer [12, 17].

1 https://github.com/NVIDIA/NeMo/blob/main/examples/asr/conf/fastconformer/ 
fast-conformer_ctc_bpe.yaml. 
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4 Results 

In the following, we present the results of the training runs that started from
SSL-pretrained weights (as described in Sect. 2), alongside results from “cross-
language transfer learning” using English-language acoustic models pretrained by 
NVIDIA as baselines. The Hungarian SSL models and the English (supervisedly 
pretrained) models were always fine-tuned on Hungarian-language corpora, using 
the v alidation set to monitor training. Final evaluations were conducted on test
sets independent of the training and validation data.

4.1 SSL + CV-16 

In this setting, we experimented with several SSL-pretrained models. Apart from 
the initial weights, all training parameters were fixed and aligned with the NeMo 
FastConformer-Large training recipe. The models were trained (fine-tuned) on 
the CV-16 training set for 100 epochs, with a learning rate of 2 ∗ 10−4 and a
tokenizer size of 256. The results are summarized in Table 1. 

Table 1. Fine-tuning English and various SSL-pretrained models on CV-16.

Experiment Name SSL Loss Type SSL Epoc h Num Negativ es Val WE R
en_weights NA NA NA 16.49 % 
ssl_weights_1 Contrastive 70 40 15.56 % 
ssl_weights_2 Contrastive & MLM 100 40 13.20 % 
ssl_weights_3 Contrastive & MLM 100 100 13.43 % 

4.2 SSL + BEA 

In this series of experiments, we worked with only one SSL-pretrained model. 
Our main focus was on tuning the learning rate. As Table 2 shows, shaping the 
learning rate schedule had a significant impact on the validation WER. Again, a 
notable improvement (14.53% vs 17.11%, 15% relative) due to SSL pre-training
can be observed.

The model labeled ‘ssl_weights_3’ in Table 2 refers to the identically named 
model in Table 1. This pretrained model was chosen because it showed consis-
tently lower validation WER during fine-tuning on CV-16 (only final results are
shown in the table), outperforming the other variants.

4.3 SSL + BNC 

As the third and most important experiment, we fine-tuned the selected pre-
trained model on the large BNC corpus of transcribed data.
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Table 2. Fine-tuning different SSL models on BEA and evaluation on BEA dev_spont.

Initial Weigh ts Initial L R Minimum L R Warmup Steps Val WE R
en_weights 9e–5 5e–8 2000 26.73 % 
en_weights 5e–4 5e–8 12500 17.11 % 
ssl_weights_3 5e–4 5e–6 1000 17.47 % 
ssl_weights_3 4e–4 5e–8 2000 16.46 % 
ssl_weights_3 2e–4 5e–8 2000 15.32 % 
ssl_weights_3 9e–5 5e–8 2000 14.53 % 
ssl_weights_3 8e–5 5e–8 2000 14.76 % 

Fine-tuning on BNC was carried out using both the Hungarian SSL-
pretrained model (trained on 20,000 h of Hungarian audio) and t he supervised
English model pretrained by NVIDIA. While previous results (see Tables 1 and 2) 
clearly favored the Hungarian SSL initialization over the English one, t his time
we observed the opposite.

Although the SSL-pretrained model converged faster, it did not outperform 
the supervised English model in final accuracy. Figure 1 shows the validation 
WER curves for both SSL-based and English-based training, where the SSL-
initialized model converges more quickly but ultimately achieves slightly worse
test set performance, as confirmed in Table 3. One possible explanation is the 
lack of BNC-specific hyperparameter optimization.

Fig. 1. Training on the BNC dataset starting from English (en_weights) and SSL-
pretrained (ssl_weights_3_tuned) weights. The SSL model converges faster but ulti-
mately underperforms the supervised English model.



66 G. Dobsinszki et al.

Table 3. Validation and test results for fine-tuning on the BNC corpus using SSL-
pretrained vs. English-supervised weights.

Initial Weigh ts Val WER (%) Test WER (%)

en_weights 3.66 3.83 
ssl_weights_3 3.75 3.96 

We compared the models fine-tuned on BNC to other Hungarian-language 
neural ASR systems. One such system is BEAST2 [18], trained on a limited 
amount of in-domain data (BEA) e xploiting large scale SSL pre-trained models
[2], achieving the best performance on the BEA test s et. Another is Whisper
[21] (large-v3), a publicly available model by OpenAI capable of multilingual 
transcription, language detection, and even translation.

As seen in Table 4, both of our models significantly outperform the other two, 
despite not using a language model (LM), meaning they were trained without any 
prior knowledge of written Hungarian. Additionally, our architectures have the 
lowest parameter count among all four systems. The only case where BEAST2 
performs better is on the BEA dataset—which is understandable, as BEAST2 
was t rained on BEA, while our models were not and therefore treat it as out-of-
domain. Even so, our models outperform Whisper large-v3 on this dataset, for
which BEA is also unseen.

Table 4. Results  of  BEAST2 [15], Whisper large-v3 [21], and our models (from Hun-
garian SSL and English supervised pretraining) on three publicly or research-accessible
evaluation datasets.

Model LM CV-16 
WER (%)

FLEURS 
WER (%)

BEA 
WER (%)

BEAST2 Yes 19.53 25.63 10.98 
Whisper large-v3 Implicit 13.4 12.9 21.70 
FastConformer HU-SSL + BNC (own) No 7.43 9.98 13.06 
FastConformer EN + BNC (own) No 7.32 9.74 12.70 

4.4 SL + BNC 

As a control, we also trained a few variants of FastConformer HU using classical 
supervised learning (SL), analogous to the last row of Table 4. Besides the NeMo-
recipe Large model, we trained an XL (600M parameters) version using encoder 
+ CTC as well as RNN-Transducer (T) style training, where the FastConformer 
L a nd XL encoders were paired with a recurrent decoder. Results are shown in
Table 5.



Best Data is more Supervised Data – Even for Hungarian ASR 67

These XL and Transducer models were trained for 50 epochs (as opposed to 
100 in earlier experiments), starting from the English-supervised models released
by NVIDIA. The first row of Table 5 matches the last row of Table 4. Except for 
the basic CTC model, all architectures outperform the BEAST2 [15]  model  on  
the spontaneous BEA (even though BEA data was not used for training). More-
over, to the best of our knowledge, the final FastConformer-T XL model outper-
forms all previous state-of-the-art Hungarian ASR results on CV, FLEURS and
BEA with a large margin.

Table 5. Evaluation of NVIDIA NeMo En models fine-tuned on the the large Hungar-
ian BNC dataset (2700 h of manually transcribed audio).

Model Architecture CV-16 WER (%) FLEURS WER (%) BEA WER (%)

FastConformer CTC 7.32 9.74 12.70 
FastConformer CTC XL 6.54 7.90 10.55 
FastConformer-T 7.02 8.89 10.88 
FastConformer-T XL 5.45 7.02 9.92 

5 Summary 

Our results show that when fine-tuning on small datasets, SSL pretraining 
can bring significant improvements over cross-lingual transfer from pretrained 
weights in a different language. However, this advantage disappears when fine-
tuning is performed on large amounts of transcribed data, at least with the
model architecture we examined.

For the self-supervised training, we used less than 20,000 h of audio, which 
is relatively limited for such approaches. In the future, w e plan to expand this
dataset and fine-tune such a model in a supervised manner.

We also aim to explore self-supervised training with larger models. These 
require more VRAM and longer training time, and thus could not be included 
in the current study. However, prior research has shown that the benefits of 
SSL pretraining become more prominent with larger, higher-capacity models. 
Overall, our findings suggest that the best performance can be achieved using 
large English-supervised pretrained models that are further fine-tuned on large 
corpora under supervision. Our conclusion is that collecting and applying super-
vised data remains the most effective method for improving speech recognition 
accuracy—based on our Hungarian-language experiments.
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Abstract. Automatic speech recognition (ASR) has seen significant 
improvements with the advent of deep learning and end-to-end models 
based on Transformer architectures. Arabic ASR has remained a chal-
lenging task due to the language’s complexity, especially in terms of its 
dialectal variety. We explore the performance of several state-of-the-art 
ASR models on a large-scale Arabic speech dataset – the SADA (Saudi 
Audio Dataset for Arabic) comprising 668 h of high-quality audio. The 
dataset includes multiple dialects and environments, and specifically a 
noisy subset; all of these make it particularly challenging for ASR. We 
evaluate the performance of the models on the SADA test set, and we 
explore the impact of finetuning, language models, as well as noise and 
denoising on their p erformance. We find that the best performing model
is the MMS 1B model finetuned on SADA with a 4-gram language model
that achieves a WER of 40.9% and a CER of 17.6% on the SADA test
clean set. We find that the best path towards improving the perfor-
mance of the models in noise is finetuning them on the noisy data, with
denoising adversely impacting performance overall and only leading to
improvement the noisiest samples.

Keywords: ASR · Arabic · Transformer · SADA · Wav2Vec · XLSR · 
Whisper · MMS

1 Introduction 

Automatic Speech Recognition (ASR) is a technology that converts spoken lan-
guage into text. ASR systems have been around for decades, but they have seen 
a significant improvement in the last few years with the advent of deep learning 
and the creation of large-scale datasets. The most notable improvements have
been achieved with the introduction of end-to-end models, such as Wav2Vec2 [5] 
and Whisper [17], which are based on Transformer architectures [19]. 

In this work, we focus on Arabic ASR, which is a challenging task due to the 
complexity of the A rabic language, especially in terms of its dialectal variety.
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
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Arabic is spoken by more than 400 million people worldwide, and it has many 
dialects that differ significantly from each other, as well as the Modern Standard 
Arabic (MSA) language norm. It is also a l anguage that has not been the main-
stream focus of ASR research, with limited resources available for training and
evaluating ASR systems.

In recent years, there has been growing interest in Arabic ASR, with several 
datasets and models being developed. Dhouib et al. [9] provide a systematic 
literature review of Arabic ASR, covering the period from 2011 to 2021 and 
focusing on the toolkits, datasets, and techniques used in Arabic ASR. They
found that KALDI [15]  and  HTK [21] were the most popular toolkits, and that 
89.5% of the studies focused on Modern Standard Arabic (MSA), while 26.3%
focused on various Arabic dialects. Abdelhamid et al. [1] in addition provide a 
review of the development of end-to-end Arabic ASR models. Recently, Besdouri
et al. [6] provided a comprehensive overview of Arabic ASR, focusing on the 
challenges posed by the language’s diverse forms and dialectal variations. To 
address the challenges of dialectal code-switching in Arabic ASR, Chowdhury
et al. [7] propose a multilingual end-to-end ASR system based o n the conformer
architecture [10] that outperforms state-of-the-art monolingual dialectal Arabic 
and code-switching Arabic ASR systems. Finally, the Open Universal Arabic 
ASR Leaderboard has been introduced to be nchmark open-source general Arabic
ASR models across various multi-dialect datasets [20]. 

We explore the performance of several state-of-the-art ASR models on a 
large-scale Arabic speech dataset, the SADA (Saudi Audio Dataset for Arabic)
[2], which contains 668 h of high-quality audio from Saudi television shows. The 
dataset includes multiple dialects and environments, specifically a noisy subset 
that makes it particularly challenging for ASR. We evaluate the performance 
of the models on t he SADA test set, and we explore the impact of finetuning,
language models, as well as noise and denoising on the performance of these
models.

2 Dataset 

There are several datasets available for Arabic ASR. The Arabic Speech Corpus – 
a single speaker dataset created for TTS in the Syrian Damask dialect, with some
2k samples [11]. The Egyptian-ASR-MGB-3 dataset of 16 h manually transcribed 
multi-genre data of Egyptian collected from different YouTube channels. The 
Tarteel Recitation Dataset of Quranic recitation with 67.4 h from 1,200 speakers
[14]. Finally, Mozilla Common Voice [3] that as of v22 contains 157 h of Arabic 
(92 h validated) with 1,632 speakers.1

In our work, we focus on the SADA (Saudi Audio Dataset for Arabic) dataset 
– a large-scale Arabic speech dataset with 668 h of high-quality audio [2]. The 
audio is sourced from 57 Saudi Broadcasting Authority television shows, suitable 
for speech recognition training. It includes both read and spontaneous speech in 
multiple dialects – primarily the three major Saudi dialects (Najdi, Hijazi and
Khaleeji), but also including Yemeni, Egyptian, and Levantine. The dataset was
1 https://commonvoice.mozilla.org/en/datasets. 

https://commonvoice.mozilla.org/en/datasets
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transcribed and prepared by the National Center for Artificial Intelligence in
Saudi Arabia.

Our initial data exploration shows SADA to be a challenging dataset. There 
are quite long samples (>30 s), as well as issues with speaker overlap, and tran-
scription errors. Moreover, less than a third of the data is considered clean, with
another third classified as noisy and the final one containing music, as shown
from the data spread in Table 1. We see this as a good opportunity to test the 
performance of state-of-the-art ASR models on a challenging large-scale Arabic 
dataset, a nd to explore the impact of finetuning and denoising on the perfor-
mance of these models.

Table 1. SADA data spread across t he environments.

Environment Train (h ) Valid (h) Test (h ) Total (h )
Clean 116.19 2.77 3.73 122.69 
Music 159.29 4.13 3.17 166.59 
Noisy 141.73 2.26 3.84 147.83 
Car 0.42 0 0 0.42 
Total 417.63 9.16 10.74 437.53 

To explore the impact of noise on the performance of the ASR systems, we 
analyze more closely the contents of the noisy part of the SADA dataset. It 
appears that most of the data is not t hat noisy, i.e. sometimes there is some
laughter or English words present. Otherwise, there are several type of noise:

– audience noise (including chatter, laught er and applause),
– traffic n oise,
– white/brown noise (sometimes lo w frequency),
– nature sounds, e.g. birds and dogs,
– harmonic noise, i.e. like s low music,
– audio effects, e.g. doors, thumping, o bjects hitting,
– microphone noise, i.e. microphone handling noise.

3 Methodology 

We consider several state-of-the-art ASR models to build our ASR system. We 
evaluate their performance on SADA w.r.t. WER (Word Error Rate) and CER 
(Character Error Rate). We then explore improving them via finetuning, adding
language models and denoising.

3.1 ASR Models 

Our initial pick is the XLSR-53 (Cross-Lingual Speec h Representations) model
[8] finetuned for Arabic by Mohamed El-Geish as a baseline model for our exper-
imen ts, which we will refer to as xlsr-elgeish.2 The base XLSR-53 model is a
2 https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic. 

https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
https://huggingface.co/elgeish/wav2vec2-large-xlsr-53-arabic
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multilingual 300 M parameter Wav2Vec2 [5] model pretrained on 50 kh from 53 
languages, no Arabic. The elgeish-xlsr model was finetuned on the Arabic Speech 
Corpus and Common Voice v6.1, which contains 78 h of Arabic (50 h validated)
of 672 speakers. The model works with 16 kHz sampled audio and includes no
language model (LM).

Next, we consider XLS-R [4] – a Wav2Vec2 model pretrained on 436 kh in 
128 languages, including 95 h of Arabic. The XLS-R model comes in three model 
sizes of 300 M, 1 B and 2 B parameters. W e choose the 300 M parameter model
for our experiments, which is the same size as elgeish-xlsr.

Finally, we consider the Whisper and MMS (Massively Multilingual Sp eech)
models. Whisper [17] is a family of large transformer-based models pretrained 
on 680 kh of audio in 97 languages, including 739 h of Arabic. The models come 
in five sizes, from 39 M (tiny) to 1.55 B (large) parameters. The large model 
has been updated to v2 that features 2.5× more training epochs and added 
regularization, and v3 that is trained on a larger dataset of 5+ Mh of audio. We 
did n ot use the large model as we chose to limit the analysis to models that can
run on a single consumer grade GPU with 8 GB of VRAM. Whisper’s built-in
neural sequence decoder acts in part like a language model.

MMS [ 16] is a 300 M and 1 B parameter Wav2Vec2 model pretrained on 
1,406 languages with 491 kh of speech, and then finetuned for ASR in 1,107 
languages using 44.7 kh of labeled speech data, and additional adapter layers (2 
M parameters) that are finetuned for each language. MMS + LM outperforms
Whisper medium and large v2, halving the WER and CER whilst being trained
on more than 10× less labeled data and supporting 10× more languages.

3.2 Finetuning 

The largest improvements in ASR performance are achieved by finetuning the 
model on the target dataset. We explore finetuning of the XLSR, XLS-R and 
MMS models on SADA. In order to maintain a fair comparison, we finetune all 
models for 100k steps, which is the number of steps used by Elgeish to finetune
the XLSR model on the Common Voice v6.1 Arabic dataset.3

For finetuning the XLSR and MMS models we experiment with unfreezing 
the encoder weights. We also explore finetuning the o riginal XLSR model and
not the already finetuned El-Geish XLSR model.

3.3 Language Models 

Language models can improve the performance of ASR systems, especially in 
the absence of finetuning. For example, adding a 4-gram language model to an 
English Wav2Vec2 ASR model, when the model has only been finetuned with 
10 min of speech, decreases the WER on the Librispeech test clean set from
40.2% to 6.6% and adding a larger Trasnformer-based language model decreases

3 Note that Elgeish first finetuned the XLSR model on the Arabic Speech Corpus, but 
the number of steps is not disclosed.
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it further to 4.8% [5]. In the case of finetuning, the language model leads only to 
a marginal improvement, i.e. from 2.2% to 2.0% W ER and then to 1.8% WER
with a larger Transformer-based language model.

In our experiments we choose a 4-g language model in order to avoid increas-
ing the overall ASR system complexity, while still reaping the benefits of a 
language model. We choose KenLM – an n-gram Language Model with Kneser-
Ney smoothing, fast and low-memory querying [12], as well as fast and scalable 
estimation based on its streaming algorithms [13]. 

3.4 Noise and Denoising 

Since one third of the SADA data is noisy, we explore the impact of noise on the 
performance of the ASR systems in more detail. We try finetuning the XLSR
model on the noisy SADA data, and then evaluate its performance.

We also explore denoising and its potential to improve the performance of the 
ASR systems. We focus on denoising using spectral gating, as implemented in
the Noisereduce algorithm [18] that first computes a spectrogram of a signal and 
estimates a noise threshold (or gate) for each frequency band of that signal/noise. 
The threshold is then used to compute a mask, which gates noise below the
frequency-varying threshold.

In its non-stationary version, the estimated noise threshold is continuously 
updated over time. This relies on the fact that most types of noise occur at 
timescales larger than the timescale of the speech signal. In practice, the spec-
trogram of the signal is time-smoothed and it is used to calculate a noise mask
that is smoothed with a filter over frequency and time.

We use Noisereduce to denoise the SADA noisy data, and evaluate the XLSR 
model on the denoised data. We also try finetuning the XLSR m odel on the
denoised SADA data, and evaluate its performance on the denoised data.

Finally, we evaluate if denoising helps performance w.r.t. to the noise level. 
Our hypothesis is that denoising helps more on noisier data, and hurts perfor-
mance on less noisy data. SADA is a good dataset for this analysis as its noisy 
set contains samples that span the range from being very noisy and not noisy at
all. We use two proxies for the noise in the data:

– the CER, which we assume is inversely correlated with the noise level, and
– the average relative noise spectrogram energy extracted with Noisereduce.

For both of these proxies we calculate the absolute improvement of CER due to 
denoising as the difference betw een the CER on the noisy and the CER on the
denoised data.

4 Results 

The results from using the chosen ASR models on the SADA test clean dataset
are reported in Table 2. The table also shows the performance of the models 
finetuned on the SADA training set, as well as the performance of the models
finetuned on the SADA training set with an unfreezed encoder.
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Table 2. ASR model performance on SADA c lean test set.

Model Size WER CER 

Base mo dels

xlsr-elgeish 300 M 93.75 53.91 
whisper small 300 M 254.86 215.27 
whisper medium 770 M 116.69 154.70 
mms 1  B  84.40 44.20 

+ Finetuning 

xlsr-elgeish +SADA 300 M 54.34 23.86 
xlsr-elgeish +SADA (unfreeze) 300 M 51.64 22.13 
xlsr +SADA 300 M 91.47 51.38 
xls-r +SADA 300 M 90.65 49.22 
mms +SADA (unfreeze) 1  B  51.49 19.90 

+ Language mo dels
xlsr-elgeish +SADA (unfreeze) +LM 300 M 42.62 18.31 
mms +SADA (unfreeze) +LM 1  B  40.86 17.60 

4.1 Base Models 

The results obtained when using the ASR models directly without finetuning 
confirm the intuition we gathered from the data exploration stage that SADA is 
a challenging d ataset. The El-Geish XLSR model gave a WER of almost 100%
and a CER of around 54%!

The two Whisper models – small and medium, perform the worst with a 
WER of 254.9% and 116.7%, and a CER of 215.3% and 154.7%, respectively. 
On closer inspection, we found on some samples the WER to go up to 15000%! 
We identified the root cause of these results to b e the proclivity of the Whisper
model to hallucinate and generate unbound text. The medium size model tends
to do less hallucination, explaining the better performance.4 An example of this 
behavior can be seen in to following sample:

4 One could expect that the large Whisper model would d o less hallucination, but not
necessarily so.
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Fig. 1. WER (left) and CER histograms (right) with count on the y-axis for the El-
Geish X LSR model on the SADA test clean dataset.

Here, the model not only hallucinates sentences that are not present in the 
audio, but it also starts repeating them 15 times and then again 8 times!5

The MMS 1B model is the largest model we tested. It achieves the best 
performance with a WER of 84.4% and a CER of 44.2%, which is still quite
high.

To get a clearer picture of the error spread across the test clean dataset, we 
plot a histogram of the WER and CER for the XLSR model in Fig. 1.  We  can  
clearly see that the mode for the WER distribution is 100% and it dominates 
the distribution, with only a small tail going down to 50%. The mo de for the
CER distribution is around 50%, but the distribution is more spread out and
looking like a Gaussian.

4.2 Finetuning 

We finetune the ASR models on a subset of the SADA clean training set, which 
contains samples with lengths between 2 s and 10 s. We set the lower bound based 
on the distribution of the CER for short samples, which falls mostly below 100% 
CER for samples longer than 2 s. The upper b ound is set to 10 s, to allow us to
finetune the model on a 8 GB GPU. The finetuning subset contains 35k of the
74k samples in the whole clean train set.

XLSR. The progress of finetuning the XLSR model on the SADA c lean training
set is shown in Fig. 2. We can see that even though the validation (eval) loss starts
5 Reference (Eng.): “I say, Faisal, aren’t you afraid of delay? Hahaha, you made me 

laugh. What do you mean? He’s afraid of delay. What is this talk about? In addition 
to other services, are they afraid of delay? I’m afraid of the discount. Oh, what a 
pity for us. Just be quiet.” 

Prediction (Eng.): “I say, O Fakhn, do you not imagine? Seriously, one made me
laugh, O Rabukh, the laughter subsided. What does imagination imagine? What
is this talk, this talk, did imagination subsided? What does imagination imagine?
[repeated 15 times] What does imagination think? [repeated 8 times] What”.
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Fig. 2. Finetuning progress of the XLSR model on the SADA clean training set.

Fig. 3. WER (left) and CER histograms (right) with count on the y-axis for the El-
Geish XLSR model o n the SADA test clean dataset after finetuning with 700 and 100k
steps.

increasing after 43k steps, the validation WER keeps decreasing. We can also 
see that there is still room for improvement after 100k steps of finetuning.

The results for the finetuned XLSR model show a substantial improvement 
in performance, with WER going from 93.75% down to 54.3% and CER from 
53.91% down to 23.9%, which is an improvement o f over 40%. We can see the
changes of the distributions of the WER and CER with finetuning in Fig. 3.  The  
plots also show the performance at 700 steps of finetuning, which we can see 
for the CER is half wa y to the final distribution for 100k steps of finetuning,
exemplifying the law of diminishing returns.

In Fig. 4 we break down the WER and CER performance of the finetuned 
XLSR model w.r.t. the sample length and the dialect. We can see that the model 
performs better on longer samples and s truggles with samples shorter than 3 s.
We can also see that finetuning improves this performance, less so for the short
samples.

With respect to the dialect, we can see that the original model performs 
markedly better on MSA than on the Khaliji and Najdi dialects. This can be
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Fig. 4. WER (left column) and CER (right column) for the El-Geish XLSR model on 
the SADA test clean dataset after finetuning with 700 and 100k steps, spread across
sample length (top row) and dialect (bottom row).

expected as El-Geish finetuned XLSR on Damascian via Arabic Speech Database 
and on MSA via Common Voice. Finetuning significantly improves p erformance
for unseen dialects, with MSA still performing best over all.

This gives a marginal improvement to performance giving a WER of 51.6% 
and a CER of 22.1%, which is an further improvemen t of 2.7% WER and 1.7%
CER over the finetuned XLSR model.

Finally, finetuning the original XLSR model, instead of the already finetuned 
El-Geish XLSR model, gives a WER of 91.5% and a CER of 51.4%, which is a 
slight improvement of 2.3% WER and 1.5% CER over the El-Geish XLSR model, 
but still worse than the finetuned El-Geish XLSR model. This is probably due 
to the El-Geish XLSR model being already finetuned for at least 100k steps,
meaning that our finetuning brings it to 200k steps, double the number of steps
we used for finetuning the original XLSR model.

XLS-R. The loss curves from finetuning XLS-R on SADA are shown in Fig. 5. 
We can see that the validation loss starts increasing after 20k steps, but the
validation WER keeps decreasing.
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Fig. 5. Finetuning progress of the XLS-R model on the S ADA clean training set.

Fig. 6. Finetuning progress of the MMS model on the SADA clean training set.

The finetuned XLS-R model shows worse results than the finetuned on SADA 
El-Geish XLSR mo del, with a WER of 90.7% down and CER of 49.2%.6

MMS. The finetuning progress of the MMS 1B model on S ADA is shown in
Fig. 6. We can see that both the validation loss and WER keep decreasing, even 
though they seem to near convergence. The finetuned MMS 1B model gives a 
WER of 51.5% and a CER of 19.9%, which is the best performance we achieved 
on the SADA clean test set with finetuning for all the considered ASR models.
The distribution of the WER and CER for the best-performing finetuned models
is shown in Fig. 7. 

4.3 Language Models 

We train a 4-gram language model on the SADA training set using KenLM. The 
obtained ARPA file is 2.2 million lines long (3 M for a 5-gram model) and a size
of 100 MB. We integrate the language model into the XLSR and MMS models
6 We also tried continued pretraining of XLS-R on SADA before finetuning, but the 

contrastive and ev al loss curves showed that the process is failing.
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Fig. 7. WER (left) and CER (right) distributions for the El-Geish XLSR and MMS 
mo dels and their versions finetuned on SADA.

and obtain a absolute WER improvement of 9 and 11% and a CER improvement 
of 4 and 2%. With this we achieve the best performing ASR system on SADA
with a WER of 40.9% and a CER of 17.6% for MMS 1B finetuned on SADA
with an LM.

4.4 Noise and Denoising 

The results from the evaluation of the XLSR model on the noisy subset are given
in Table 3. The results from the evaluation on the c lean dataset are added for
reference.

Table 3. ASR model performance on SADA in noise and denoising.

Model Domain WER CER 
xlsr-elgeish clean 93.75 53.91 
xlsr-elgeish noisy 96.87 58.27 
xlsr-elgeish denoised 97.29 59.14 
xlsr-elgeish +SADA clean 54.34 23.86 
xlsr-elgeish +SADA noisy 63.43 29.63 
xlsr-elgeish +SADA denoised 66.11 31.58 
xlsr-elgeish +SADA (unfreeze) clean 51.64 22.13 
xlsr-elgeish +SADA (unfreeze) noisy 60.95 28.09 
xlsr-elgeish +SADA (unfreeze) denoised 64.46 30.47 
xlsr-elgeish +SADA-noisy (unfreeze) noisy 58.95 27.10 
xlsr-elgeish +SADA-denoised (unfreeze) denoised 59.13 28.85 

We can see that the models, including the ones finetuned on the clean SADA 
train set, perform worse on the noisy data. The best model obtained with finetun-
ing XLSR with unfreezing the encoder weights xlsr-elgeish +SADA (unfreeze)
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Fig. 8. Example denoising results for traffic noise (top row) and harmonic noise (bot-
tom row).

gives a WER of 60.9% and a CER of 28.1% on the noisy data, which is 9.3% 
worse WER and 6% worse CER than on the clean data. Finetuning the model 
on the noisy SADA train set does improve performance and gives a WER of 
58.9% and a CER of 27.1%, which is the best performance on the noisy data.
We note that this is still much worse than the performance on the clean data.

We next apply the Noisereduce denoising algorithm to the noisy SADA data. 
Example results of the denoising p rocess can be seen for traffic and harmonic
noise in Fig. 8. We set the noise reduction coefficient to 0.9, i.e.90%, to avoid 
severely damaging the speech signal integrity.

From Tabl e 3 we can see that denoising the noisy data does not help the 
XLSR model performance. In fact, it is always detrimental to the performance 
of the system. Even the best performing model – xlsr-elgeish +SADA (unfreeze), 
obtains 3.5% worse WER and 2.4% worse CER than on the noisy data. Fine-
tuning the model to the denoised SADA dataset does improve performance, but
it is still worse than finetuning and evaluating the model on the noisy data sans
denoising.

Finally, we plot the absolute improvement of CER due to denoising w.r.t. the 
CER and the Noisereduce average relative noise spectrogram energy in Fig. 9.
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Fig. 9. Absolute improvement of CER due to denoising w.r.t. the CER (left) and the 
Noisereduce a verage relative noise spectrogram energy (right).

We bin the data for clearer visualization and compute the average CER and 
noise estimate for each bin. We fit a regression line to the data and compute the 
Pearson correlation coefficient, which equals 0.28 for the CER and 0.03 for the
noise estimate.

We can see that denoising helps for higher CER, and hurts performance for 
lower CER. On average it leads to CER improvement if the CER is a bove 50%.
The same is true for the noise estimate, i.e. denoising helps for higher noise.

5 Conclusion 

We explored the performance of state-of-the-art ASR models on the SADA Ara-
bic dataset. We found that the 1B parameter MMS model finetuned on SADA 
with a 4-gram language model gives the best performance with a WER of 40.9% 
and a CER of 17.6%. The 300M parameter XLSR model finetuned on SADA with 
an unfreezed encoder and a 4-gram language model gives a competitive WER 
of 42.6% and a CER of 18.3%, offering a good trade-off between performance 
and model size. We also explored the impact of noise on the performance on the 
smaller XLSR model. We found that it performs worse on the noisy data, and 
that finetuning it on the noisy data is the best path towards improving perfor-
mance. Denoising the noisy data mostly does not help performance. Although, it
does have the potential to improve performance on data with pronounced noise
levels.
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Abstract. In this paper, we describe advances made in transcribing 
speech from witnesses and judges in Bastarache and Charbonneau com-
missions in Quebec. This is a rich audio with many speakers speaking 
fluently in conversational style. We extract features from SSL models 
to fine tune hybrid HMM/DNN models and also end-to-end models to 
compare word error rate (WER) on Bastarache and Charbonneau com-
mission test sets. We also try SSL features extracted at both 10 ms and 20 
ms temporal resolution for comparison. In a previous paper, we showed 
that we reduce WER for all the 15 low resource languages in OpenASR21 
evaluation (with only 10 h of training audio), when we increase the tem-
poral resolution of feature parameters computed from the speech SSL 
models from 20 ms to 10 ms. In this paper, we experiment with Quebec 
French data with 10 ms and 20 ms temporal resolution. For a training set 
of 472 h, we show that we still benefit from increasing the temporal reso-
lution from 20 ms to 10 ms. Also, hybrid DNN/HMM models give lower
word error rate (WER) than end-to-end speech recognition with 472 h of
training audio. With a training set over 1000 h of audio, the end-to-end
ASR system gives similar WER as the hybrid DNN/HMM system, and
there is no significant improvement with increasing temporal resolution.
We also compare our results with Whisper, an automatic speech recog-
nition (ASR) system trained on 680,000 h of multilingual and multitask
supervised data collected from the web.

Keywords: French quebec asr · Low-resource · Speech recognition · 
SSL models · T emporal resolution · Whisper

1 Introduction 

In a previous paper [5] we showed that we can reduce the word error rate (WER) 
significantly for the 15 OpenASR21 low resource languages [9] by increasing the 
temporal resolution of features from self-supervised learning (SSL) models from 
20 ms to 10 ms. In OpenASR21 evaluation the training audio was limited to 10 h
for each language. We did not address many issues in that paper [5]. For exam-
ple, will we get the same WER r eductions with increased temporal resolution
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
A. Karpov and G. Gosztolya (Eds.): SPECOM 2025, LNAI 16188, pp. 87–103, 2026. 
https://doi.org/10.1007/978-3-032-07959-6_7

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-07959-6_7&domain=pdf
https://doi.org/10.1007/978-3-032-07959-6_7
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when much more training data is available? Also, with 10 h of training, the per-
formance of end-to-end ASR systems is poor, that is why we used DNN/HMM 
ASR systems for OpenASR21 evaluation. The question is whether e nd-to-end
ASR systems with input features from SSL models give lower WER than the
DNN/HMM ASR systems with input features from SSL models.

We used French data we have collected at CRIM from Quebec TV broadcasts, 
from respeakers of TV programs in Quebec, from transcripts of proceedings
of Bastarache and Charbonneau commissions in Quebec, and from Esther [2], 
Etape [4] and Repere French data [3] from France in order to answ er some of
these questions.

Both Bastarache and Charbonneau commissions were appointed by Quebec 
to investigate certain allegations and contain fluent speech in Quebecois French 
accent. The transcripts of audio were aligned with the audio at CRIM for speech 
recognition purposes. Overall there was 491 h of audio. We used 472 h of audio 
for training and 19 h of audio for test. We used this scenario to compare WER for 
DNN/HMM systems ve rsus end-to-end systems with significantly more training
data than the 10 h of training data used in OpenASR21 evaluation. Even with
this increased training set, we found that the WER with the DNN/HMM system
was lower than that with the end-to-end system.

We then added the rest of the French data (about 1000 h) to the training set. 
Note that this data is primarily from TV broadcasts in Quebec and France so 
the speaking style is more controlled. We found that with this added data, the
WER with end-to-end systems was similar to WER with DNN/HMM systems.

Another issue was language modeling. With 3-gram based language models, 
the performance does not necessarily improve when we add more text. The text 
has to be relevant to the test set. Otherwise, we need to interpolate the LM 
from training text with the LM from outside text to optimize perplexity. Also 
this has to be done every time the test sets are derived from different contexts: 
for example, from commissions data versus TV broadcasts. In the case of end-
to-end speech recognition, we used transformer-based language model (LM).
With this LM, adding even out-of-domain text reduced WER consistently. With
DNN/HMM based system, every module needs to be carefully optimized, while
we only need to optimize the size of the end-to-end models depending on the
amount of data.

We also used Whisper [12] to transcribe the test sets in order to compare 
WER obtained by models trained with SSL features versus WER from large 
pretrained models (like Whisper) available online. Whisper is trained from multi-
lingual 680,000 h of audio ( both supervised and semi-supervised) and is used
for transcription of audio from many different languages without any further
training.

2 Dataset 

We used French data we have collected at CRIM from Quebec TV broadcasts, 
from transcripts of Bastarache and Charbonneau commissions in Quebec, from
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Esther, Etape and REPERE French data from France, and closed-captioning 
data from TV broadcasts in Quebec in order to answer some of the questions in
the Introduction Section. Table 1 summarizes the various data subsets derived 
from these sources that will be used throughout this work.

The ETAPE training data consisted of training data for ESTER 2 [2]  and  the  
more recently transcribed audio for ETAPE [4] for a total of 300 h of a udio. The
REPERE training data [3] consists of 47 h of audio from the REPERE corpus. 
We also had 178 h of internally transcribed audio from French TV broadcasts in 
Quebec, and some transcribed audio from shadow speakers used for closed cap-
tioning of TV broadcasts in Quebec. W e removed 12 speakers from this closed-
captioning data and created a separate development set we call closed-captioned
TV broadcasts (CCTVB in Table 1). Overall, we had 525 h of transcribed audio 
from French TV broadcasts in Quebec, F rance and Morocco to form TVTrain in
Table 1. The audio was down-sampled to 8 kHz and then up-sampled to 16 kHz 
in order to be able to recognize both TV broadcasts and telephone bandwidth 
speech. Note that all development and test sets used for evaluation contain only
French from Quebec, while the training data includes other varieties.

We also downloaded audio from Bastarache1 and Charbonneau commissions2
set up by the province of Quebec to investigate some allegations. These commis-
sions were headed by a Judge and the various testimonies were recorded. Each 
recorded session could be a few hours long. These testimonies were also available 
in transcrib ed pdf format. But these testimonies were not transcribed verbatim.
The transcripts contained speaker information and other non-spoken content.

The processing involved in transcribing the Bastarache and Charb onneau
commission data is described in [13]. In this paper the results reported use the 
version 1.0.0 of the corpus described in [13] except for results in Sec 4.5 which 
use the latest version.

The Bastarache and Charbonneau commission audio version 1.0.0 is 491 h 
long. The Bastarache audio is 80.2 h long and was divided into 72 h of training 
set (45 speakers), 4 h of female development set (7 speakers), and 4.2 h of male 
development set (8 speakers). The speakers in training and development sets did 
not overlap. The Charbonneau audio is 411 h in duration and was divided into
400 h of training set (461 speakers), 5 h of female development set (17 speak-
ers) and 5.8 h of male development set (18 speakers). Together Bastarache and
Charbonneau training sets total 472 h (BasCharTrain in Table 1). 

The speakers in development sets were chosen towards the tail end of the 
duration in order to maximize the total number of speakers and to avoid any 
speaker to dominate the results. This should lead to less biased results. Also, 
speakers with generic names w ere not considered for the development sets. Bas-
tarache and Charbonneau development sets together contains 9 h and the test
sets 10 h (BasChar in Table 1).

1 https://fr.wikipedia.org/wiki/Commission_d%27enquête_sur_le_processus_de_ 
nomination_des_juges_du_Québec. 

2 https://en.wikipedia.org/wiki/Charbonneau_Commission. 
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The context of the text from TV broadcasts (mostly from news, sports and 
weather) is quite different from the Bastarache and Charbonneau commissions 
text that is related to the issues the commissions were investigating. The speak-
ing style in TV broadcasts is mostly read speech while the commissions data is 
mostly testimonies by speakers in fluent French which may contain hesitations, 
pauses, repetitions and other characteristics of conversational speech. To acco-
modate the different contexts, we created 5 development sets: one male and one 
female development s et for Bastarache commission, one male and one female
development set for Charbonneau commission, and one development set with
12 shadow speakers from TV broadcasts. This way, we can see any male/female
bias, and also any bias in the decoding between TV broadcasts and commissions
data.

Table 1. Designation of the various datasets used in this work.

Designation Role Source Size 
TVTrain ASR training TV broadcasts from CRIM, 

Esther, Etape, REPERE
525 h 

BasCharTrain ASR training Public inquiries 472 h 
TVBasCharTrain ASR training TVTrain + BasCharTrain 1000 h 
BasChar Dev. and test Public inquiries 9  h  an  d 10 h
CCTVB Dev. and test Closed-captioners 12 speak ers
SmallLM Training text All transcribed data 16M w ords
LargeLM Training text SmallLM + internet + newspapers 326.5M wo rds

3 ASR Approach with SSL Features at Different 
Temporal Resolutions for Hybrid DNN/HMM Versus
End-to-End ASR

The idea here is to develop the best possible speech recognition system for French 
as spoken in Quebec using the data we have available at CRIM. We have already
shown in a previous paper [5] that features from speech self-supervised learning 
(SSL) models give significantly lower word error rate (WER) than MFCCs [1]. 
We will use the features from SSL models in both hybrid DNN/HMM and end-
to-end ASR for comparison. Since end-to-end ASR models require large training 
data, we will use training audio from just the Bastarache and Charbonneau com-
missions (BasCharTrain, 472 h), and also from all the training data from Bas-
tarache, Charbonneau, and TV broadcast audio (TVBasCharTrain, over 1000 h)
to compare the WER at different training sizes. We also want to see whether
mixing audio from different spoken contexts for training will still lead to reduced
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word error rates on the various development sets. Overall, we would like to com-
pare performance for different training sizes and for development audio from
different spoken contexts.

We also want to compare WER with features extracted from the SSL speech 
models with temporal resolution of 20 ms versus 10 ms for much larger training
audio than the 10 h used in [5]. Here also, to train DNN/HMM system using Kaldi
toolkit [10], we extract the features from the SSL models using Transformers3. 
We extract features at both 10 ms and 20 ms temporal resolution. Separate 
DNN/HMM systems are t rained for 20 ms and 10 ms frame intervals.

Section 3.2 in reference [5] shows how to obtain features with 10 ms frame 
interval from the SSL speech models that provide features at 20 ms frame inter-
val, without re-training the SSL models. We extract features from the original 
audio, and from the same audio trimmed by 10 ms in the beginning (trimming 
the beginning of the audio by 10 ms advances the features of the audio by 10 ms
compared to the original audio). We then combine the two sets of features by
concatenating frames alternately (interleaving them in time) to give a new set
of features with 10 ms frame interval.

Note that the total number of frames for features with 20 ms frame interval 
is half of that with 10 ms interval. For that reason, we create a 20 ms frame 
interval dataset by concatenating the set of features from the trimmed audio 
and the set of features from the original audio, but without interleaving the
individual frames, resulting in twice the total number of frames but still a 20 ms
frame interval.

3.1 Training the Hybrid DNN/HMM System 

For training the DNN system, we used the Kaldi toolkit [10]. We train a factored 
time delay neural network (TDNN-F) [11] for both 10 ms and 20 ms temporal 
resolution. The features with 20 ms temporal resolution were extracted from 
the w2v-bert-2.0 SSL model using Transformers. We choose w2v-bert-2.0 SSL 
model as it was trained from 4.5 million hours of audio, and it gave good WER
for all the 15 OpenASR21 languages [5]. Features with 10 ms frame interval are 
extracted without retraining the SSL model a s outlined in Sect. 3.2 of the paper
[5]. Training the TDNN-F system requires generating alignment and lattices for 
the acoustic data. The alignment and lattices are generated using a GMM/HMM 
system trained with the same acoustic data using 13-dimensional perceptually
weighted linear prediction (PLP) features [6]. The HMM/GMM are computed 
separately for PLP features with 20 ms and 10 ms temporal resolutions. Note 
that PLP features with 20 ms and 10 ms temporal resolutions are computed 
with different window sizes in order to ensure reasonable speech overlap between 
consecutive windows. Window size for 20 ms temporal resolution is 40 ms, while
the window size for 10 ms temporal resolution is 25 ms. We tried different model
architectures for the two sets of features to get the lowest possible WER.

3 https://huggingface.co/docs/transformers/en/index. 
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For the 10 ms temporal resolution feature, we tried two different model archi-
tectures: two streams and one stream, which gave similar results. The 2-stream
model architecture is shown in Fig. 1. Each TDNN-F layer is 512 dimensional 
with a bottleneck dimension of 80. The total number of parameters are 20.4
million.

The model architecture for the 20 ms temporal resolution has 2-streams with 
13 TDNN-F layers per stream, stream 1 has time-stride of 2, and stream 2 
has a time stride of 4. Because of frame advance of 2 0 ms in each utterance,
the frame_subsampling_factor is set to 1 (instead of 3). The time-strides of
the 2 streams are also different from Fig. 1 because of 20 ms temporal resolution 
(instead of 10 ms temporal resolution). Also, the total number of TDNN-F layers 
are reduced to 13 (from 15). These changes give a significant reduction in WER
for SSL features with 20 ms temporal resolution. The model has 20.5 million
parameters.

Fig. 1. 2-stream TDNN-F acoustic model with 1024-dimensional features from 24th 
layer of w2v-bert-2.0 mo del as input, together with 100 dimensional i-vectors.

3.2 Training End-to-End ASR System 

For training end-to-end ASR systems, we used ESPNET toolkit [14] to train the 
acoustic and language models. We used the setup that gave very good results for
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LibriSpeech “test other” test set with features from SSL models. ESPNET has 
scripts to compute features from pretrained SSL models through s3prl toolkit. 
So any pretrained SSL model that can be accessed through s3prl toolkit4 can be 
used in ESPNET. We could not find a way to access w2v-bert-2.0 SSL model 
through the s3prl toolkit in ESPNET, so we used the XLS_R-300 m model 
pretrained on 436k hours o f multilingual unlabeled speech. Features from this
model gave comparable WER in the OpenASR21 scenario [5]. 

We used the training and decoding script in the “egs2/librispeech/asr1” 
subdirectory which used features from WavLM-large SSL model to train an 
end-to-end conformer acoustic model (see conf/tuning/train_asr_conformer7_ 
wavlm_ large.yaml) and Transformer LM (see conf/tuning/train_lm_ 
transformer2.yaml) that gave 3.7% WER on librispeech “test other” test set. 
We adapted the two configuration files to use XLS_R-300 m SSL model and 
reduce the model sizes in order t o be able to train the acoustic and language
models with four 80 gigabyte GPUs in one node. We tried different acoustic and
language model sizes in order to see how the model size affects WER.

ESPnet adopts hybrid CTC/attention end-to-end ASR [15], which effectively 
utilizes the advantages of both architectures in training and decoding. The over-
all model architecture for the acoustic model is shown in Fig. 2. In Fig. 2,  the  
1024-dimensional features from the XLS_R-300 m model are input to a specAug-
ment layer. A linear layer converts the specAugment output to 80-dimensional 
features. These 80 dim features are followed by two Conv2d subsampling lay-
ers, followed by a linear layer with output dimension of 512. This is followed 
by multiple conformer encoder layers. The output of conformer e ncoder goes to
transformer decoder with multiple decoder transformer layers. The total loss is
a combination of attention-based cross entropy loss (weight 0.7) and CTC loss
(weight of 0.3) [14] to optimize 5000 dimensional output (size of BPE or byte
pair encoding model).

For language modeling, we use a BPE (Byte Pair Encoding) based language 
model with characters as sub-word units. The size of the BPE model is set to 
5000. These units are input and output to a transformer based language model. 
We trained two different language models: one small transformer model with 64 
dimensional embedding layer and 8 encoder layers. Each encoder attention layer 
is 256 dimensional with 8 heads, with 1024 dimensional feed forward layer. The 
medium transformer model has 128 dimensional embedding layer and 8 encoder
layers. Each encoder attention layer is 512 dimensional with 8 heads, with 2048
dimensional feed forward layer. Both the models have a decoder layer with 5000
outputs corresponding to the size of the BPE model.

During decoding, ESPnet performs joint decoding by combining attention-
based and CTC-based scores with the log probability from the transformer based
language model in a one-pass beam search algorithm [7].

4 https://github.com/s3prl/s3prl. 

https://github.com/s3prl/s3prl
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Fig. 2. End-to-end acoustic model architecture. The dimensions correspond to the 
large acoustic model that we used with 66.25 M trainable parameters (not including 
the frozen SSL model parameters). The transformer language model dimensions as
shown are for the biggest LM model we used with 28.49 M parameters.

4 Experimental Results with Different T emporal
Resolutions

As mentioned in the Introduction Section, the idea is to compare word error rate 
(WER) for the hybrid DNN/HMM based recognizer with input from SSL model 
at two different temporal resolutions (10 ms versus 20 ms) w ith different amounts
of training data. We also compute WER with an end-to-end ASR system with
different size acoustic and language models as outlined in Sect. 3.2. 

We ran several experiments in order to compare (WER) with different train-
ing sizes for both acoustic and language modeling. For acoustic modeling, we 
used three different training datasets: 1. Just from TV broadcasts (TVTrain). 2.
Bastarache and Charbonneau commissions data (BasCharTrain), and 3. All the
audio data combined (TVBasCharTrain).
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For language modeling with TDNN-F acoustic models, we trained 3-gram 
and LSTM-LM language models with 2 different text datasets: SmallLM with 
transcripts from all the French transcribed training data (16 million words of 
text), and LargeLM which a dds text downloaded from internet and text from
various newspapers like La Presse, etc.) with 326.5 million words (see Table 1). 
With the smaller smallLM text, we trained a small LSTM LM (2-layer LSTM 
language mo del using the recipe in Kaldi swbd egs5 with reduced cell and embed-
ding dimension of 256). While with the largeLM text we trained a large LSTM 
LM (with cell and embedding dimension of 512) in the hope that a larger LSTM 
LM will reduce the WER significantly. The LSTM LM is used to rescore lattices 
generated by decoding with the 3-gram LM ( in forward direction followed by
backward direction). The best weighting for the LSTM LM is between 0.4 and
0.5 for interpolation with the 3-gram LM.

4.1 Results with DNN/HMM Acoustic Models 

The first issue was to decide which SSL models to use for extracting features
from the audio. In [5] we compared different SSL speech models for 15 languages 
in OpenASR21 evaluation. We found that w2v-bert-2.0 and XLS_R-2b models 
gave very good results. So we chose from that comparison w2v-bert-2.0 models 
as they are much smaller and will reduce computing and GPU memory for
extracting features and training models with a large amount of acoustic data.

Since all the data we are working with is French, we also looked for SSL speech 
models trained with French d ata only. We found that LeBenchmark/wav2vec2-
FR-7K-large models [8] (available on Hugging Face) were pretrained on wav2vec 
2.0 SSL models with 7k hours of French audio. So initially we compared WER 
for 10 ms temporal resolution versus 20 ms temporal resolution using these 
wav2vec2-FR-7K-large SSL models. We trained DNN/HMM models at both 
10 ms and 20 ms temporal resolution using Bastarache+Charbonneau train-
ing set. Then we computed WER on Bastarache male/female development sets 
and Charbonneau male/female development sets and averaged the WER. This 
averaged WER is from approximately 20 h of audio. The WER for 10 ms frame 
advance was 17.6% versus 18.2% for frame advance of 20 ms. So even with 
472 h of training audio, there is a small reduction in WER with 10 ms frame 
advance. In a back to back scenario, we trained acoustic models with features 
from w2v-bert-2.0 SSL models from Bastarache+Charbonneau training data.
The averaged WER over Bastarache and Charbonneau development sets was
17.46%. Even though the difference in WER is small (17.46% for w2v-bert-2.0
versus 17.6% for wav2vec2-FR-7K-large), we chose the w2v-bert-2.0 SSL models
since these models were trained from 4.5 million hours of multilingual speech,
and they probably cluster speech much more accurately for different languages
and dialects including French.

5 https://github.com/kaldi-asr/kaldi/egs/swbd/s5c/local/rnnlm/\discretionary-
run_tdnn_lstm.sh. 
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Note that the word error rate (WER) is computed differently in Kaldi toolkit 
versus ESPNET. So we normalized all scoring by using ESPNET to score results 
from Kaldi using ESPNET scoring. As a common basis, we used “whisper-basic” 
cleaner in ESPNET to clean both hypothesized and reference transcripts before 
computing the WER. “whisper-basic” cleaner lower cases all t he words and splits
the words with (’) and removes the quotes. It also splits the words at hyphen
(-). This cleaning reduces the WER significantly compared to Kaldi toolkit. So
Tables 2, 3, 4, 5, 6 and 7 reflect this consistent scoring across K aldi and ESPNET.

Table 2 summarizes the results with different acoustic and language model 
training sets and for different development sets. All the acoustic models are 
trained with features from the last encoder layer of w2v-bert-2.0 SSL model. We 
trained three different acoustic models at 10 ms temporal resolution. Features 
at 10 ms temporal resolution were obtained by combining SSL features from
the original audio and from audio trimmed by 10 ms as outlined in Sect. 3.2 of
reference [5]. SSL features with 20 ms temporal resolution were obtained from 
the original audio and also from audio trimmed by 10 ms (see Sect. 3.1)  and  then  
the two datasets were combined. This process c an be considered as another data
augmentation process.

Column 2 in Table 2 shows results with acoustic model trained from all 
the data from TV broadcasts only (TVTrain). The CCTVB development set 
is closed-captioning data from TV broadcasts in Quebec and is quite different 
from the Bastarache and Charbonneau development sets (commissions proceed-
ings versus TV broadcasts) to see how acoustic and language model training 
affect the WER for different spoken contexts. To compute the WER for the com-
bined Bastarache and Charbonneau development sets, we computed the WER
for Batarache male, Bastarache female, Charbonneau male, and Charbonneau
female development sets and averaged them.

Table 2. WER (%) for BasChar and CCTVB dev sets with TDNN-F acoustic models 
trained from 3 different datasets: TVTrain, BasCharTrain and TVBasCharTrain and
two different temporal resolutions.

Train se t TVTrain BasCharTrain TVBasCharTrain TVBasCharTrain 
Test set 10 ms 10 ms 10 ms 20 ms 
BasChar 18.7 12.9 13.3 13.0 
small L M
BasChar 17.7 12.5 12.8 12.5 
large L M
CCTVB 7.4 6.5 4.7 4.9 
small L M
CCTVB 6.5 6.2 4.4 4.6 
large LM
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From Tabl e 2, we can see that the best result (12.5%) for BasChar dev set is 
with acoustic models trained with BasCharTrain data or with TVBasCharTrain 
data with large LM. This is probably because both the acoustic model and lan-
guage model t raining sets contain data from both Bastarache and Charbonneau
training sets. However, acoustic models in column 2 of Table 2 are not trained 
with either Bastarache or Charbonneau acoustic data. That is why the WER 
for BasChar development set is 50% worse than the corresponding error in other 
columns (that include Bastarache and Charbonneau acoustic data in training). 
We also see that WER for small LM (in rows 2 and 4) is always worse than WER 
for large LM. For the CCTVB dev set, the best result is with acoustic models 
trained from all the data and decoded with large LM. Also, with large acoustic 
model training set TVBasCharTrain, SSL model features with 10 ms temporal
resolution give lower WER for CCTVB dev set than features with 20 ms. All
these results show that even though SSL model features give significantly lower
WER, we still need to train on acoustic data that includes data from the target
audience in order to get good performance on it.

4.2 Results with End-to-End Trained Conformer Acoustic Models 
with Transformer LM 

With increasing training data, the end-to-end speech recognition models give 
decreasing WER in general. So we would like to compare the WER we get 
with end-to-end speech recognition models (with features from SSL models) 
with WER from DNN/HMM based speech recognition systems (with features
from SSL model for both 10 ms and 20 ms temporal resolution). As outlined
in Sect. 3.2, for end-to-end systems, we used the ESPNET toolkit and a con-
figuration file that gave very good results on librispeech data. The librispeech 
acoustic training data is about the same size (960 h) as our French data (over 
1000 h). We tried three different datasets: BasCharTrain with about 472 h of 
training, TVBasCharTrain with over 1000 h of training, and TVBasCharTrain2 
that also includes all the audio trimmed by 10 ms. Note that in end-to-end 
systems, there is no concept of 10 ms or 20 ms frame advance. Instead the train-
ing data is different: TVBasCharTrain or TVBasCharTrain2 which repeats each 
utterance in TVBasCharTrain after trimming the u tterance by 10 ms. Techni-
cally, the TVBasCharTrain2 is same as TVBasCharTrain for 20 ms. The SSL
model features are from XLS_R-300m model. For language modeling, we used
two different datasets: smallLM text (16 million words of text), and largeLM
(326.5 million words in total). These comparisons can show us how the WER
changes with increasing training and model sizes.

Table 3 shows results with 3 different acoustic models and two different lan-
guage models.6 As we can see from this Table, the WER reduces significantly

6 Note that we could not compute results for large LM with acoustic model from 
BasCharTrain data because the BPE model for Column 2 was computed from 
BasCharTrain text only, while columns 3 and 4 used the BPE model trained from
TVBasCharTrain text.
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Table 3. WER (%) for BasChar dev set and CCTVB dev set for end-to-end acous-
tic models trained from 3 different datasets: BasCharTrain, TVBasCharTrain, and 
TVBasCharTrain2 with audio trimmed by 10 ms, and two different language models: 
with all the training text (small LM, 16M words), and all the training text plus all the
downloaded French text (large LM, 326.5M words). The last two rows show results for
a small acoustic model trained with all the acoustic training data and a large LM.

Trainset BasCharTrain TVBasCharTrain TVBasCharTrain2 
Testset 472 h 1000 h 1000 h 
BasChar 15.3 12.8 12.6 
small L M
BasChar - 13.1 12.8 
large L M
CCTVB 16.0 4.9 4.7 
small L M
CCTVB - 4.5 4.3 
large L M
BasChar - - 14.7 
small acous 
large L M
CCTVB - - 5.0 
small acous 
large L M

with increasing acoustic training data. The WER is worse with the BasChar-
Train set that only includes audio from Bastarache and Charbonneau training 
sets (Column 2). The W ER for both BasChar and CCTVB dev sets is worse
than with DNN/HMM models in Table 2 column 3. The WER for both BasChar 
and CCTVB dev sets is the lowest with acoustic models trained from all the
training data plus the 10 ms trimmed acoustic data (column 4).

Note that WER for BasChar dev set is lower with the small LM for acoustic 
models in columns 3 and 4. However, the WER for CCTVB dev set is lower 
with the large LM than with the small LM. So in the end-to-end ASR context, 
the con text of the language model training text should be consistent with the
context of the development set for achieving lower WER.

In the last two rows of Table 3, we decode with a small acoustic model and 
large LM. The small acoustic model gives higher WER for both BasChar dev 
set (14.8% vs. 12.87%) and CCTVB dev set (5.5% vs. 4.8%). A small acoustic 
model simulates the scenario where a single classification layer is used after SSL
model for decoding purposes. A larger acoustic model trained with the SSL
model features reduces WER.
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Another result we notice from Tables 2 and 3 is that the word error rate for 
fluent conversational speech (12.5%) is significan tly higher than for TV broadcast
speech (4.3%).

4.3 Whisper Decoding 

We also ran decoding results with Whisper-large from OpenAI [12]. Whisper is 
an automatic speech recognition (ASR) system trained on 680,000 h of multilin-
gual and multitask supervised data collected from the web. Whisper can decode 
speech in many languages without any further training. The decoding w as done
with temperature zero and beam size 10. The results with Whisper decoding are
shown in Table 4. 

Table 4. WER (%) for BasChar and CCTVB dev sets with Whisper-large, a multi-
lingual pretrained model from OpenAI that can deco de speech from many languages
without any further training.

Development set Word error r ate

Bastarache male 14.6 
Bastarache female 14.8 
Charbonneau female 28.9 
Charbonneau male 29.6 
BasChar (avg) 22.0 
CCTVB 9.0 
new test set 15.0 

If we compare the WER of whisper with the WER’s in Tables 2 and 3,  we  see  
that the best Average WER for the Bastarache and Charbonneau commissions
dev sets was 12.5% (from Tables 2 and 3), while with Whisper the WER is 22.0%. 
Similarly, for the CCTVB dev set the best WER is 4.3% (from Tables 2 and 3), 
while with Whisper the WER is 9.0%. So, with proper tuning of acoustic and 
language models from in-context data, we can reduce the WER by o ver 50%. But
still, without any tuning from in-context data, whisper performed quite well.

4.4 Results with a New Proprietary Test Set 

We would also like to compare the WER for the different recognizers for a test 
set from a very different context. This is a proprietary test set from a client with 
a very different application on a laptop. The application context has nothing 
to do with court proceedings or TV broadcast contexts. The speech is recorded 
on a laptop. The test set is small (36 utterances from 3 speakers, read speech
for command and control) but it is worth seeing how the language model and
acoustic model affect this data.
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Table 5. WER (%) for a new proprietary test set with TDNN-F acoustic models 
trained from 3 different datasets: TVTrain, BasCharTrain and TVBasCharTrain and 
two different temp oral resolutions. small LM trained with 16M words, and large LM
trained with 326.5M words.

Trainset TVTrain BasCharTrain TVBasCharTrain TVBasCharTrain 
10 ms 10 ms 10 ms 20 ms 

test set 10.1 19.8 7.7 14.0 
small L M
test set 9.2 15.9 7.2 10.1 
large L M

From Tabl e 5 we see that with DNN/HMM based models, we get the best 
results with large LM and with acoustic models trained from TVBasCharTrain 
10 ms. The reason is probably because BasChar train set is noisy and not in-
context f or the new test set, while both the new test set and TV training sets
are clean and probably in context. The WER in Table 6 for end-to-end decoding 
show similar results. The best result for DNN/HMM system (7.2% WER) is
better than for end-to-end system (13.0%).

Table 6. WER (%) for the new proprietary test set for end-to-end acoustic models 
trained from 2 different datasets: BasCharTrain, and TVBasCharTrain2, and two dif-
ferent language models: small LM trained with 16M words, and large LM trained with
326.5M words.

Trainset BasCharTrain TVBasCharTrain2 
test set 31.4 -
small L M
test set - 13.0 
large L M
test set - 17.4 
small acous 
large L M

4.5 Results with Revised Bastarache and Charbonneau Data 
Transcripts 

The Bastarache and Charbonneau data was later revised by decoding the audio 
with the acoustic models trained from the commissions d ata and then realign-
ing the reference transcripts with the decoded transcripts [13]. We use version 
2.0.0 of the revised data. This revised data also contains additional 400 h of
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Charbonneau commission data. The Bastarache revised data was divided into 
Bastarache train, dev, test and charbonneau data into charbonneau train, dev, 
and test sets. The Bastarache and Charbonneau train sets together with TV train 
set (TVBasCharTrainRevised) were then used to train new acoustic models as 
before with the same architecture as described before for both the end-to-end 
systems a nd for DNN/HMM based systems. These revised transcripts resulted in
significant reduction in WER for both the dev and test sets for Bastarache and
Charbonneau. The WER for both the end-to-end and DNN/HMM systems is
shown in Table 7. The DNN/HMM systems have a frame advance of 10 ms while 
the end-to-end system computes features from XLS_R-300 SSL model with a 
frame advance of 20 ms. The scoring in this table uses “whisper_basic” to clean 
the reference and the decoded transcripts before scoring. Note that, with the 
revised data, the WER has gone down significantly from 12.5% to below 6.2%.
Also, with over 1400 h of training data, the end-to-end acoustic models give lower
WER than the TDNN/HMM models for Bastarache and Charbonneau dev and
test sets.

Table 7. Comparison of WER (%) for the new Bastarache and Charbonneau dev and 
test sets for end-to-end versus TDNN/HMM acoustic models trained from TVBasChar-
TrainRevised dataset and language model trained from all the training text plus all
the downloaded French text (largeLM, 326.5M words).

System End-to-End TDNN/HMM 
Bastarache Charbonneau 5.2 6.3 
dev set a vg
Bastarache Charbonneau 6.2 7.4 
test set a vg
CCTVB 4.5 4.4 
new proprietary test set 14.0 7.7 

5 Conclusion 

In this paper, we experiment with Quebec French data to see if features from 
SSL models at 10 ms temporal resolution give better performance than at 20 
ms temporal resolution even at much larger training set size (than 10 h used 
in 15 OpenASR21 languages). For a training set of 472 h, we show that we 
still benefit from increasing the temporal resolution of SSL features from 20 ms 
to 10 ms. Also, hybrid DNN/HMM models give lower word error rate (WER)
than the end-to-end ASR system even with 472 h of training audio. With over
1000 h of training audio, we see reduction in word error rate with increased
temporal resolution for only the TV broadcasts development set. With over
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1400 h of training audio, the end-to-end ASR system yields lower WER than the
DNN/HMM based ASR system.

We also compare our results with Whisper, an automatic speech recognition 
(ASR) system trained on 680,000 h of multilingual and multitask supervised 
data collected from the web. The results on development sets from two different 
conversation contexts show that by training with in-context audio, we can reduce 
the word error rate by over 50% compared to Whisper in both these contexts.

Acknowledgments. The authors would like to thank the Ministry of Economy and
Innovation (MEI) of the Government of Quebec for their continued support.

References 

1. Davis, S., Mermelstein, P.: Comparison of parametric representations for mono-
syllabic word recognition in continuously spoken sentences. IEEE T rans. Acoust.
Speech Signal Process. 28(4), 357–366 (1980). https://doi.org/10.1109/TASSP. 
1980.1163420 

2. Galliano, S., Gravier, G., Chaubard, L.: The ester 2 evaluation campaign for the 
rich transcription of F rench radio broadcasts. In: Interspeech 2009, pp. 2583–2586
(2009). https://doi.org/10.21437/Interspeech.2009-680 

3. Giraudel, A., Carré, M., Mapelli, V., Kahn, J., Galibert, O., Quintard, L.: The 
REPERE corpus : a multimodal corpus for person recognition. In: Calzolari, 
N., et al. (eds.) Proceedings of the Eighth Int ernational Conference on Lan-
guage Resources and Evaluation (LREC 2012), pp. 1102–1107. European Language
Resources Association (ELRA), Istanbul, Turkey (2012). https://aclanthology.org/ 
L12-1410/ 

4. Gravier, G., Adda, G., Paulsson, N., Carré, M., Giraudel, A., Galibert, O.: The 
ETAPE corpus for the evaluation of speech-based TV content processing in the 
French language. In: Calzolari, N., et al. (eds.) Proceedings of the Eighth Interna-
tional Conference on Language Resources and Evaluation (LREC 2012), pp. 114–
118. European Language Resources Association (ELRA), Istanbul, Turkey (2012).
https://aclanthology.org/L12-1270/ 

5. Gupta, V.: Advances in openasr21 evaluation with increased temporal resolution 
for speech self-supervised learning models. In: Karpov, A ., Delić, V. (eds.) Speech
and Computer, pp. 69–81. Springer, Cham (2024)

6. Hermansky, H.: Perceptual linear predictive (PLP) analysis of speech. J. Acoust.
Soc. Am. 87(4), 1738–1752 (1990)

7. Hori, T., Watanabe, S., Zhang, Y., Chan, W.: Advances in joint CTC-attention 
based end-to-end speec h recognition with a deep CNN encoder and RNN-LM
(2017). https://arxiv.org/abs/1706.02737 

8. Parcollet, T., et al.: Lebenchmark 2.0: a standardized, replicable and enhanced 
framework for self-supervised representations of French speech (2024). https:// 
arxiv.org/abs/2309.05472 

9. Peterson, K., Tong, A.N., Yu, J.: OpenASR21: the second open challenge for auto-
matic speech recognition of low-resource languages. In: Proceedings of the Inter-
speech (2022)

10. Povey, D., et al.: The Kaldi speech recognition toolkit. In: Proceedings of the ASRU
(2011)

https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.1109/TASSP.1980.1163420
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://doi.org/10.21437/Interspeech.2009-680
https://aclanthology.org/L12-1410/
https://aclanthology.org/L12-1410/
https://aclanthology.org/L12-1410/
https://aclanthology.org/L12-1410/
https://aclanthology.org/L12-1410/
https://aclanthology.org/L12-1270/
https://aclanthology.org/L12-1270/
https://aclanthology.org/L12-1270/
https://aclanthology.org/L12-1270/
https://aclanthology.org/L12-1270/
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/1706.02737
https://arxiv.org/abs/2309.05472
https://arxiv.org/abs/2309.05472
https://arxiv.org/abs/2309.05472
https://arxiv.org/abs/2309.05472
https://arxiv.org/abs/2309.05472
https://arxiv.org/abs/2309.05472


SR System for French Quebec 103

11. Povey, D., et al.: Purely sequence-trained neural networks for ASR based on lattice-
free MMI. I n: Proceedings of the Interspeech, pp. 2751–2755 (2016)

12. Radford, A., Kim, J.W., Xu, T., Brockman, G., McLeavey, C., Sutskever, I.: Robust 
speech recognition via large-scale weak supervision (2022). https://arxiv.org/abs/ 
2212.04356 

13. Serrand, C., Morsli, A., Boulianne, G.: CommissionsQC: a Québec French speech 
corpus for automatic speech recognition. In: Proceedings of the Interspeech (2025)

14. Watanabe, S., et al.: Espnet: end-to-end speech processing toolkit (2018). https:// 
arxiv.org/abs/1804.00015 

15. Watanabe, S., Hori, T., Kim, S., Hershey, J.R., Hayashi, T.: Hybrid CTC/attention 
architecture for end-to-end speec h recognition. IEEE J. Sel. Top. Signal Process.
11(8), 1240–1253 (2017). https://doi.org/10.1109/JSTSP.2017.2763455

https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/2212.04356
https://arxiv.org/abs/1804.00015
https://arxiv.org/abs/1804.00015
https://arxiv.org/abs/1804.00015
https://arxiv.org/abs/1804.00015
https://arxiv.org/abs/1804.00015
https://arxiv.org/abs/1804.00015
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455
https://doi.org/10.1109/JSTSP.2017.2763455


Modeling Intra-word Code-Switching 
for Karelian ASR 

Irina Kipyatkova(B) , Kseniia Kiseleva , Mikhail Dolgushin , 
and Ildar Kagirov 

St. Petersburg Federal Research Center of the Russian Academy of Sciences (SPC RAS), 
14Th Line, 39 199178 St. Petersburg, Russia 

{kipyatkova,kiseleva.k,dolgushin.m,kagirov}@iias.spb.su 

Abstract. This paper addresses issues of modeling Karelian-Russian code-
switching for automatic speech recognition, with a focus on intra-word code-
switching. Due to grammatical differences between Karelian and Russian, and the 
lack of automatic translation tools for languages in question, standard augmenta-
tion methods relying on parallel translated text corpora are difficult to apply. To 
address these issues, we developed a set of rules specifically designed for gen-
erating words with intra-word code-switching, and then augmented the Karelian 
text by substituting random words with their corresponding generated counter-
parts. Besides that, we performed linear interpolation of the Karelian language 
model with the Russian one. We fine-tuned Wav2Vec2.0-large-uralic-voxpopuli-
v2 on both Karelian and Russian speech data with the further integration of the 
developed language model into the system. An evaluation demonstrates signifi-
cant accuracy improvement: compared to the baseline system without a language 
model, we achieved relative WER reductions of 11.3% on the development set 
and 16.6% on the test set. 

Keywords: Livvi-Karelian · Code-Switching · Automatic Speech Recognition · 
Language Modeling 

1 Introduction 

In linguistics, the term ‘code-switching’ (CS) usually refers to the speaker’s spontaneous 
transition from one idiom (i.e. a language, a dialect, a sociolect, etc.) to another. CS can 
occur between sentences, within a sentence, and even within a single word. Generally, 
automatic speech recognition (ASR) systems supporting CS are significantly more diffi-
cult to develop than their monolingual counterparts. The main difficulty is training data 
scarcity: multilingual speech, being widely represented globally, is poorly attested in 
existing datasets, especially in the case of low-resourced languages. 

Livvi-Karelian (further also – Karelian) is a low-resourced language spoken in the 
Republic of Karelia in the Russian Federation. Karelian-Russian CS is a wide-spread 
phenomenon among speakers of Karelian, because they are bilingual without exception. 
Development of an ASR system supporting Karelian-Russian CS is problematic due to
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data scarcity, the morphological complexity of Karelian and Russian, and their differing 
grammatical structures. Both are languages with a complex morphology, Russian being 
inflected and Karelian agglutinative. The phenomenon of intra-word CS consists in 
morphological adaptation of Russian words to the Karelian language by the borrowing 
of a Russian word base and the addition of Karelian affixes. For example, a speaker can 
add Karelian affix ‘an’ to the Russian word ‘училищ’ (‘college’) to convert a word in an 
accusative case resulting in ‘училищan’ (‘učiliščan’ in Latin transcription). 

In this paper we explore language modeling aimed at improving the accuracy of 
Karelian-Russian CS speech recognition, with special attention to intra-word CS phe-
nomena. The rest of the paper is organized as follows. In Sect. 2 we give a survey of 
works related to CS in the context of speech recognition; in Sect. 3 we present the 
Karelian speech data used in our research; in Sect. 4 we define our approach to text 
data augmentation and language modeling; Sect. 5 presents the results of experiments 
on Karelian-Russian CS speech recognition, followed by the conclusion of our work in 
Sect. 6. 

2 Related Work 

There exist two main approaches to developing CS-supporting ASR systems [1]. The first 
approach involves identifying the boundaries of code-switched speech segments and the 
languages to which they correspond, then processing each fragment using the relevant 
monolingual speech recognition system. The parameters used for language identification 
include acoustic features (for example, i-vectors and bottleneck features) [2], lexical 
features (for example, part-of-speech tags [3]) and trigger words, i.e. words after which 
code-switching occurs [4]. A joint application of acoustic and language features can 
also be employed [5]. The second approach involves the use of a multilingual speech 
recognition system. In this case, the acoustic model (AM) and language model (LM) 
are jointly trained to cover both languages and speech recognition proceeds without 
preliminary language identification. In multilingual speech recognition, the alphabet and 
a set of phonemes must be unified by combining the phone sets of the two languages, 
or by mapping the phone sets of the two languages, or by merging similar phone sets of 
the two languages [6]. 

The advantage of the second approach over the first is that of the absence of a lan-
guage identification module. However, a multilingual corpus is needed for the second 
approach. Collecting a training corpus presenting CS is significantly more challenging 
than collecting monolingual data, particularly concerning the text data required for lan-
guage model training. CS in text data occurs much less frequently than in speech. Textual 
transcripts of speech may not be sufficient for training a language model, especially in 
the case of low-resourced languages. 

In order to expand textual data for a code-switched language modeling task, vari-
ous data augmentation methods can be employed. Among these, partial translation is 
the most common. It should be noted, however, that textual data augmentation by par-
tial translation can only be performed if there exists an automatic translation system 
for the languages at issue. For example, word-to-word translation of Mandarin corpus 
into Taiwanese was performed in [7]. The authors note that the grammar of Mandarin
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is similar to Taiwanese, facilitating word-to-word translation. The lowest word error 
rate (WER) achieved by the authors was 26.02%. In [8] dialectal Arabic-English texts 
exhibiting CS were obtained through both dictionary-based replacements of random 
words in Arabic texts with their English counterparts and application of word-aligned 
parallel sentences in English. In [9] textual data augmentation was performed by random 
lexical replacements as well as by application of Equivalence Constraint. According to 
Equivalence Constraint theory, code-switching occurs only where the surface structures 
of two languages map onto each other, thus implicitly following the grammatical rules 
of both languages. The lowest values of WER were 55.04% and 47.28% for Kanari and 
ESCWA speech corpora respectively. In [10], the authors applied a similar method based 
on the use of grammatical rules as constraints to synthesize new data. In [11] synthetic 
CS text data were obtained either by replacing individual words with their translations 
or by combining randomly selected sentences from the original and parallel (translated) 
corpora. Proximity of word embeddings was used as a constraint to word replacement. 
It was evaluated by Symmetric Kullback-Leibler Divergence or by Cosine Distance. 

Another approach to text data augmentation is neural network (NN)-based text gen-
eration. However, it should be noted that a text with code-switching is a prerequisite for 
training a NN. This approach was applied in [12], where a LSTM-based language model 
was used for Frisian-Dutch CS texts. The authors achieved WER of 23.5%. Generative 
Adversarial Networks (GAN) were applied for Mandarin-English CS text generation 
in [13]. The proposed method resulted in a WER of 22.82% for the LectureSS speech 
corpus, and 30.00% for the SEAME corpus of spoken speech. 

Methods used for monolingual text augmentation can be applied to CS text aug-
mentation as well, among them are random substitution/insertion/deletion of words or 
symbols, contextual augmentation, etc. [14–16]. 

An overview of scientific works suggests, that much attention is paid to intra-sentence 
CS, but modeling of intra-word CS remains under-investigated. In the context of intra-
word code-switching, it is worth noting the research presented in [17], and [18] which 
address the identification of intra-word CS for Arabic-English, German-Turkish, and 
Spanish-Wixarika language pairs. Investigation of intra-word CS phenomena within 
dialectal Arabic-English ASR is presented in [8]. The authors proposed an annotation 
for morphological CS specifically developed to mark Arabic prefixes and suffixes. They 
found that an end-to-end system outperforms others in recognizing Arabic prefixes, 
whereas a TDNN-based system demonstrates superiority in recognizing English embed-
ded words. Therefore, they proposed to combine outputs of end-to-end and TDNN-based 
systems that allowed them to achieve a WER of 30.6%. The limited attention paid to 
intra-word CS is primarily due to the fact that languages with the complex morphol-
ogy more subject to intra-word CS. Karelian is an agglutinative language, therefore 
intra-word CS must be considered when developing an ASR system for it.
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3 Karelian Speech Data 

The Karelian speech data used in the present research are derived from two speech 
corpora collected by our research group. The first corpus is AnKaS1 . AnKaS contains 
annotations for 13 broadcasts of Livvi-Karelian. The original audio data are freely avail-
able at the site of The Russian Television and Radio Broadcasting Company (RTR)2 . 
AnKaS was described in detail in [19]. The second corpus is a speech corpus KarRus-
CoS3 . This corpus contains recordings of Karelian-Russian annotated CS speech. The 
KarRusCoS corpus presents recordings of spontaneous Karelian speech from 41 speak-
ers. Within the current research, we used only recordings without background noise and 
speech overlapping. The essential characteristics of the corpora are presented in Table 1. 

Table 1. Corpus metadata. 

Corpus features Value 

AnKaS KarRusCoS 

Speakers 17 (7 male, 10 female) 41 (16 male, 24 female) 

Duration 4.5h 3  h  

Utterances 4385 3012 

Word occurrences 32037 22355 

Unique words 9117 7091 

Code-switching rate 1% 28% 

Intra-word code-switching rate <1% 6% 

It is worth mentioning that AnKaS mostly contains formal speech samples, thus CS 
rate is low (about 1%), while KarRusCoS contains spontaneous speech, with a CS rate of 
about 28%. Therefore, it was AnKaS that was used for training exclusively. Development 
and test sets were formed from KarRusCoS data, with 10% of the total data for each 
set. The rest of the data from KarRusCoS were used for training. Speakers in training, 
development, and test sets were all different. We performed augmentation of the training 
part by a modification of pitch, speech rate, and simultaneously modified both pitch and 
speech rate. Consequently, the volume of speech data was increased fourfold.

1 AnKaS (Database of Annotations of Karelian Speech) can be found at.https://irinakipyatkova. 
github.io/AnKaS/ 

2 https://tv-karelia.ru/kodirandaine-rodnoy-bereg/ 
3 KarRusCoS (Speech Database with Karelian-Russian Code-Switching) can be found at https:// 
github.com/IrinaKipyatkova/KarRusCoS. 

https://irinakipyatkova.github.io/AnKaS/
https://irinakipyatkova.github.io/AnKaS/
https://tv-karelia.ru/kodirandaine-rodnoy-bereg/
https://github.com/IrinaKipyatkova/KarRusCoS
https://github.com/IrinaKipyatkova/KarRusCoS
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4 Textual Data Augmentation and Code-Switching Language 
Modeling 

Text corpus used for LM training was collected from periodicals in Livvi-Karelian, 
the open corpus of Vepsian and Karelian VepKar4 [20], and other freely available text 
resources. A 3-gram Karelian language model was trained on these data using SRI 
Language Modeling Toolkit (SRILM) [21]. For LM training a vocabulary of 143K words 
(each occurred in the texts at list twice) was used. The text corpus, as well as the process of 
Karelian language model training, are described in detail in [22]. The text corpus contains 
CS to Russian (mostly proper names and words that have already been borrowed from 
Russian), but the number of these instances is not sufficient to train a CS-supporting 
LM. To account for the probability of Russian words appearing in recognized speech, 
we performed a linear interpolation of the Karelian LM with a Russian LM previously 
developed for a Russian ASR system [23], which involved Cyrillic-to-Latin conversion. 
This process resulted in an increase in the number of unique words in the interpolated LM 
to 287K. Although the resulting LM does not explicitly include n-grams containing both 
Russian and Karelian words, the Kneser-Ney smoothing method and back-off technique 
were employed during model development, enabling the re-evaluation of probabilities 
for unobserved n-grams. 

To address intra-word CS, we augmented the text data by automatically generating 
such words. Based on an analysis of the KarRusCoS corpus, we identified the affixes 
that are frequently used for the formation of CS words and formulated a set of rules for 
the morphological adaptation of Russian words to the Karelian language. The identi-
fied affixes, along with their frequencies of occurrence in the KarRusCoS corpus, are 
presented in Fig. 1. 

Fig. 1. Distribution of identified affixes and their frequencies. 

Some examples of the rules for generating words with the intra-word CS are the 
following: 

1. nouns:

4 http://dictorpus.krc.karelia.ru/en 

http://dictorpus.krc.karelia.ru/en
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a. formation of the partitive plural: 
(1) if the stem ends in a soft consonant, add symbol of palatalization (’)  to  th  e

stem;
(2) add the ending oi to the stem (очередь → очеред’oi (očered’ oi));

b. formation of the inessive singular: 
(1) if the word is polysyllabic and ends in a diphthong, add ies to the stem (карелия 

→ карелies (karel ies));
(2) in other cases, if the word ends in a soft consonant, add the ending is to the stem 

(очередь → очередis (očered is));
(3) in other cases, add the ending as to the stem (город → городas (gorod as));

2. adjectives: 
a. formation of the partitive singular: 

(1) add the ending oidu to the stem (автобусный → автобуснoidu (avto-
busn oidu));

b. formation of the inessive: 
(1) if the stem ends in a soft consonant, add symbol of palatalization (’) to the stem; 
(2) add the ending ois to the stem (автобусный → автобуснois (avtobusn ois));

3. verbs: 
a. inflect the word into an imperative form; 
b. if the imperative ends in a consonant, add i to the word in an imperative form; 
c. for the reflexive verbs, drop the ending сь (s’)  or  ся ( s’a);
d. formation of the present tense 1st person singular: 

(1) if the word in imperative form ends in и (i), add ending mmo (береги → 
берегиmmo (bereg immo));

(2) in other case, if the word in imperative form ends in й ( j) add ending čemmo 
(собирай → собирайčemmo (sobiraj čemmo));

e. formation of the present tense 1st person plural: 
(1) if the word in imperative form ends in и (i) add ending n ;
(2) in other case, if the word in imperative form ends in й ( j) add ending čen 

(собирай → собирайčen (sobiraj čen)).

In total, 33 rules for nouns, 6 rules for adjectives, and 17 rules for verbs were 
formulated. This set of rules was applied to the vocabulary of 150K Russian words 
created for Russian ASR during previous studies [23]. After that we added the generated 
words to the Karelian LM as unigrams. (This expanded vocabulary will henceforth be 
referred to as the entire vocabulary.) Following that, we augmented the text data with 
these generated words. For this purpose, we randomly selected 6% of the words in the text 
dataset. We decided to convert 6% of word based on intra-word CS rate in KarRusCoS 
corpus. We then determined the grammatical features of these selected words, converted 
them into their normal form, and translated them into Russian. This procedure was 
performed using VepKar. If a word could possess different grammatical features or 
alternative translations into Russian, the variant was chosen randomly. Subsequently, 
we converted the selected words in the text into words with intra-word CS according to 
the formulated rules and their grammatical features. When multiple conversions were 
possible, the utilized variant was chosen randomly. Finally, we trained the LM on the 
augmented text data. Figure 2 presents a scheme of the proposed language modeling 
approach.
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Fig. 2. A scheme of the proposed language modeling approach taking into account CS between 
Karelian and Russian. 

As a result, we trained the following LMs (summarized in Table 2): 

1. A LM trained solely on the original Karelian texts (LM1); 
2. LM1 linearly interpolated with the Russian LM (LM2); 
3. A LM trained on the original Karelian texts with the entire vocabulary interpolated 

with the Russian LM (LM3); 
4. A LM trained on the augmented Karelian texts (comprising only words that occurred 

in the augmented text), linearly interpolated with the Russian LM (LM4); 
5. A LM trained on augmented Karelian texts with the entire vocabulary linearly 

interpolated with the Russian LM (LM5).
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Table 2. Characteristics of the trained LMs. 

LM Training text Vocabulary Interpolation with Russian LM 

LM1 Original texts Words from the original texts No 

LM2 Original texts Words from the original texts Yes 

LM3 Original texts Entire vocabulary Yes 

LM4 Augmented texts Words from the augmented text Yes 

LM5 Augmented texts Entire vocabulary Yes 

The created LMs were evaluated in terms of out-of-vocabulary (OOV) rate and per-
plexity, both calculated on the transcriptions of the Dev and Test sets of the speech 
data. The results obtained are presented in Table 3. Besides that, we conducted exper-
iments using different interpolation coefficients. The coefficient specified in Table 3 
corresponds to the Karelian model. We have tried different interpolation coefficients. 
The lowest values of perplexities were obtained with interpolation coefficient equal to 
0.8. For comparison, perplexities obtained with interpolation coefficients of 0.7 and 0.9 
are presented in Table 3 as well. 

Table 3. Perplexities and OOV rates of created LMs. 

LM Vocabulary 
size, K 

Dev set Test set 

OOV 
rate 

Perplexity OOV 
rate 

Perplexity 

LM1 143 21.53 1476.18 20.88 1530.97 

Interpolation coefficients Interpolation coefficients 

0.7 0.8 0.9 0.7 0.8 0.9 

LM2 287 11.28 1753.6 1728.0 1812.7 9.93 1972.7 1947.5 2047.4 

LM3 851 7.67 2518.3 2480.6 2596.1 7.04 2618.3 2584.2 2712.3 

LM4 309 10.11 1939.8 1904.0 1986.4 9.03 2128.8 2095.2 2193.3 

LM5 851 7.67 2465.9 2418.8 2518.9 7.04 2572.5 2529.8 2643.6 

From Table 3, it can be concluded that the proposed approach leads to a significant 
decrease in the number of OOV words; however, it also results in an increase in perplexity. 

Subsequently, we performed text augmentation in an iterative mode. The procedure 
for converting random words was carried out multiple times, with a distinct random 
seed set for each instance. Beginning from the second iteration, only new sentences 
were added to the text material. The dependencies of the OOV rate and perplexity on 
the number of iterations are presented in Fig. 3 and Fig. 4, respectively. 

Figure 3 illustrates that the OOV rate decreases as the iteration number increases 
for the Dev set. However, on the Test set, the decrease was not statistically significant.
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Fig. 3. Dependency of the OOV rate on the number of iterations. 

Fig. 4. Dependency of the perplexity on the number of iterations. 

This disparity is due to the small size of the datasets and the absence of speaker overlap 
between them. The perplexity value increases with the number of iterations, which 
can potentially have a negative impact on speech recognition results. Experiments on 
Karelian-Russian CS speech recognition are presented in the next section. 

5 Speech Recognition Experiments 

For our experiments, we used Wav2Vec2.0-large-uralic-voxpopuli-v2 model which is a 
variation of the multilingual XLSR [24] model developed by Facebook AI Research. 
Wav2Vec2.0-large-uralic-voxpopuli-v2 has 300m parameters. It is pretrained on 42.5 h 
of unlabeled speech data of the Uralic languages from the VoxPopuli corpus [25]. We 
fine-tuned this model on Karelian training set (including augmented data), as well as on 
6 h of the Russian speech corpus data described in [26]. The fine-tuning was performed 
for 10k steps, with a batch size of 8 and 4 gradient accumulation steps. Experimental 
results, in terms of WER, are presented in Table 4. 

The baseline model, without a LM, resulted in a WER equal to 41.47% and 46.38% 
on the Dev and Test sets, respectively. The use of a LM trained solely on Karelian
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text reduced the WER to 41.19% and 44.00%. The most significant improvement was 
achieved with the LM obtained through linear interpolation of the Karelian and Russian 
LMs. Further improvement was observed when the model was trained on augmented 
text, with the best results obtained when the entire vocabulary was utilized as unigrams 
in this model. 

Table 4. Experimental results of Karelian speech recognition experiments. 

LM WER, % 

Dev Test 

Without LM 41.47 46.38 

LM1 41.19 44.00 

Interpolation coefficients Interpolation coefficients 

0.7 0.8 0.9 0.7 0.8 0.9 

LM2 37.64 37.59 37.55 39.01 39.05 39.13 

LM3 37.19 37.09 37.14 38.73 38.75 38.78 

LM4 37.15 37.15 37.15 38.80 38.78 38.85 

LM5 36.97 36.97 36.94 38.69 38.67 38.71 

LM4 
(4 iterations) 

37.15 37.09 36.90 38.99 38.95 39.04 

LM5 
(4 iterations) 

37.00 36.93 36.76 38.83 38.82 38.83 

Subsequently, we conducted experiments with LMs trained on texts augmented over 
several iterations. The results are presented in Figs. 5 and 6. Increasing the number of 
iterations led to a decrease in WER on the Dev set, and the lowest value of WER equal to 
36.76% was obtained by applying LM with entire vocabulary, which was trained on text 
data augmented over four iterations and linearly interpolated with the Russian LM using 
an interpolation coefficient of 0.9. However, increasing the number of text augmentation 
iterations had no significant effect on the WER for the test set. The lowest WER obtained 
on the Test set was thus 38.67%, achieved with the application of an entire vocabulary 
LM trained on text data augmented over one iteration and linearly interpolated with the 
Russian LM using an interpolation coefficient of 0.8.
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Fig. 5. Dependency of WER on number of interactions (Dev set). 

Fig. 6. Dependency of WER on number of interactions (Test set). 

6 Conclusions 

In the current research we proposed an approach for language modeling for Karelian-
Russian CS speech recognition. We apply linear interpolation of Karelian and Russian 
LMs to include probabilities of Russian words into LM. In order to take into account 
intra-word CS we proposed a set of rules for artificial generation of such words for text 
data augmentation. 

We have obtained different results for Dev and Test sets, namely increasing the 
number of augmentation iterations led to reduction of WER on development set, but 
had no effect when testing on test set. It can be due to small size of the speech corpora
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used. We avoid overlapping of speakers between training, development, and test sets. 
Different speakers may switch to another language differently that results in different 
improvements achieved for different speakers. However, in our experiments we showed 
that the proposed approach allows reducing the OOV rate and WER. Relative WER 
reductions was 11.3% on the development and 16.6% on the test sets compared to the 
baseline system without LM. 

It is important to specifically address the WER obtained. While this metric, as 
reported within this paper, might seem high, a closer look shows that this result is 
affected by several important - and inevitable at the present stage of our research -
issues. One of the most crucial factors is the scarcity of training data available, which 
greatly restricts the model’s ability for generalizations when encountering world forms 
which are scarcely represented, or altogether absent within the training data. Moreover, 
the current Russian-Karelian bilingualism has resulted in a hybrid linguistic system, 
when a shared grammatical framework is filled in with elements of both of the idioms 
in quite a chaotic and inconsistent manner. This is the source of numerous irregular-
ities in word formation, such as morpheme variants and deviations from normative 
morphophonological patterns, all of which increase the WER. 

Beyond these issues, a significant source of recognition difficulties arises from the 
linguistic variability within the speech data due to the natural co-occurrence of multiple 
Karelian varieties and occasional usage of Finnish. In particular, beyond the Karelian-
Russian CS, speakers often switch between different varieties of Karelian, such as Ludic 
and Karelian Proper. Moreover, even within Livvi-Karelian, being the focus of this 
study, substantial internal variation can be observed. A good example is the verb form 
‘zavodimmo’ (as written in the standard modern Livvi orthography), which is pronounced 
as ‘zavodiimmo’ (with a long /i/) in the Kotkatjärvi region. Phonological and morpho-
logical variations of this kind, such as alterations in vowel length, stem shape, or suffix 
usage are inherent features of Karelian dialects and are not fully captured by our current 
LM and rule-based augmentation procedures. In some cases, speakers may even shift 
temporarily into Finnish, thus introducing phonological and morphological forms that 
significantly deviate from those of Livvi, introducing additional recognition issues. 

The consequences of this dialectal and even cross-language variations lead to mul-
tiple phonetic variants of one and the same lexical item, complicating development of 
both acoustic and language models. Furthermore, inconsistent representation of these 
variants in the training corpus directly causes the increase of the OOV rate and further 
impacts recognition quality, because the model cannot adequately process items not 
encountered during the learning process. 

Taking these issues into consideration, we should conclude that despite the observed 
high WER metric, the developed system demonstrates a good and robust performance, 
since all the factors that hinder its accuracy can be attributed to the biased nature of the 
training data, thus clearly showing a path for future improvements and investigations. 

It should be additionally noted that, although a linear interpolation of Karelian and 
Russian LMs was performed, the resulting LM still does not account for probabilities of 
switching between Karelian and Russian. Therefore, in the further works, we are going 
as well to elaborate the rules for an automatic translation from Livvi-Karelian to Russian,
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with further text augmentation based on translation of random words from Karelian to 
Russian. 
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Abstract. In the field of automatic speech recognition (ASR), state-of-the-
art results are achieved by end-to-end models. These models are sequence-to-
sequence models and are trained using pairs of speech and corresponding texts, 
which implies that additional finetuning of underlying language models is not 
possible. In this paper we demonstrate that the performance of Serbian Whisper-
based ASR can be improved by leveraging data generation with a high quality 
text-to-speech (TTS) system in Serbian. Synthetic speech is produced based on 
text extracted from Serbian web-scale text corpus, SrWAC, using data curation 
and large language model (LLM)-based normalization to mitigate problems in 
rendering Serbian pronounciation. A total quantity of 1500 h of speech is gen-
erated exploiting 9 text-to-speech voices based on deep-neural architectures and 
neural vocoding. The experiments are conducted on the medium Whisper model. 
The baseline model is initially finetuned using 1300 h of transcribed data and 
then additionally finetuned by synthetic speech, during which process the encoder 
section of the system is kept frozen. The experimental results confirm the character 
and word-error rate improvements on the CommonVoice database, as well as on 
real-life recordings. 

Keywords: ASR · Whisper · TTS · fine-tuning · LLM 

1 Introduction 

The introduction of end-to-end (E2E) models into the field of automatic speech recog-
nition (ASR) has made a great impact [1]. End-to-end ASR models are sequence-to-
sequence models trained using pairs of speech and corresponding textual transcriptions, 
which prevents them from direct language modeling improvements based on additional 
data in a textual form. 

Many end-to-end ASR models use tokens as targets, where tokens may repre-
sent words, sub-words, or individual characters. However, once the token inventory 
is selected, it remains fixed throughout the ASR training process. Since the model is 
restricted to emitting pre-defined units only, words that never appear in the training 
transcripts have no dedicated tokens. Assuming that sub-word units are used as tokens,
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when such an out-of-vocabulary (OOV) word is spoken at inference time, the system 
is forced to (i) approximate it by combining the most suitable sub-words, (ii) spell it 
out character-by-character, or (iii) emit a generic <unk> symbol. While sub-word and 
character-based systems can theoretically construct unseen words, the absence of certain 
words in the training data thus leads to poorer recognition accuracy, particularly in case 
of words that require accurate composition from unfamiliar token sequences. Each of 
the three fall-backs mentioned above increases the word-error rate, and the errors will 
be propagated to downstream NLP components. For this reason text-to-speech synthe-
sis (TTS) can be utilized for generating potentially very large quantities of additional 
training data, which could cover a wide variety of domains and introduce words rarely 
encountered in their spoken form. 

A number of different approaches in combining natural and synthetic speech in 
ASR training have been proposed. In [2] mel-spectrograms generated by Tacotron2 
[3] single-speaker based TTS are used to generate mel-spectrograms and combined with 
mel-spectrograms extracted from natural speech data in model adaptation. The suggested 
approach improves out-of-vocabulary word recognition for acoustic-to-word E2E ASR 
model. In order to overcome data mismatch between real and TTS-generated speech, 
authors also suggest encoder-freezing procedure, i.e. encoder is copied from the base 
model and its weights are not updated during adaptation. A similar approach, applied 
in the adaptation of recurrent neural network transducer (RNN-T) by exploiting com-
mercially available TTS, is presented in [4]. Additionally, it is suggested that applying 
different types of regularization to the encoder, such as elastic weight regularization [5], 
instead of just freezing it could also be beneficial. In [6] authors also suggest improv-
ing RNN-T model by adaptation with synthetic speech, but also introduce multi-stage 
training strategy, which includes freezing the LSTM layers of the encoder during fine-
tuning with synthetic speech data and unfreezing all layers in later stages, as well as 
a regularization loss between frozen and unfrozen model parameters. Since the ASR 
training should cover as many as possible different speakers, the same authors in [7] 
suggest incorporating multi-speaker TTS model yielding better results compared to the 
A2W ASR model adapted using only single-speaker TTS generated speech. Data vari-
ation in generated TTS speech is also investigated in [8]. The same speaker data is 
used to train different TTS systems, since it has been proven that systems have different 
speaker distributions even when they are conditioned on the same speaker. The problem 
of discrepancies in speech features obtained from natural speech and generated by TTS 
models is explored in [9]. Instead of generating continuous-value features, TTS is trained 
to reproduce discrete representations, which are then used as input to ASR model. This 
approach has been shown to achieve better results in comparison to using a standard 
TTS which generates continuous-valued features. 

In previously mentioned research outputs models are trained from scratch on publicly 
available datasets. However, state-of-the are models, such as Whisper, are created using 
large multilingual datasets and achieve impressive results for widely spoken languages, 
but require additional finetuning for low-resourced languages or specific domains. An 
example of Whisper model finetuned using only artificial data is given in [10]. A similar 
approach in Whisper finetuning, with synthetic speech generated from both natural and 
LLM-generated text, is presented in [11].
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In this paper we present further improvements to Serbian Whisper-based ASR by 
exploiting high-quality Serbian TTS for data augmentation. We use Serbian web-scale 
text corpus, SrWAC, as the input to the TTS system. Since the texts in this web-corpus 
are not normalized, there a many instances of numbers, abbreviations, measurement 
units and other ambiguous tokens. For that reason, we initially processed the input text 
by an LLM in order to produce texts where such tokens are expanded into orthographic 
words, preserving as much context as possible. 

The rest of the paper is organized as follows. In Sect. 2 the used web-based text 
corpus, as well as its LLM-based processing, is described. The TTS system used for 
audio generation is presented in Sect. 3, while baseline Whisper [12]-based ASR is 
described in Sect. 4. The details of ASR training using TTS-generated data are presented 
in Sect. 5, while the experimental results are presented in Sect. 6, followed by appropriate 
conclusions. 

2 SrWac – Description and Preprocessing 

The Serbian web Corpus (srWac) was originally built by Ljubešić & Klubička in 2014 
[13]. The corpus was built by scraping the Serbian top-level domain (.rs) from over 
11,000 websites. Even though both Latin and Cyrillic scripts are equally used in the 
Serbian language, it is more common to use the Latin scripts online. All of the extracted 
texts in the Cyrillic script were converted to Latin, since only 16.7% of the texts were 
in Cyrillic. Near-duplicate texts were identified and removed, making the corpus more 
linguistically informative and statistically balanced. The corpus was normalized via 
diacritic restoration, morpho-syntactically annotated and lemmatized using the expert 
system described in [14]. After processing the texts scraped from the web, the corpus 
contains around 554 million tokens or 25 million sentences obtained from 13 million 
texts. 

Even though texts were normalized, there remained some sentences that had to be 
removed because they could pose a problem if used with a Serbian TTS model, as will 
be discussed in more detail. Firstly, sentences that contain characters outside of the 
Serbian alphabet are challenging for a Serbian TTS model, since the phonetic content 
of the resulting synthetic speech often does correspond to the phonetic content of the 
same utterance in natural speech, sometimes even going beyond the limits of the Serbian 
ohonetic inventory. For that reason, all sentences with non-ASCII characters except the 
Serbian letters that contain diacritics (č, ć, š, ž, đ,  dž) were removed. Furthermore, it 
is not common for a written Serbian word to contain more than 2 identical letters in a 
row. Besides a relatively small number of exceptions easily identified through a dictio-
nary, repetitions of the same letter in Serbian text are used mostly for expressive effect, 
emphasis, or to indicate onomatopoeia. As they were considered as potentially confusing 
for the system, an effort was made to exclude such sentences from the input data for the 
synthesizer. Other instances of potentially harmful sentences included sentences written 
entirely in uppercase letters, sentences containing words in which consecutive letters 
are separated with blank spaces, lines containing numeric-only strings, URLs and some 
special characters irrelevant to spoken language.

A significant portion of the corpus contained sentences in which diacritic signs were 
missing from letters. Namely, in informal written Serbian language diacritic signs are
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often omitted from letters (“c” is written instead of “ć” etc.), usually because of technical 
limitations such as lack of support on some keyboards. It should be noted that, as is the 
case with many other languages, diacritic signs in Serbian distinguish one letter from 
another, and the lack of a diacritic sign can alter the meaning of the word. There is, 
in fact, a significant number of minimal word pairs distinguished only by the presence 
or absence of diacritic signs. On the other hand, if diacritic signs are omitted, they 
are typically omitted from the entire sentence. For that reason, instead of full diacritic 
restoration, an alternative strategy was employed. According to [15], the total frequency 
of letters with diacritics in formal written Serbian is close to 3%, which implies that there 
is a probability of ~96% that a sentence of more than 35 characters (including spaces) 
without a single diacritic belongs to the informal written style in which diacritics were 
omitted altogether. Owing to the abundance of text material in the corpus, we could 
afford to exclude all such sentences from text used to generate synthetic training data 
for the ASR model, and dictionary-based diacritic restoration performed by the same 
algorithm used in the TTS front-end was carried out only on sentences with up to 35 
characters without a single diacritic. Similarly, we could afford to exclude all sentences 
with more than 3 out-of-vocabulary words, the “vocabulary” being defined based on 
the morphological dictionary containing 140,000 lexemes (more than 7.8M different 
inflected forms) [16]. 

After filtering out potentially harmful sentences, each remaining sentence was post-
processed, which included the capitalization of the initial letter if necessary, removing 
double whitespaces and punctuation normalization, i.e. conversion of excessive punctu-
ation to a standard form (e.g. “!!?!?”). Through this process, the corpus was more than 
halved, with 12 million sentences remaining. 

A large portion of sentences contain numeric tokens and ambiguous abbreviations, 
which are challenging for TTS model to pronounce correctly due to their dependence 
on context and high degree of morphological complexity in Serbian. For that reason, we 
opted for a Large Lanuage Model (LLM)-based normalizer rather then a rule heuristic. 
The LLM was prompted to expand numbers, Roman numerals, units and abbreviations 
into full orthographic words, taking the context of the sentence into account, without 
adding anything else to the output. The model was explicitly prompted to normalize 
numerical characters in all contexts, even within tokens containing mixed letters and 
numbers (e.g. “MP3”), and to leave acronyms intact. Ten examples of edge cases were 
provided to help the LLM perform better. The entire prompt is given in Appendix. 

For our task we used the following models: “gpt-4o-mini”, “gemini-1.5-flash” and 
“deepseek-chat”. We found these models suitable for our use case since they can perform 
on multilingual tasks, are fast and cost effective. The Gemini and GPT models managed to 
expand almost all numbers, Roman numerals, units and abbreviations with relatively few 
exceptions, most notably mixed alphanumerics, which were later manually corrected. 
The DeepSeek model had less success rate and was also halucinating new words and 
adding symobls that were not in the text. For that reason, almost all of the database was 
processed with Gemini Flash and 4o-mini. 

Since lightweight models were quite effective in the said task, we also wanted to 
try with open source, smaller language models. The models we tested were: “Gemma3 
(4B)”, “Llama3.2 (3B)”, “DeepSeek-R1 (7B)”, “phi4-mini (3.8B)” and “mistral (7B)”,
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because they can perform multilingual tasks. Each model was given 5 sentences and 
the same prompt that was used for proprietary language models. None of the models 
successfully expanded all numbers, units, and abbreviations – they either failed to expand 
certain forms or produced incorrect outputs. Their overall performance was limited, 
likely due to their smaller model size. Unfortunately, we were unable to experiment 
with larger open-source models due to hardware constraints. 

It should be noted that a small percentage of foreign words (by far mostly English 
ones) remained in the texts, although their pronunciation can be a difficult task for a 
Serbian TTS model since they do not follow relatively simple grapheme-to-phoneme 
conversion rules for Serbian. Although the dictionary principally contains words of the 
Serbian language, it was designed to handle any text in Serbian, including occasional 
common foreign words, most notably proper nouns such as names of persons, toponyms 
or brand names. 

To generate the pronunciation of foreign words outside the dictionary, we utilized the 
G2P_lexicon Python Library, which provides pronunciations in CMU format. Since Ser-
bian TTS models require phonemes in the Serbian phonetic system, a conversion step is 
implemented. Particular attention is given to the CMU phoneme AH0 (the schwa), which 
has no direct Serbian equivalent. A heuristic identifies adjacent phonemes and aligns 
them with corresponding vowels in the original input to substitute the AH0 with a more 
appropriate Serbian vowel. Despite these efforts, the output often contains inaccuracies, 
so a conversion map is dumped for manual review. 

The pronunciation of acronyms in Serbian differs depending on their origin. While 
acronyms of English origin are spelled out according to English alphabet spelling, a 
vast majority of other acronyms (including those of Serbian origin) are spelled out using 
Serbian pronunciation of letter names. To provide variety in ASR training, half of the 
acronyms in input sentences are normalized using Serbian pronunciation of letter names, 
while the other half are normalized based on English spelling. 

3 TTS and Data Generation 

The Serbian text-to-speech system that was used to generate the synthetic corpus fol-
lows the canonical three-stage design of front-end, acoustic predictor and vocoder, as 
described in [17]. 

The front-end normalizes raw text, performs deterministic grapheme-to-phoneme 
conversion (facilitated by the language’s nearly one-to-one sound–letter correspon-
dence), assigns prosodic tags (accents, phrase break types, sentence stress) and converts 
each phoneme into a high-dimensional vector of binary linguistic features that encode 
answers to questions such as whether the segment is a vowel, whether it carries lexical 
stress, or whether it precedes a phrase boundary. During model training these features 
are extracted from phonetically and prosodically annotated databases, while at runtime 
they are produced on the fly. 

Acoustic prediction is handled by two deep neural networks: a duration model that 
estimates the length of each phoneme and an acoustic model that, conditioned on the 
linguistic features and the predicted durations, outputs vocoder parameters. Both net-
works consist of three feed-forward layers with ReLU activation followed by a single
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LSTM layer; they are trained in a multi-speaker configuration and subsequently fine-
tuned to individual voices, an approach that shortens speaker adaptation time compared 
with training from scratch. 

The original implementation used the deterministic WORLD vocoder, but it has 
been superseded by a HiFi-GAN neural vocoder [18]. The model consists of a fully 
convolutional generator that upsamples 80-channel mel-spectrograms via transposed 
convolutions, together with two complementary discriminator groups. A multi-period 
discriminator evaluates slices of the signal taken at different hop intervals, making it 
sensitive to pitch-related periodicity, whereas a multi-scale discriminator inspects the 
waveform at several temporal resolutions to enforce local spectral detail. For Serbian 
TTS the universal HiFi-GAN, originally trained on English, is further fine-tuned on 
spectrograms emitted by the acoustic predictor rather than on natural speech directly; 
this guided adaptation aligns the generator with the statistical characteristics of the 
upstream network and yields noticeably higher naturalness, as previously demonstrated 
for Serbian TTS in [17]. 

The combination of a linguistically rich front-end, a two-stage acoustic predictor and 
a speaker-adapted HiFi-GAN vocoder constitutes the highest-quality and most widely 
deployed multispeaker Serbian TTS to date and provides the natural-sounding synthetic 
speech leveraged in the present ASR fine-tuning experiments. This system was used 
to produce the synthetic corpus of Serbian, using 14 distinct voices, 9 female and 5 
male. For each sentence selected from the cleaned srWaC text pool, the generation script 
sampled three parameters stochastically: 

– a voice identity drawn uniformly from the fourteen speakers, 
– a speaking-rate multiplier chosen from a continuous range of 0.7 to 1.3 (approximately 

±30% around the default rate), and 
– a fundamental frequency offset applied linearly within±30% of the speaker’s baseline 

f 0. 

The permissible f 0 range for each voice was verified by informal listening to ensure 
that shifts did not introduce robotic artefacts or compromise intelligibility. This ran-
domized parameterization yields a speech collection whose variation in timbre, tempo 
and intonation approximates that of spontaneous conversational speech, while preserv-
ing naturalness throughout. Every synthesized utterance was saved as a 16-kHz, 16-bit 
mono WAV file and paired with its reference text in Whisper-compatible JSON mani-
fest format, enabling seamless integration into the subsequent ASR fine-tuning pipeline. 
The final TTS-generated corpus comprises slightly more than one million audio files, 
corresponding to over 1500 h of speech. 

4 Whisper-Based Serbian ASR 

Our experiments start from the Whisper-medium configuration, a 769 million-parameter 
encoder-decoder transformer that belongs to the Whisper family of end-to-end 
automatic-speech-recognition (ASR) and speech-translation models. Whisper was orig-
inally trained on approximately 680,000 h of multilingual audio-text pairs covering 97 
languages, with more than 400,000 h in English and only 28 h in Serbian plus 91 h
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in Croatian (a mutually intelligible South Slavic language originating from the same 
pluricentric Serbo-Croatian base). This severe imbalance is reflected in the model’s 
error profile: performance in English is state-of-the-art, whereas recognition accuracy 
for Serbian remains well below that level (on CV16 WER is 85.6%, while on FLEURS 
WER is 44.9%). 

Whisper’s training pipeline constrains every audio clip to ≤30 s sampled at 16 kHz. 
Shorter clips are zero-padded, and inference is likewise performed in 30-s windows. 
While this strategy yields a streamlined model, it introduces boundary effects when 
longer recordings must be processed in contiguous segments. Although Whisper can 
output timestamp predictions, published work has shown that these offsets are often 
imprecise, motivating several alignment-oriented extensions [19]. 

Architecturally, Whisper employs a log-Mel spectrogram front end, followed by a 
transformer encoder whose hidden sequence is consumed by a transformer decoder that 
generates text tokens in an autoregressive fashion. The token inventory, shared across 
all 97 languages, originates from the ChatGPT vocabulary [20]. For Serbian this design 
is double-edged: on the one hand, the model benefits from a very large joint lexicon; 
on the other, a single token may correspond to an unpredictable cluster of one to three 
phonemes, which occasionally results in out-of-vocabulary word forms. 

Whisper is publicly released in five size tiers, ranging from tiny (39 M param-
eters) to large (1.55 B). We selected the medium tier because it offers a favourable 
trade-off between robustness and computing cost; a single consumer-grade GPU with 
approximately 10 GB of memory is sufficient for both inference and further fine-tuning. 

To obtain a competitive Serbian baseline we fine-tuned Whisper-medium on around 
1300 h of manually transcribed audio supplied by the company AlfaNum from Novi 
Sad, Serbia. The corpus combines audiobook narration and radio/television content in 
Serbian, and includes a smaller section in Croatian. Average segment duration is five 
seconds, and all files are sampled at 16 kHz, matching Whisper’s default front-end. This 
adaptation step narrows the performance gap caused by the original data imbalance but 
still leaves systematic errors on low-frequency vocabulary and atypical prosody, which 
are issues that we address by augmenting the decoder with diversified synthetic speech. 

5 Integrating Synthetic Speech into the Whisper-Based Serbian 
ASR 

The experiments start from a Whisper-medium model that had already been fine-tuned 
on roughly 1300 h of manually transcribed Serbian and Croatian speech collected from 
radio programs, television shows, and audiobooks. Although this baseline performs well, 
detailed error analysis revealed persistent mistakes on low-frequency words. To mitigate 
these errors we added the synthetic corpus described in the preceding chapters, stored 
in Whisper’s 16 kHz manifest format so that the original training pipeline required no 
substantive changes. 

A key design decision was to freeze the entire encoder (every convolutional block 
and transformer layer) while updating only the decoder and the output projection. Syn-
thetic speech, although perceptually natural, still differs from recorded speech in spec-
tral detail and micro-prosody. If the encoder were updated on this material, its acoustic
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embeddings could shift toward features specific to the TTS engine, weakening its abil-
ity to handle background noise, reverberation, and channel variations present in real 
recordings. Freezing the encoder therefore preserves these representations and confines 
adaptation to the language-model component, where expanded lexical and intonational 
coverage is required. All available Serbian TTS voices were utilized in order to cap-
ture differences in pronunciation and speech dynamics among speakers, which could 
potentially influence the decoder. Since the encoder was kept frozen, the impact of voice 
timbre and the imbalance between male and female voices is negligible. 

With the encoder frozen, the decoder was fine-tuned on a combined dataset compris-
ing the original 1300 h of real speech data and the 1500 h of synthetic speech. Fine-tuning 
proceeded for 3 epochs on a mixture of the full synthetic set and the original real-speech 
data, but gave the best result after the first epoch. Training used AdamW [21] optimiza-
tion with a 500-step warm-up and a learning rate of 5 × 10-6 with cosine sheduler type 
and 0.1 weight decay. The batch size was 8 with 2 gradient accumulation steps, i.e. 
effective batch of 16. The decoder converged rapidly, acquiring the intended vocabulary 
and prosodic cues. Crucially, validation on natural recordings showed no evidence of 
the acoustic drift often observed when encoders are allowed to adapt to large quantities 
of synthetic speech.

6 Experiments 

To quantify the impact of the synthetic data, we evaluated both the baseline and the 
augmented recognizer on public benchmarks and on internal, real-world recordings. The 
public portion comprised the Serbian test subset of Common Voice v16 (1543 sentences), 
which contains crowd-sourced read speech from speakers with a wide range of regional 
accents, and the Serbian test partition of FLEURS, an n-way parallel corpus derived 
from the FLoRes-101 translation benchmark that offers studio-quality recordings of 700 
sentences read by volunteer speakers. 

For application-level validation we collected three domains that mirror everyday pro-
duction traffic: multi-speaker meetings (corporate briefings, doctor-patient interactions, 
and courtroom exchanges), broadcast programs (television series and talk shows), and 
short field reports plus customer inquiries recorded in call-center IVR scenarios. The 
evaluation set contains 25 recordings with a total duration of ~50 min in meetings (5–23 
min per recording), ~127 min in broadcasts (20–58 min per recording), and ~4 min in 
reports/inquiries (3–44 s per recording); the first two domains comprise long sessions, 
whereas the last category consists of utterances among which some are only a few sec-
onds in length. Word-error rate (WER) was computed after standard text normalization, 
which removed capitalization and punctuation. 

The model fine-tuned with synthetic speech achieved lower WER in every domain 
except broadcasts (Table 1). On Common Voice the error rate fell from 7.1% to 6.8%, 
whereas FLEURS remained unchanged at 10.6%. Meeting recordings improved from 
22.9% to 19.6%, and reports plus call-center inquiries from 8.7% to 4.3%. Broadcast 
speech showed a small, statistically non-significant decrease from 12.6% to 12.2%. 
Crucially, no domain displayed a meaningful deterioration, indicating that freezing the 
encoder successfully guards against over-fitting to synthetic artefacts. Decoder-only fine-
tuning had no measurable effect on throughput or latency: inference speed remained
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identical to the baseline. Whisper-based recognizers are intended primarily for offline 
or batch processing rather than low-latency applications, their transcription speed is still 
highly competitive: on recent GPUs they run roughly 10–20× faster than real time when 
deployed with efficient inference libraries such as whisper.cpp or FasterWhisper .

Table 1. WER and CER comparison on different test sets and domains. 

Whisper-based Serbian ASR 
– baseline 

Whisper-based Serbian ASR 
– finetuned to TTS data 

WER (%) CER (%) WER (%) CER (%) 

CV16 7.1 2.9 6.8 2.7 

FLEURS 10.6 6.0 10.6 6.0 

Meetings 22.9 9.6 19.6 9.1 

Broadcast 12.2 7.9 12.6 7.6 

Reports/inquiries 8.7 2.9 4.3 1.6 

7 Conclusion 

In this paper Serbian Whisper-based ASR system exploiting TTS-generated data is 
introduced. The input sentences for TTS are extracted from publicly available web-
based TTS corpus, which is precisely curated, to exclude any potentially problematic 
sentences for TTS, and additionally processed by an LLM, to overcome some specifics 
of the Serbian language in process of text-normalization. The baseline in experiments 
was a medium-sized Serbian Whisper-ASR model finetuned from original OpenAI’s 
medium model on 1300 h of Serbian speech. This baseline model was further finetuned 
by 1500 h of speech synthesized in 14 distinct voices. The model finetuned on synthetic 
speech significantly surpasses the performance of the baseline model on most test sets, 
confirming data augmentation by synthetic speech to be a valid approach to improve the 
performance of automatic speech recognition in under-resourced languages. 

Acknowledgments. This research was supported by the Science Fund of the Republic of Serbia, 
Grant No. 7449, Multimodal multilingual human-machine speech communication, AI-SPEAK. 

Appendix: Prompt Used to Instruct the Language Model 

The prompt is given in it’s original form in Serbian as well is in English for 
reproducibility. 

“U rečenicama koje ću navoditi u narednim promptovima ekspanduj broj, jedinicu 
mere i skraćenice u pune reči, uzimajući u obzir kontekst. Nemoj dodavati dodatne 
komentare, samo konvertuj rečenicu koju unesem. Za brojeve ne postoje izuzeci, uvek ih 
sve konvertovati u reči. Ukoliko broj stoji uz slovo, pretvori ga u reč (B92 u B devedeset
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dva). Vodi računa o padežima. Akronime nemoj obavezno konvertovati. Samo ako si 
potpuno siguran da u datom kontekstu imaju određeno značenje. Rimske brojeve takođe 
konvertovati u reči. 

Primeri: 

Prešao je 57 km za 3 h. 
Prešao je pedeset sedam kilometara za tri sata. 

On je doc. na pravnom fakultetu već 10 g.
On je docent na pravnom fakultetu već deset godina.

Na 39. km od polaska mu se desila nesreća. 
Na trideset devetom kilometru od polaska mu se desila nesreća. 

G. Kostić, 39-godišnji van. prof. održaće predavanje. 
Gospodin Kostić, trideset devetogodišnji vanredni profesor održaće predavanje. 

EU je osnovana 1. novembra 1993. g. 
Evropska Unija je osnovana prvog novembra hiljadu devetsto devedeset treće godine. 

Luj XIV je preminuo mnogo pre I svetskog rata. 
Luj četrneasti je preminuo mnogo pre prvog svetskog rata. 

Lambdacizam predstavlja nepravilan izgovor glasa L. 
Lambdacizam predstavlja nepravilan izgovor glasa L. 

U 2017. godini sam upisao FTN. 
U dve hiljade sedamnaestoj godini sam upisao FTN. 

F1 se emituje od 1950. do 2024. 
F jedan se emituje od hiljadu devetsto pedesete do dve hiljade dvadeset četvrte. 

Izmerio je 29 mmHg. 
Izmerio je dvadeset devet milimetara živinog stuba.” 

“In the sentences that I will provide in the following prompts, expand the number, 
unit of measure, and abbreviations into full words, taking the context into account. Do not 
add any additional comments, just convert the sentence I send. For numbers, there are no 
exceptions, always convert them fully into words. If a number is next to a letter, convert 
it into words (e.g., B92 becomes B ninety two). Pay attention to grammatical cases. 
Acronyms should not necessarily be converted, only if you are completely certain they 
have a specific meaning in the given context. Roman numerals should also be converted 
into words. 

Examples:
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He covered 57 km in 3 h. 
He covered fifty-seven kilometers in three hours. 

He has been an asst. prof. at the Faculty of Law for 10 y. 
He has been an assistant professor at the Faculty of Law for ten years. 

An accident happened to him at 39. km from the start. 
An accident happened to him at the thirty-ninth kilometer from the start. 

Mr. Kostić, a 39-year-old assoc. prof. will give a lecture. 
Mister Kostić, a thirty-nine-year-old associate professor, will give a lecture. 

EU was founded on 1. November 1993. 
The European Union was founded on the first of November, nineteen ninety-three. 

Louis XIV died long before WWI. 
Louis the Fourteenth died long before the First World War. 

Lambdacism refers to the incorrect pronunciation of the sound L. 
Lambdacism refers to the incorrect pronunciation of the sound L. 

In 2017. I enrolled at FTN. 
In the year two thousand seventeen, I enrolled at FTN. 

F1 has been broadcast from 1950 to 2024. 
F one has been broadcast from nineteen fifty to two thousand twenty-four. 

He measured 29 mmHg. 
He measured twenty-nine millimeters of mercury. 
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Abstract. This paper presents methods to improve the accuracy and 
robustness of multilingual automatic speech recognition (ASR) sys-
tems transcribing speech into International Phonetic Alphabet (IPA) 
sequences. The development of such systems faces considerable chal-
lenges, including linguistic diversity, pronunciation variability, and espe-
cially the scarcity of high-quality annotated resources for many lan-
guages, which hinders model generalization to unseen linguistic domains. 
We propose a framework that explicitly integrates prior linguistic knowl-
edge into the model training process and leverages auxiliary information 
via hierarchical multi-task learning (HMTL). The method decomposes 
phoneme recognition into several levels of abstraction, thus enabling 
the model to capture both language-independent and language-specific 
phonetic patterns. Furthermore, we introduce and compare two types 
of language vector representations, obtained respectively from acoustic 
signals and from phonetic transcriptions, and evaluate their utility as 
auxiliary inputs, particularly for low-resource and zero-shot scenarios. 
Exp eriments were conducted on multilingual corpora with both high-
and low-resource languages, employing a pre-trained Wav2Vec 2.0 archi-
tecture as the base model. Baseline models were fine-tuned using Con-
nectionist Temporal Classification (CTC) loss without auxiliary infor-
mation. Phoneme Error Rate (PER) was used for evaluation in both
in-domain and out-of-domain settings. The results demonstrate a rela-
tive improvement in recognition accuracy of 7–10% for most scenarios,
and an improvement exceeding 20% for out-of-domain languages under
reduced training data conditions.

Keywords: Speech recognition · Multilingual ASR · Phoneme 
recognition · Language embeddings · Hierarchical multi-task learning ·
IPA transcription

1 Introduction 

The automatic recognition of speech in multiple languages and transcription into 
the International Phonetic Alphabe t (IPA) is fundamental for a range of appli-
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cations, including phonetic research, language documentation, language learn-
ing, and assistive speech technologies. Despite recent progress in deep learning-
based ASR, achieving robust and accurate IP A transcription across linguisti-
cally diverse and low-resource languages remains a formidable challenge [4– 6]. 
Primary obstacles include the vast diversity of phonetic inventories, significant 
pronunciation variability driven by dialect, accent, and speaker idiosyncrasies, 
and the limited availability of annotated corpora for most languages. These fac-
tors impede both the generalization ability of models and their applicability to
previously unseen languages.

State-of-the-art multilingual ASR systems are often based on large-scale 
architectures such as Wav2Vec 2.0 [3] and Whisper [22], which utilize massive 
amounts of unlabeled or weakly labeled data and transformer-based models. 
While these models achieve high performance on languages well-represented in 
training data, their performance on low-resource languages is considerably lower, 
with a tendency to overfit to the available data and limited capability t o gener-
alize phonetic patterns across languages. Inconsistencies in phonetic annotation
practices and the inherent noise in multilingual speech corpora further compli-
cate training and evaluation [30]. 

To address these limitations, this work introduces a unified framework that 
incorporates domain-specific prior linguistic knowledge and auxiliary language 
representations into ASR models. Sp ecifically, we propose a hierarchical multi-
task learning (HMTL) approach [24] that structures phoneme recognition as a 
sequence of prediction tasks at varying levels of abstraction. The model simul-
taneously learns to predict phoneme classes (based on IPA phonetic groupings) 
and the target phoneme sequences, promoting the learning of both universal 
and language-specific phonetic representations. In addition, we investigate two 
types of language embedding v ectors, derived either from raw speech or from
phonetic transcriptions, and employ them as auxiliary inputs to facilitate model
adaptation, particularly for languages with little or no training data.

We systematically evaluate these methods using the Common Voice corpus [2] 
with a diverse selection of language pairs and training regimes. Experimental 
results demonstrate that both the integration of linguistic structure via HMTL 
and the use of language embeddings lead to substantial reductions in Phoneme 
Error Rate (PER), especially in zero-shot and few-shot settings. Notably, the
combination of both approaches results in the largest gains, indicating their
complementary nature.

The remainder of the paper is organized as follows. Section 2 reviews related 
work on multilingual phoneme recognition, hierarchical learning, and language 
embedding techniques for ASR. Section 3 details our methodology, including 
model architectures, embedding extraction, and training strategies. Section 4 
presents experimental settings and results. Finally, Sect. 5 summarizes the find-
ings and outlines future research directions.
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2 Related Work 

The development of multilingual ASR systems, particularly those capable of gen-
erating phonetic (IPA) transcriptions, has been an area of intensive research over 
recent decades. Initial approaches predominantly relied on statistical methods
such as Hidden Markov Models (HMMs) for both acoustic and language model-
ing [21]. The advent of deep learning, however, has markedly advanced the field, 
enabling s ubstantial gains in both accuracy and generalizability.

Deep neural networks, including recurrent (RNN) [10, 17] and convolutional 
(CNN) [7] architectures, have proven effective at capturing the complex tempo-
ral and spectral dynamics inheren t to speech. More recently, transformer-based
models [8, 29], such as Wav2Vec 2.0 [3] and Whisper [22], have emerged as state-
of-the-art in multilingual speech recognition, utilizing large-scale self-supervised 
pretraining to learn rich, universal acoustic representations.

Several studies have addressed the challenge of generating IPA transcriptions 
by employing grapheme-to-phoneme (G2P) con version tools, including eSpeak-
ng [1] and Phonetisaurus [19], which facilitate the construction of large multilin-
gual datasets [30]. Nevertheless, the effectiveness of such tools can vary across 
languages, and inconsistencies in transcription standards can introduce n oise and
reduce the overall quality of training data.

Multi-task learning (MTL) has gained attention as an effective strategy for 
leveraging auxiliary tasks to enhance ASR models [25, 32]. In particular, hier-
archical multi-task learning (HMTL) has shown promise in modeling linguistic 
structure at multiple abstraction levels [23, 24], enabling models to simultane-
ously capture language-agnostic and language-specific phonetic features. The 
use of auxiliary information, such as language identity or embeddings, has also 
been explored, with several w orks proposing the integration of language vec-
tors learned from either raw speech [15, 28] or phonetic transcriptions [14, 18]  as  
conditioning inputs for ASR or TTS models.

Previous multilingual phoneme recognition approaches have explicitly incor-
porated universal phonetic knowledge through fixed mappings o r hard con-
straints. For example, Li et al. [13] propose a multilingual allophone system 
for universal phone recognition that relies on a manually defined mapping 
between each language’s phonemes and a set of language-independent phonetic
units. Similarly, Yen et al. [31] exploit universal articulatory features (such as 
manner and place of articulation) by constructing deterministic attribute-to-
phoneme mapping matrices that impose strict, rule-based constraints on the out-
put phoneme predictions. Both methods leverage predefined phoneme-to-feature
correspondences to guide multilingual models.

In contrast, our approach does not require any fixed phoneme-to-attribute 
mapping or external phonetic inventory. Instead, we integrate phonetic knowl-
edge through an auxiliary IPA-class prediction task inserted at an intermediate 
Transformer layer, rather than enforcing constraints at the output layer. This 
provides a soft, learned form of articulatory guidance within a fully end-to-
end model, incorporating the phonetic hierarchy in a data-driven manner with-
out explicit rules or external structures. Furthermore, our experiments show
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that placing the auxiliary task at an earlier layer of the network yields better 
generalization to unseen (out-of-domain) languages compared to applying such 
supervision only at t he output, highlighting the benefit of early-layer phonetic
supervision in multilingual phoneme recognition.

3 Methodology 

To address the outlined challenges in multilingual phoneme recognition, we pro-
pose and systematically compare several approaches, focusing on the integration 
of domain-specific linguistic knowledge and auxiliary language representations 
into the A SR pipeline. All methods are benchmarked against a strong baseline:
the Wav2Vec 2.0 XLSR-53 architecture [3], which has demonstrated state-of-
the-art results for multilingual speech processing [20, 30]. 

3.1 Baseline Model and Evaluation Protocol 

The baseline system utilizes a pre-trained Wav2Vec 2.0 XLSR-53 encoder, which 
is fine-tuned for phoneme sequence prediction on a multilingual corpus tran-
scribed in IP A. The training objective is the Connectionist Temporal Classifi-
cation (CTC) loss [9], suitable for sequence alignment tasks where the corre-
spondence between input frames and output labels is unknown. The CTC loss 
is formally defined as: 

LCTC = − logP (y | x) = − log
a∈A(x,y)

P (a | x), (1) 

where x is the input audio, y is the reference phoneme sequence, and A(x, y) 
denotes t he set of all possible alignments.

For objective evaluation, we employ the Phoneme Error Rate (PER), calcu-
lated as the normalized Levenshtein distance between predicted and reference
phoneme strings:

PER =
S + D + I

N
× 100%, (2) 

where S is the number of substitutions, D is deletions, I is insertions, a nd N is
the total number of reference phonemes.

3.2 Hierarchical Multi-task Learning for Phoneme Recognition 

In order to exploit universal phonetic structures, we introduce a hierarchical 
multi-task learning (HMTL) framework. This architecture augments the main 
phoneme prediction task with an auxiliary objective: predicting higher-level 
phoneme classes derived from the IPA taxonomy (such as rows or columns of 
IPA tables for consonants and vowels). Each phoneme in the target sequence
is replaced by its respective class label to construct the auxiliary sequence. An
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additional classification head, attached at an intermediate layer, is optimized 
jointly with the primary output using a c ombined loss:

LHMTL = Lphoneme
CTC + λ · Lclass

CTC, (3) 

where λ controls the auxiliary loss weight.
This hierarchical decomposition encourages the model to learn shared pho-

netic abstractions across languages, facilitating better generalization—especially 
in the p resence of limited or noisy data. The architectural scheme is depicted in
Fig. 1. 

Fig. 1. Schematic overview of the hierarchical multi-task mod el for multilingual
phoneme recognition.

Effect of Auxiliary-Head Placement. To identify the most informative level for 
the auxiliary prediction we varied (i) the layer at which the second CTC head is 
attached and (ii) whether IPA rows or columns are used as class labels. Table 1 
shows that attaching the auxiliary head to the 20-th transformer layer and 
using column groupings for both consonants and vowels gives the lowest PER
on held-out languages.
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Table 1. PER metrics on test set for 12 training l anguages, depending on HMTL
configuration.

Layer of additional 
heads/IPA consonants/IPA 
vowels

PER out of domain PER in domain

ES CV ES CV 
Baseline 0.358 0.348 0.113 0.117 
16/Columns/Columns 0.331 0.271 0.107 0.115 
20/Columns/Columns 0.323 0.264 0.103 0.109 
24/Columns/Columns 0.345 0.294 0.111 0.116 
16/Rows/Rows 0.339 0.279 0.111 0.115 
20/Rows/Rows 0.334 0.270 0.108 0.112 
24/Rows/Rows 0.341 0.292 0.109 0.116 
20/Columns/Rows 0.329 0.267 0.105 0.110 
20/Rows/Columns 0.337 0.282 0.110 0.115 

3.3 Language Embedding Extraction 

To further enhance cross-lingual adaptation and facilitate few-shot or zero-shot 
recognition, we incorporate language embedding vectors as auxiliary inputs. Two
complementary approaches for embedding extraction are explored:

Speech-Based Embeddings. We utilize the Wav2Vec 2.0 XLSR-53 model 
to derive utterance-level representations using an XVector-style head [27]. The 
model is optimized using the triplet loss [11], which encourages embeddings 
of utterances from the same language to be close, and those from different lan-
guages to be distant. Triplets are constructed by selecting anchor, positive (same 
language), and negative (different language) samples: 

Ltriplet = max 0, d(eanchor, epositive) − d(eanchor, enegative) + α , (4) 

where d(·, ·) is a distance metric (e.g., cosine), and α is the margin.

Transcription-Based Embeddings. We obtain sequence-level language rep-
resentations from IPA phonetic transcriptions using PhoneBERT [14], a BERT-
style model pre-trained with masked language modeling on multilingual phoneme 
sequences. The embedding for a transcription is computed by mean pooling 
over the output token representations. The overall workflow for extracting and
incorporating language embeddings—whether from raw audio or from phonetic
transcriptions—into the ASR model is illustrated in Fig. 2.
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Fig. 2. Inference and training scheme with language auxiliary information based on
available language samples.

3.4 Integration of Auxiliary Language Information 

During ASR model training and inference, language embeddings (either from 
speech or from transcriptions) are concatenated or otherwise fused with the 
main acoustic representations, providing explicit context regarding the target 
language. Both instance-level (utterance-specific) and averaged (language-level) 
embeddings are evaluated. Additional control experiments utilize one-hot lan-
guage labels to isolate the contribution of learned embedding representations.

3.5 Experimental Setup 

All experiments are conducted on subsets of the Mozilla Common Voice cor-
pus [2], with careful curation to balance the amount of training data per language 
and to allow held-out language ev aluation. G2P conversion to IPA is performed
using Espeak-ng [1]. Optimization is performed using AdamW [12] with cyclical 
learning rate scheduling [26], and for model selection and stopping criteria, we 
employed two validation strategies: A conventional early stopping method using 
a development set from the same language as the evaluation (in-language vali-
dation), and a cross-language validation strategy where languages are treated as 
folds. In the CV setup, the model’s stopping point is determined by validation 
p erformance on held-out language data (i.e., on languages not seen in train-
ing), encouraging better generalization to unseen languages. We report results
for both strategies in our tables, with ‘ES’ and ‘CV’ denoting the respective
approach.

All models were implemented using the PyTorch framework and trained on
single NVIDIA Tesla A100 80GB GPU.
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4 Experimental Results 

4.1 Evaluation Metrics 

The main evaluation criterion is the Phoneme Error Rate (PER), computed 
as the normalized Levenshtein distance between predicted and reference IPA
sequences (see Sect. 3). Lower PER values indicate be tter phoneme recognition
accuracy.

4.2 Comparison of Methods 

We report results for the following mo del variants:

– Baseline: Wav2Vec 2.0 XLSR-53 fine-tuned with CTC loss, without auxiliary
inputs.

– Hierarchical Multi-Task Learning (HMTL): Augmented with an aux-
iliary CTC objective for IPA-based phoneme classes, as detailed in Sect. 3. 

– Speech-based language embeddings: Integration of averaged language 
vectors deriv ed from speech.

– Transcription-based language embeddings: Integration of language vec-
tors obtained from IPA transcriptions.

– Combined approaches: Models employing both HMTL and a uxiliary
embeddings.

Hierarchical Multi-task Learning. Table 2 summarizes the impact of HMTL 
across different training set sizes. The hierarchical approach consistently outper-
formed the baseline in both in-domain and out-of-domain s ettings, with partic-
ularly strong improvements on unseen languages (PER reduction up to 20% in
low-resource conditions).

Table 2. Phoneme Error Rate (PER) for baseline and HMTL models across various
training set sizes.

Languages Approach PER Out-of-Domain PER In-Domain 
4 Baseline 0.447 0.151 
4 HMTL 0.396 0.142 
8 Baseline 0.386 0.132 
8 HMTL 0.316 0.111 
12 Baseline 0.358 0.113 
12 HMTL 0.323 0.103
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Auxiliary Language Embeddings. Both speech-based and transcription-
based language embeddings improved recognition performance, with averaged 
embeddings showing the best generalization to unseen languages. A further abla-
tion using one-hot language identifiers confirmed that the benefit stems from the
structured embedding space, not simply language label awareness. Results are
summarized in Table 3. 

Table 3. PER for models using speech and transcription-based language emb eddings
(for 4, 8, 12 training languages).

Languages Model PER Out-of-Domain PER In-Domain 
4 Baseline 0.447 0.151 
4 Speech Embedding 0.421 0.147 
4 Transcr. Embedding 0.431 0.142 
8 Baseline 0.386 0.132 
8 Speech Embedding 0.357 0.127 
8 Transcr. Embedding 0.361 0.125 
12 Baseline 0.358 0.113 
12 Speech Embedding 0.321 0.104 
12 Transcr. Embedding0.321 0.103 

Combined Approaches and Detailed Evaluation. Combining HMTL and 
language embeddings yielded the lowest PER, both in-domain and for held-out 
languages. Detailed evaluation on four held-out languages is shown in Table 4. 
Notably, the largest relative improvements were observed for out-of-domain lan-
guages under reduced training data, reaching more than 20% reduction compared
to the baseline.

Scaling to 26 Languages. Finally, we repeated the full experimental pipeline 
on a 26-language training set (Common Voice languages with down sampling 
to ≤ 10 h of data). The combined approach achieved an in-domain PER of 
0.088 and an average out-of-domain PER of 0.251, representing a ≈ 7% rel-
ative improvement ove r the baseline (0.093/0.265). This shows that the proposed
techniques remain effective even when the language inventory is doubled.

4.3 Analysis of Language Embedding Substitution 

To examine the linguistic structure encoded by the learned language vectors, 
additional experiments substituted embeddings of held-out languages with those 
of related or unrelated languages. Results demonstrated that using embed-
dings from closely related languages (e.g., substituting German with Swedish or
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Table 4. Best PER on held-out languages: French – fr, German – de, Catalan – ca,
Japanese – ja.

Approach PER in-
domain

PER fr PER de PER ca PER ja 

12 Training Languages 
Baseline 0.113 0.348 0.314 0.361 0.423 
HMTL 0.103 0.264 0.253 0.323 0.392 
Speech embeddings 0.106 0.301 0.281 0.333 0.391 
Transcription embeddings 0.103 0.321 0.279 0.337 0.385 
Speech embeddings + 
transcription em beddings

0.098 0.311 0.275 0.324 0.373 

Transcription embeddings +
HMTL

0.092 0.261 0.271 0.339 0.378 

Speech embeddings + HMTL 0.091 0.252 0.276 0.341 0.372 
Combination of all methods 0.091 0.249 0.245 0.325 0.361 
26 Training Languages 
Baseline 0.093 0.265 0.249 0.311 0.323 
HMTL 0.089 0.249 0.238 0.301 0.315 
Combination of all methods 0.088 0.251 0.234 0.292 0.281 

English) led to moderate performance degradation, while unrelated languages 
(e.g., Japanese or Russian) resulted in significant loss of accuracy. This find-
ing underscores the capacity of the embedding space to encode genealogical and
phonetic relationships.

4.4 Visualization and Embedding Evaluation 

Language embedding spaces were visualized using the UMAP technique [16], 
confirming that phonetically or genealogically related languages cluster closely. 
Quantitative evaluation with logistic regression classifiers on embedding vectors 
yielded language-identification accuracies of 0.88 for the speech-based embed-
dings a nd 0.917 for the transcription-based embeddings, confirming the high
discriminative power of both representations.

Embedding Substitution Experiment. The result of the test data for the 
speech-based embedding model is shown in Fig. 3. To probe the linguistic struc-
ture captured by the vectors, we replaced the German embedding at test time 
with vectors from typologically related and unrelated languages. Table 5 con-
firms that genealogical proximity matters: Swedish (same Germanic family) even 
improved performance, whereas distant languages seriously degraded it.
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Fig. 3. Visualization of the two-dimensional UMAP projection of t est data embeddings.

Table 5. PER on German test utterances when the German embedding is replaced by
another language vector.

Substituted embedding PER on de

Native German vector 0.234 
Swedish (sv-SE) 0.225 
English (en) 0.243 
Russian (ru) 0.295 
Japanese (ja) 0.301 

4.5 Computational Resources 

Experiments required approximately one hour per training epoch on a single 
NVIDIA A100 GPU for 12 languages, with computational overhead increasing 
by up to 20% when auxiliary losses w ere employed. Most models converged
within 1–3 epochs depending on the validation strategy.

5 Conclusion 

This study has addressed the problem of enhancing multilingual automatic 
speech recognition (ASR) systems for phoneme-level transcription in the Inter-
national Phonetic Alphabet (IPA), with special attention to linguistic diversity 
and the challenge of low-resource languages. We proposed an integrated frame-
work combining hierarchical multi-task learning (HMTL), which incorporates
domain-specific phonetic abstractions, with auxiliary language representations
extracted from both speech and phonetic transcriptions.
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Experimental evaluation on the Common Voice corpus demonstrated that 
each proposed component contributes to improved generalization, yielding con-
sistent reductions in phoneme error rate (PER) on both in-domain and out-of-
domain data. In particular, the combined approach produced a relative improve-
ment of 7–10% in recognition accuracy across most test scenarios, and more than
20% for held-out languages under low-resource conditions. Additional analysis
revealed that language embeddings effectively capture genealogical and phonetic
relations, facilitating zero-shot transfer to typologically similar languages.

Future work will explore more sophisticated integration of linguistic knowl-
edge, unified embedding spaces combining acoustic and symbolic modalities, and 
deeper analysis of relationships between learned vector spaces and established 
linguistic taxonomies. The proposed methods and resulting models are intended 
to support further advances in multilingual speech technology and language doc-
umentation. 
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Abstract. Deemed one of the world’s most representative whistled 
languages, the Canary Islands’ whistled Spanish, locally known as 
Silbo, has long attracted linguistic research. However, most studies have 
adopted linguistic, ethnological, or bioacoustic perspectives, overlooking 
the potential of computational methods within the digital humanities. 
This work advances the computational study of Silbo by presenting the 
first automated approach to Speaker Identification (SI)—i.e., the pro-
cess of determining the speaker of a given utterance by computational 
means—in a closed-set configuration for this language. The proposal 
leverages standard feature extraction methods as well as pre-trained 
Speech Recognition models to extract representative embeddings and 
incorporates class-balancing mechanisms to mitigate biases arising from 
uneven representation of whistlers in the data—i.e., label imbalance. The 
results obtained on the only e xisting dataset specifically designed for
computational analysis of Silbo, comparing three representative feature
extraction methods, three oversampling policies, and five classification
strategies, validate the proposal, achieving F1 scores close to 90% in the
best-case scenarios. While laying a solid foundation for SI in Silbo, this
study also highlights the scarcity of computational research on whistled
languages, and particularly Silbo, emphasizing the need for further work
to bridge traditional linguistic research and modern digital humanities.

Keywords: Whistled languages · Speaker identification · Silbo · 
Speech processing

1 Introduction 

Whistled languages serve as a unique means of communication, in which regular 
spoken speech is replaced by modulated whistles that retain t he same linguistic
content while still enabling high intelligibility levels [20]. These languages are 
particularly useful in environments where spoken speech is ineffective due to 
challenging orographic conditions, such as long distances or dense jungles [3]. 
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Nowadays, approximately 80 languages are known to have developed this speech 
type, but far fewer are regularly used worldwide [19]. 

The whistled Spanish of the Canary Islands, locally known as Silbo, stands as 
the most widely used whistled language in the world [32]. This prominence owes 
much to sustained promotional efforts by the regional government and cultural 
organizations, such as the “Asoc iación Cultural y de Investigación de lenguajes
silbados Yo Silbo”1, and to the inclusion of one of its variants (Silbo of La 
Gomera) on UNESCO’s Representativ e List of the Intangible Cultural Heritage
of Humanity in 2009.2

Due to its cultural significance, Silbo has been a subject of research, including 
geolinguistic analyses of whistled speech [21], works on bioacoustics comparing 
whistles with communication among animals [22], and a large panel of psycholin-
guistic investigations, including studies exploring the relationship bet ween musi-
cal knowledge and language proficiency [27] or comprehension analyses among 
expert practitioners of the tradition [23]. Nevertheless, these works have thereby 
neglected other aspects of the speech field, such as the computational one. It 
must be remarked that, while the related literature comprises seminal works
related to low-level procedures for extracting signal-based descriptors from whis-
tled speech [14], the study by Jakubiak [13] on the automated transcription of 
Silbo constitutes the first proposal focusing on the high-level analysis of this
language by computational means. More recently, O’brien and Marcyzk [28]  con-
sidered the data assortment presented in this latter work to differentiate modal 
and whistled speech with computational approaches.

In this work, we further contribute to the study of whistled Spanish from 
a computational perspective. More precisely, we present the first approach to 
Speaker Identification (SI) applied to Silbo, i.e., t he process of identifying the
speaker—in our case, the whistler—of a given utterance through computational
means [12]. Notably, this task proves to be remarkably relevant for the com-
putational analysis of speech signals since, beyond biometric purposes [25], SI 
may enhance the accuracy of multi-speaker transcription systems by adapting 
the recognition framework to the characteristics of each individual speaker [2]. 

Our SI proposal for whistled Spanish leverages standard feature extraction 
methods as well as pre-trained Speech Recognition models to extract representa-
tive embeddings from the utterances, which are then post-processed and adapted 
for their eventual iden tification using classification systems. The results obtained
using different state-of-the-art transcription models, data-balancing methods,
and classification strategies on the Jakubiak dataset [13] prove the validity of our 
approach, achieving remarkably competitive classification performance in par-
ticular configurations. These findings support the effectiveness of the proposed 
method and lay the groundwork for future research in this field, contributing to
the broader effort of preserving and raising awareness of these unique forms of
communication.

1 http://www.yosilbo.com. 
2 https://ich.unesco.org/en/RL/whistled-language-of-the-island-of-la-gomera-canary-

islands-the-silbo-gomero-00172. 

http://www.yosilbo.com
https://ich.unesco.org/en/RL/whistled-language-of-the-island-of-la-gomera-canary-islands-the-silbo-gomero-00172
https://ich.unesco.org/en/RL/whistled-language-of-the-island-of-la-gomera-canary-islands-the-silbo-gomero-00172
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The remainder of this manuscript is structured as follows: Sect. 2 introduces 
the recognition framework developed for this task; Sect. 3 describes the exper-
imental setup; Sect. 4 presents and discusses the obtained results; and finally,
Sect. 5 concludes the work and outlines potential future research directions.

2 Methodology 

This section formalizes the Speaker Identification (SI) problem and presents the 
methodology proposed to address this task. Note that, in this work, the SI prob-
lem is modeled as a multiclass classification task in which a query utterance must 
be identified as produced by one of the whistlers from a fixed set of candidates,
i.e., a closed-set identification framework.

Let X and C respectively denote the spaces of Silbo recordings and their 
associated labels (i.e., the actual whistlers of the utterances), related by the 
function Ω : X  →  C. The goal of the SI task is to approximate this function 
as accurately as possible by learning an estimate Ω̂ using a set of labeled data,
T ⊂ X × C. To achieve this, we propose the scheme illustrated in Fig. 1,  which  
is described below.

Fig. 1. Graphical description of the scheme proposed for the Speaker Identification 
task for Silbo speech.

The labeled Silbo recordings, T = {(xi,  yi)  :  xi ∈  X  ,  yi ∈  C}|T | 
i=1, initially 

undergo a feature extraction or embedding stage—denoted as the Feature extrac-
tion phase in the figure—resulting in the set T e = (xe 

i ,  yi)  :  xe 
i ∈ Rf |T e| 

i=1 
of 

embedded data, where f denotes the size of the feature representation. To miti-
gate potential biases, the embedded representations T e are then artificially bal-
anced in the Oversampling process, producing the adjusted set T e

B.3 The final

3 The limited representation of some whistlers in the considered Silbo assortment, 
which constitutes the only data c ollection of its type and that will be described in
Sect. 3.1, prevents the use of balancing strategies based on undersampling proce-
dures.
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Classification stage then utilizes this balanced set to estimate the aforementioned
function Ω̂.

During the inference phase, a query utterance q is drawn from a test set 
S, which is disjoint from the training set T —i.e., T  ∩  S  = ∅.  The  query  q is 
processed by the Feature extraction phase, yielding the em bedded representation
qe ∈ R

f . Finally, the Classification method predicts the label of this query as
ŷ = Ω̂(qe).

3 Experimental Set-Up 

This section describes the data collection and evaluation protocol used to assess 
the proposed approach, as well as the e mbedding procedures, oversampling tech-
niques, and classification strategies considered.

3.1 Data Assortment and Evaluation Protocol 

We utilize the Silbo dataset compiled by Jakubiak [13], which represents the only 
existing assortment for the computational analysis of this language. This data 
collection comprises 529 whistled phrases recorded by 10 different practitioners,
annotated at both word and sentence levels for transcription tasks. Table 1 pro-
vides further details on this collection in terms of the number of samples, total 
duration and average duration per sample.

Table 1. Details of the Silbo dataset compiled by Jakubiak [13] in terms of the number 
of samples, total duration and average duration per sample.

Number of Samples Total Duratio n Average Duration 
529 1h 2 m 3.3 s 7.0 s ± 2.9 s

For the SI task, we exclusively consider the practitioner labels provided in the 
dataset as the target elements, disregarding all transcription-related annotations.
Figure 2 illustrates the distribution of speaker iden tifiers in this dataset.

Although Jakubiak [13] proposed a partitioning scheme, it was specifically 
designed for transcription purposes and does not account for the distribution of 
practitioners across different partitions. To address this, our experiments adopt 
a 5-fold cross-validation scheme, stratified at the practitioner level. Within each 
fold, 10% of the training samples are s et aside for validation. Note that this
partitioning scheme results in a closed-set identification configuration in which
the whistler to be identified is among the set of reference practitioners [33]. 
Open-set scenarios are posed as future w ork to be explored.

Regarding the evaluation protocol, we use the macro-average F1 score to mea-
sure the goodness of the proposal as it represents a standard figure of merit for
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Fig. 2. Speaker identifier distribution of the Jakubiak dataset [13]. 

identification tasks [12] in contrast to other metrics more suitable for verification 
schemes such as Equal Error Rate [24]. The F1 score is defined as: 

F1 = 
1 
|C| 

∀c∈C 

2 · TPc 

2 · TPc + FPc + FNc
(1) 

where TPc,  FPc,  and  FNc denote the True Positives, False Positives, and False 
Negativ es for whistler identifier c ∈ C, respectively.

3.2 Feature Extraction 

Given their competitive performance in the speech processing field, we adopt 
and compare three different feature extraction strategies for the identification 
task: the sp ectral-based mel-frequency cepstral coefficients (MFCC) commonly
considered for speech analysis [8] together with two neural embedding schemes 
based on Speech Recognition models, wav2vec 2.0 by Meta [1]  and  Whisper [31] 
by OpenAI. The remainder of this section provides a brief o verview of these
methods.

The MFCC descriptors constitute a set of low-level features which directly 
represent the spectral content of the utterance at hand. More precisely, this 
representation results from processing the Fourier Transform of the signal with 
a filter bank based on the perceptual Mel scale. We initially consider 20 filters 
(namely Base) and examine the influence of including both their first (Base +Δ)
and second derivatives (Base +Δ + Δ2), as commonly done in SI with regular
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speech [ 24, 33]. These cases result in embedding sizes of f = {20, 40, 60}, respec-
tively.

The wav2vec 2.0 scheme consists of a multi-layer convolutional neural net-
work, whose output embeddings are processed by a Transformer network for 
transcription. This mo del is pre-trained and fine-tuned on 960 h of the Lib-
rispeech dataset [29]. Note that we consider only the encoder component of the 
model as our objective is to obtain meaningful embedded representations of 
Silbo utterances. To evaluate its impact on the overall performance of our SI 
task, we experiment with different embedding sizes for the encoder, specifically
f = {64, 256, 1024, 4096}.

The Whisper model is an end-to-end speech transcription system based on 
an encoder-decoder Transformer architecture. It is trained on 680,000 h of mul-
tilingual and multitask supervised data collected from the Internet. As in the 
previous scheme, we exclusively consider the encoder stage of the scheme as it 
acts as a feature extractor for our task. In our experiments, we consider four 
versions of the m odel, which differ in the number of trainable parameters: Tiny
(39M), Base (64M), Small (244M), and Medium (769M). The corresponding
embedding sizes for these encoders are f = {384, 512, 768, 1024}, respectively.

3.3 Oversampling Techniques 

To mitigate the effects of the label imbalance present in the dataset, we employ 
three well-known oversampling strategies from the literature [26]: (i) Synthetic 
Minority Over-Sampling Technique (SMOTE) [4], (ii) Borderline SMOTE (B-
SMOTE) [10], and (iii) Adaptive Synthetic Sampling (ADASYN) [11]. Since 
these methods require a feature-based representation of the data, the oversam-
pling process i s applied after the Feature extraction stage.

The SMOTE technique addresses class imbalance by generating synthetic 
samples in the regions of the Rf feature space occupied by the minority classes. 
More precisely, the algorithm first selects a random sample from a minority class 
as well as one of its nearest neighbors in a random manner. A new synthetic 
sample is then generated by interpolating between the reference sample and the 
selected elements, with the new instance inheriting the reference sample’s label.
This process is repeated for each class until a predefined balancing criterion is
met (e.g., ensuring all classes contain the same number of instances).

The B-SMOTE method extends the SMOTE algorithm by focusing on deci-
sion boundaries between classes. The oversampling process follows the same 
steps as SMOTE, with the key distinction that reference samples are specifically 
c hosen from those lying on the decision frontiers—i.e., instances predominantly
surrounded by samples from the majority class.

The ADASYN algorithm differs from SMOTE-based strategies by employ-
ing an adaptive generation policy that prioritizes minority instances that are 
more difficult to classify, rather than uniformly sampling the minority classes. 
To achieve this, ADASYN uses a set of indicators to assess classification diffi-
culty in terms of label imbalance and generates synthetic samples accordingly
to reduce these disparities.
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3.4 Classification Strategies 

Regarding the Classification stage of the proposal, we examine five representative 
methods from the literature [7] with large application in the field of computa-
tional speech analysis, which are listed and described in the remainder of the 
section. Note that, for eac h classifier we assess different configuration parameters
to optimize their recognition performance for the proposed SI task.

Based on its success in speech processing tasks, we examine the Gaussian 
Mixture Model (GMM) as a representative case of parametric learning [6]. For 
its use as a classifier, we fix the amount of gaussian functions in the mixture to the 
number of whistlers in the dataset. We initialize the centers of the distributions 
to those of the respective whistlers and optimize the rest of the parameters via 
Expectation-Maximization. We comparatively study the influence of the covari-
ance function by comparing the case in which all components share the same
general covariance matrix against that in which each component has its own
single variance, respectively denoted as tied and spherical (SPH) in the rest of
the work.

As a representative of the lazy learning paradigm, we consider the k-Nearest 
Neighbor (kNN) method, which classifies a given query based o n the labels of
the k elements that surround it in the feature space [35]. To assess the impact of 
the k hyperparameter on SI classification performance, we evaluate the method
using k ∈ {1, 3, 5}.

In terms of neural networks, we explore the Multilayer Perceptron (MLP) [9] 
scheme as an example of this learning family. In this case, we analyze the effect 
of the optimization strategy by comparing classification performance when using 
the Limited-memory B royden–Fletcher–Goldfarb–Shannon (LBFGS) algorithm
versus the Stochastic Gradient Descent (SGD) method.

Regarding tree-based strategies, we evaluate the Random Forest (RaF) [15] 
method, which typically outperforms individual decision tree classifiers by lever-
aging an ensemble of such base classifiers to enhance robustness and reduce 
overfitting. To examine the influence of the number of trees in the ensemble, we
test configurations with 100 and 500 trees.

Finally, given its competitive performance in related literature, we also 
include the Support Vector Machine (SVM) classifier in our study [17]. On 
this note, we compare two commonly used kernel functions: the polynomial one
(Poly) and the Radial Basis Function (RBF).

4 Results 

This section presents and discusses the results obtained for the SI task, follo wing
the experimental procedure outlined in Sect. 3. For clarity, the analysis is divided 
into two parts: (i) a comparative evaluation of feature extraction and classifi-
cation methods, focusing on base SI performance without applying balancing 
strategies, and (ii) an assessment of the impact of oversampling techniques on
mitigating class imbalance to enhance the overall SI performance.
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To ensure reproducibility and transparency, all developed code is pub-
licly available at https://github.com/jose-jvmas/WhistlerIdentificationSilbo.  All  
experiments were conducted using Python (v. 3.11) with the Hugging Face Trans-
formers (v. 4.46.3) [34], librosa [18], scikit-learn (v. 1.6.1) [30], and imbalanced-
learn (v. 0.13.0) [16] libraries for the feature extraction, classification, and ev al-
uation tasks. Finally, Table 2 summarizes the different experimental parameters 
assessed i n the work.

Table 2. Summary of the experimental parameters considered in the experimentation 
categorized by those related to the embedding strategies, the classification methods,
and the oversampling approaches.

Parameter Value 
Feature extraction 
MFCC Base, Base +Δ,  Base  + Δ + Δ2

Wav2vec 64, 256, 1024, 4096
Whisper Tiny, Base, Small, Medium
Classification methods 
Gaussian Mixture Models (GMM) Tied, Spherical 
k-Nearest Neighbor (kNN) 1, 3, 5
Multi-Layer Perceptron (MLP) Stochastic Gradient Descent 

Lim. Bro yden–Fletcher–Goldfarb–Shannon
Random Forest (RaF) 100, 500 
Support Vector Machine (SVM) Polynomial, Radial Basis Function
Oversampling approaches 
Methods Synthetic Minority Over-Sampling Technique 

Borderline-SMOTE 
Adaptiv e Synthetic Sampling

4.1 Base Identification Performance 

Table 3 presents the F1 score performance of the proposed SI scheme across 
different feature extraction and classification strategies. Note that this initial
analysis does not incorporate any balancing methods.

Overall, MFCC-based representations consistently achieve the highest iden-
tification rates across all classifiers. The best result, an F1 score of 87.9%, is 
obtained using an SVM classifier with a polynomial kernel and MFCC features 
augmented with first-order derivatives (Base +Δ). This finding aligns with the 
speaker recognition literature, confirming the effectiveness of MFCCs for dis-
tinguishing individual whistlers in Silbo, likely due to the prominent spectral
patterns in whistled speech.

https://github.com/jose-jvmas/WhistlerIdentificationSilbo
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Table 3. Average test results for the 5-fold cross-validation scheme in terms of F1 (%) 
for the classifiers evaluated with respect to the embedding strategy without oversam-
pling. Bold values highlight the best result for each classification scheme and embedding 
method, while underlined values indicate the best overall result per classifier. Feature
sizes (f) are provided for comparison.

GMM kNN MLP RaF SVM 
SPH Tied 1 3 5 LBFGS SGD 100 500 Poly RBF 

MFCC 
Base (20) 24.5 72.7 75.2 70.5 68.8 80.5 23.4 68.8 66.7 85.8 22.2 
Base +Δ (40) 22.3 79.3 76.2 70.9 70.3 82.5 7.7 64.9 66.1 87.9 22.1 
Base +Δ + Δ2 (60) 19.1 78.0 75.6 67.7 67.4 78.8 16.9 66.2 68.3 86.3 22.2 
Wav2vec 
64 8.0 9.6 12.2 12.0 14.0 10.7 12.6 10.2 10.3 12.5 10.7 
256 7.5 11.3 12.3 12.2 13.9 11.7 12.0 11.9 11.8 13.8 13.5 
1024 6.5 3.6 11.3 10.4 10.1 12.3 11.9 13.2 13.7 12.7 13.8 
4096 6.8 1.9 12.4 10.1 8.7 16.0 14.7 12.0 11.6 13.0 11.0 
Whisper 
Tiny (384) 7.1 49.5 39.6 37.9 29.2 57.1 7.8 26.3 23.4 83.7 11.7 
Base (512) 10.6 65.4 47.4 38.7 36.9 45.2 5.1 34.7 36.2 83.8 11.0 
Small (768) 7.7 23.0 26.3 20.7 19.3 31.2 5.1 21.7 21.4 71.3 9.1 
Medium (1024) 12.8 59.0 34.3 35.4 27.5 34.4 4.5 32.2 30.2 74.5 7.4 

Focusing on the particular MFCC configurations, it is observed that incor-
porating first-order derivatives (Base +Δ) generally improves performance com-
pared to using only the base coefficients, suggesting that the inclusion of dynamic 
spectral information benefits the discrimination between whistlers. Interest-
ingly, the best iden tification rates are achieved with the first-order configuration
(Base+Δ) across all classifiers except for RaF, which performs best with the
base coefficients alone.

In contrast, Wav2vec embeddings yield the lowest performance across clas-
sifiers, with F1 scores typically below 15%. This suggests that features learned 
from spoken speech do not generalize well to whistled signals within the SI 
context. Conversely, Whisper-based embeddings show improved performance, 
achieving F1 scores up to 83.8% with the SVM classifier. This indicates that 
large-scale multilingual pre-training confers better generalization to non-v erbal
speech modalities such as whistling. Among the Whisper configurations, model
complexity plays an important role, with the best results obtained using the less
complex Tiny and Base models.

Finally, the choice of classification scheme plays a critical role in the SI task, 
with different methods showing varying sensitivities to parameter tuning. The 
SVM classifier with a polynomial kernel consistently delivers the highest perfor-
mance across feature types, highlighting its capacity to generalize effectively in
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this context. Tree-based methods (RaF) and kNN classifiers also provide stable 
yet slightly lower performance with minimal tuning. In contrast, methods such as 
MLP and GMM can achieve competitive results but require careful configuration
to reach optimal performance.

In summary, the results obtained establish a strong baseline for speaker iden-
tification in Silbo, demonstrating that classical spectral features based on cep-
stral principles combined with w ell-tuned classifiers can achieve high recognition
rates even in label-imbalance cases.

4.2 Oversampling Strategies for Data Balancing 

Following the initial analysis, this section examines the impact of oversampling 
techniques on addressing label imbalance within the Silbo dataset. For con-
ciseness, w e focus on the best-performing classifier configurations identified in
Sect. 4.1: GMM with Tied covariance, kNN with k =  1, MLP with the LBFGS 
optimizer, RaF with 500 trees, and SVM with the Poly kernel. Additionally, 
we restrict the analysis to the MFCC and Whisper feature extraction methods
under the configurations yielding the highest performance for each classifier.

Table 4 presents the F1 scores obtained for the proposed SI scheme when 
applying different oversampling strategies. The None case—i.e. , no balancing
method is applied—serves as the baseline for comparison.

Table 4. Average test results for the 5-fold cross-validation scheme in terms of F1 

(%) for the best classification configurations from Table 3, evaluated across different 
oversampling strategies. Bold values indicate the best result per embedding method, 
classification scheme, and oversampling strategy, while underlined v alues highlight the
best overall score per embedding method.

Oversampling metho d
None SMOTE B-SMOTE ADASYN 

MFCC 
GMM 79.3 78.5 79.3 81.7 
kNN 76.2 79.6 78.2 79.0 
MLP 82.5 72.1 81.3 69.0 
RaF 68.8 73.2 73.3 73.5 
SVM 87.9 86.2 85.8 86.2 
Whisper 
GMM 65.4 72.2 56.2 62.7 
kNN 47.4 53.9 51.4 54.0 
MLP 57.1 68.7 70.2 66.3 
RaF 36.2 58.5 53.3 59.2 
SVM 83.8 83.7 83.5 85.2
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The results indicate that applying oversampling generally improves classifi-
cation performance, although the magnitude of enhancement depends on both 
the feature representation and the baseline performance without balancing (i.e., 
the None case). For MFCC features, increases in the figure of merit are observed 
primarily for the GMM, kNN, and RaF classifiers, while MLP and SVM do not 
benefit to the point of achieving their best performance without o versampling.
For instance, RaF improves from 68.8% to 73.5% F1 with ADASYN, and kNN
increases from 76.2% to 79.6% with SMOTE, while SVM maintains its highest
performance (87.9% F1) without balancing, with only marginal changes across
oversampling methods.

In the case of Whisper-based features, oversampling consistently yields 
improvements across kNN, MLP, and RaF, indicating that balancing is par-
ticularly beneficial when the feature representation alone does not ensure suffi-
cient class discrimination. Notably, RaF improves from 36.2% to 59.2% F1 with 
ADASYN, and MLP increases from 57.1% to 70.2% with B-SMOTE. SVM, 
while already performing well with Whisp er features, shows a slight improve-
ment from 83.8% to 85.2% F1 with ADASYN. GMM, in contrast, only benefits
with SMOTE, improving from 65.4% to 72.2%, but exhibits lower results with
other oversampling strategies.

Among the oversampling methods evaluated, ADASYN consistently provides 
the highest or near-highest performance across multiple configurations. This 
aligns with its adaptive sampling policy, which prioritizes generating synthetic 
examples in regions w here minority classes are harder to classify, unlike SMOTE-
based methods that distribute synthetic samples more uniformly.

Within the SMOTE family, no clear overall advantage emerges between 
SMOTE and B-SMOTE, with their relative performance highly depending on 
the classifier-feature configuration. For example, B-SMOTE sligh tly outperforms
SMOTE with MLP on Whisper features, while the inverse is true for kNN.

Overall, the best results across all configurations are achieved using the SVM 
classifier with MFCC features, maintaining an F1 score of 87.9% without requir-
ing oversampling. For Whisper features, the highest F1 score (85.2%) is achieved 
with SVM using ADASYN, illustrating the potential of oversampling to close the
performance gap between Whisper and MFCC representations under optimal
configurations.

To conclude the analysis, we conduct a Nemenyi post-hoc test [5] to assess the 
statistical significance of differences among classifiers. Figure 3 shows the results 
for both MFCC and Whisper features, considering a significance threshold of
p < 0.05.

As it can be observed, the analysis confirms the similar performance of the 
kNN, RaF, and MLP classifiers under many configurations, while the SVM con-
sistently r anks highest. This fact reinforces its superior generalization capacity
for SI in Silbo, as previously observed.

Finally, we conclude that while oversampling can remarkably enhance perfor-
mance in label-imbalanced and low-separability settings, high-performing con-
figurations such as MFCC combined with SVM do achieve strong results without
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Fig. 3. Results of the Nemenyi post-hoc test assessing the relative improvement across 
the different classification strategies for the MFCC and Whisper representations depict-
ing the most competitive results. The Critical Distance (CD) represents the minimum
difference in the significance score to consider a pair of classifiers as statistically differ-
ent.

requiring data balancing. This establishes a solid benchmark for future compu-
tational studies on whistled language SI under data-scarce scenarios.

5 Conclusions and Future Work 

The whistled Spanish of the Canary Islands, or Silbo, is one of the world’s 
most representative whistled languages and has long been the focus of a number 
of linguistic studies. As the most intensively studied form of whistled speech 
wo rldwide, Silbo has yielded insights into ethnological, linguistic, and cognitive
phenomena, but computational methodologies for advanced, automated analysis
remain largely unexplored.

This work presents the first approach to Speaker Identification (SI)—i.e., 
the process of determining the speaker of a given utterance via computational 
means—tailored to Silbo in a closed-set disposition. Leveraging a combination 
of standard spectral-based feature extraction methods, embeddings from pre-
trained Speech Recognition mo dels, and class-balancing techniques, we prove
that automatic SI for Silbo can successfully be carried out with competitive
performance rates under data-scarce conditions.

Extensive experiments conducted on the Jakubiak dataset [13]—the only 
resource specifically compiled for computational analysis of Silbo—show that
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MFCC-based features, particularly when combined with an SVM classifier using 
a polynomial kernel, deliver the best performance, achieving an F1 score of 
87.9%. Whisper-based embeddings also demonstrate competitive results, reach-
ing up to 85.2% F1 with oversampling, although their effectiveness is highly 
dependent on the classification strategy considered. In contrast, embeddings 
derived from Wav2vec exhibit limited applicability in this context, highlighting
the challenges of directly transferring features learned from monolingual spoken
speech to whistled modalities.

Our findings highlight that, while oversampling techniques can remarkably 
enhance performance in scenarios with lower class separability (e.g., Whisper-
based features), high-performing configurations such as MFCC with SVM can 
achieve strong results without requiring data balancing. This establishes a robust 
baseline for computational SI in Silbo, demonstrating the potential of standard 
feature representations a nd classifiers in addressing this underexplored task.
However, despite these promising results, the scarcity of whistled data severely
hinders progress in this field, which highlights the need for larger datasets.

Based on the above, future work will focus on expanding existing data col-
lection to include a larger and more diverse collection of practitioners, whistling 
styles, and recording conditions. Other aspects to be explored comprise the adap-
tation or fine-tuning of neural-based embedding models for extracting adequate 
representations for whistled speech, or the use of data-efficient approaches such 
as Siamese networks for low-resource SI scenarios. Additionally, the integration 
of multimodal representations, combining spectral, temporal, and possibly artic-
ulatory features, may further enhance system robustness and accuracy. Extend-
ing this work to open-set SI, speaker verification, and speaker diarization tasks
in real-world whistled speech recordings is also a promising direction for future
exploration.

All in all, our work lays a solid foundation for the computational analysis 
of Silbo, showing the feasibility and effectiveness of SI for whistled speech and 
bridging the gap between traditional linguistic research and modern machine 
learning techniques within the digital humanities.
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Abstract. Articulatory synthesis generates speech by modeling vocal 
tract configurations, but estimating articulatory parameters from audio-
the acoustic-to-articulatory inversion (AAI) problem-remains challenging 
due to data scarcity, ambiguity, and the limitations of optimization-based 
methods. We propose PinkVocalTransformer, a Transformer framework 
that reformulates AAI as a sequence-to-sequence classification task over 
44-dimensional vocal tract diameter sequences derived from the Pink 
Trombone physical synthesizer. By modeling complete tract shapes 
rather than higher-level articulatory trajectories, our approach yields 
a more interpretable and spatially consistent representation. To enable 
supervised learning, we generated over four million synthetic audio– 
parameter pairs under controlled static configurations. HuBERT embed-
dings improve feature extraction and robustness to real audio inputs. 
Reformulating regression as classification helps mitigate convergence 
issues arising from multimodal parameter distributions, leading to more 
stable predictions. Since ground-truth articulatory data are unavailable 
for real recordings, we regenerate audio from predicted parameters to 
indirectly evaluate reconstruction quality. Experiments show PinkVocal-
Transformer outperforms VAE-based and optimization baselines in vowel
reconstruction. Objective ViSQOL metrics and ABX listening tests con-
firm higher perceptual similarity and listener preference for the regener-
ated audio compared to baselines. While the model performs strongly on
static and simple dynamic segments, future work will focus on extending
coverage to more diverse articulatory transitions and adapting the frame-
work to more complex vocal tract models. Overall, this approach provides
an efficient, data-driven framework for recovering interpretable articula-
tory parameters from audio, demonstrating both improved reconstruc-
tion quality and perceptual similarity compared to existing baselines.

Keywords: Acoustic-to-articulatory inversion · Transformer · 
Articulatory synthesis · Pink trombone

1 Introduction 

Articulatory synthesis [1] generates speech by simulating vocal tract dynamics.
Unlike statistical [2, 3] or concatenative methods [4, 5], it explicitly mo dels artic-
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
A. Karpov and G. Gosztolya (Eds.): SPECOM 2025, LNAI 16188, pp. 161–173, 2026. 
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ulatory motion, offering better interpretability and control. These advantages 
benefit linguistic research and have potential to help diagnose speech disorders
and vocal tract conditions.

Several foundational models have supported articulatory synthesis, includ-
ing the Liljencrants-Fant (LF) model [6] and the source-filter theory [7], which 
offer key insights into speech mechanics. Building on these, physical vocal tract 
simulators such as Pink Trombone (PT) [8] and VocalTractLab [9] have been 
developed to study articulatory coordination.

Despite these advances, realistic synthesis remains difficult. Black-box meth-
ods rely on optimization but face local minima and high cost. White-box 
approaches infer parameters analytically but are also costly and inefficient at
scale.

To address these challenges, we developed a black-box deep learning method 
to inversely model the shape of the vocal tract. As shown in Fig. 1, our approach 
takes acoustic signals as input and outputs the articulatory parameters that 
best reconstruct the original sound. To establish this mapping, we use PT as 
the s ynthesizer and generate a dataset of more than four million static audio
parameter pairs. Unlike previous studies [10, 11], which often rely on traditional 
articulatory features, we focus on the diameters of the vocal tract as articulatory
parameters, representing them as a 44-dimensional sequence [12]. Consequently, 
the problem can be framed as mapping acoustic representations o nto a spatial
sequence of articulatory diameters.

Fig. 1. Work process of the Pink VocalTransformer.

A major challenge in this approach is the instability caused by the multi-peak 
distribution of articulatory parameters, which complicates training. To address 
this, we reformulate the regression task as classification to stabilize learning. 
Since training only on PT data limits generalization to real-world audio, we inte-
grate the pretrained HuBERT model [13] into the embedding layer t o enhance
feature extraction.

The objectives of this paper a re the following.

– Propose a method that formulates acoustic-to-articulatory inversion (AAI) 
as a sequence-to-sequence problem and

– Evaluate the model’s accuracy and robustness through systematic testing on
both synthetic and real audio.
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The remainder of this paper is organized as follows. Section 2 reviews related 
work. Section 3 introduces the PT-based dataset and the proposed T ransformer-
based method. Section 4 presents experimental results, and Sect. 5 discusses and 
concludes t he findings.

2 Related Work 

Articulatory synthesis models the vocal tract and controls its motion to simulate 
articulatory behavior and generate audio. Early efforts include Kempelen’s 18th-
century mechanical synthesizer [14] and the computational vocal tract model 
introduced by Kelly and Lochbaum in 1962 [15], which laid the foundation for 
digital articulatory simulation. With advances in medical imaging technologies, 
such as magnetic resonance imaging (MRI) and computed tomography (CT), 
and in modeling methods, researchers have integrated structures s uch as lips and
tongue into simulations, greatly improving precision and expanding applications
beyond audio generation.

As modeling techniques [6, 7, 16] evolved, early work focused on building 
paired datasets of audio and articulatory parameters, often u sing codebook-
based inversion methods [17, 18]. Later, analysis-by-synthesis approaches [1– 3] 
matched model-generated audio to targets using iterative optimization, but these 
methods were time-consuming and vulnerable to local minima [19], limiting accu-
racy and s calability.

Deep learning offers a more efficient alternative by directly learning the map-
ping between acoustic and articulatory features. Prior work typically used vocal
tract parameters as targets [10, 19, 21], with acoustic features such as Mel spec-
trograms, MFCCs, and related variants. Models including convolutional neural 
networks (CNNs), long short-term memory networks (LSTMs), and variational
autoencoders (VAEs) have all been applied to this task.

Study [ 11], for example, introduced a two-head VAE architecture where one 
decoder reconstructs the mel-spectrogram while the other predicts six Pink 
Trombone control parameters. The authors also explored pretrained encoders 
such as EnCodec and wav2vec2.0 combined with lightweight projector networks 
for parameter estimation. While effective, these methods rely on low-dimensional 
control v ectors and predict all target values in a single step, implicitly assum-
ing conditional independence, which may limit the model’s ability to capture
structured dependencies among articulatory positions.

In contrast, our method uses a full 44-dimensional sequence of vocal tract 
diameters as articulatory features, providing a more intuitive geometric repre-
sentation. This formulation supports an autoregressiv e decoder that captures
spatial dependencies across articulatory positions and produces more coherent
reconstructions.

3 Datasets and Methods 

This section describes our method for static acoustic-to-articulatory inversion 
(AAI), which maps short audio segments to vocal tract diameter sequences using
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a Transformer-based architecture. We first introduce the Pink Trombone (PT) 
synthesizer and its articulatory parameterization, followed by the dataset con-
struction process and modeling of glottal excitation. Finally, we explain the use
of HuBERT-based feature extraction and the reformulation of regression into
classification to improve training stability.

3.1 Pink Trombone 

PT is a two-dimensional physical model of the human vocal tract that simu-
lates audio production using a compact set of parameters, including constric-
tion location, tongue location, and glottal excitation. While generating audio 
from these parameters is straightforward, the inverse problem remains compu-
tationally challenging. Prior PT-based studies [10] derived parameters from user 
interactions, with ranges listed in Table 1, but assumed tongue and constric-
tion movements occur simultaneously, whereas they can occur independently. 
W e address this by using 44-dimensional diameter sequences.

Table 1. Ranges of User In teraction Parameters

Parameters Lower Bound Upper B ound

pitch (Hz) 75 330 
voiceness 0 1 
tongue index 14 27 
tongue diameter (cm) 1.55 3 
lips diameter (cm) 0.6 1.2 
constriction index 12 42 
constriction diameter (cm) 0.6 1.2 
throat diameter (cm) 0.5 1.0 

3.2 Data 

To construct the experimental dataset, we generated two types of audio based 
on the user interaction parameters in Table 1: one with constriction interactions 
and one without. Each sample was paired with its corresponding vocal tract
diameter sequence, forming articulatory–acoustic mappings.

To ensure adequate parameter coverage, we used Latin Hypercube Sampling
(LHS) [26], which divides each parameter’s range into intervals and randomly 
samples one value per interval. The resulting combinations were i nput into Pink
Trombone to generate the corresponding audio signals.

The resulting dataset contains 4,374,000 pairs, including 4,252,500 with con-
strictions. To improve robustness under noise, we applied augmentation by 
adding white noise at signal-to-noise ratios (SNRs) of 10 and 5. This not only
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enhances generalization in noisy conditions but also expands the dataset. The 
final version is denoted as pt_data_exlarge.

3.3 Glottal Flow Derivative 

PT uses the LF model to generate glottal flow derivative (GFD) waveforms, 
represented by the parameter Rd, which correlates with perceived vocal effort
[22] and can be estimated from the GFD spectrum [23]. PT does not directly use 
Rd as a control parameter, but instead adopts a related parameter, Tenseness 
(T ), defined as T =  1− Rd/3. The prediction of (T ) follows the approach in [24], 
while the fundamental frequency is predicted using the CREPE model [25]. 

3.4 Pretrained Models 

Without pretrained models, deep models trained solely on pt_data_exlarge 
perform well on PT reproduction but generalize poorly to real audio, consis-
tent with prior findings [10, 20]. This limitation arises because the training data, 
which are entirely generated by PT, lack speaker variability. Consequently, the 
model cannot distinguish speaker-dependent characteristics from the underly-
ing articulatory c ontent when applied to real audio, regardless of whether Mel
spectrograms or MFCCs are used.

To address this, we incorporate a pretrained model for feature extraction. 
Given the static nature and short duration (0.125 s) of the audio, we opted
against wav2vec2.0 [30], which relies on contrastive learning over long sequences 
and is better suited for dynamic audio tasks. In contrast, HuBERT uses unsu-
pervised clustering-based self-supervised learning, making it more effective for 
capturing phonetic representations in short signals. Its ability to produce con-
textualized embeddings from limited temporal context enables better feature 
extraction for static AAI. While HuBERT embeddings improve robustness com-
pared to conventional acoustic features, they still retain some speaker-dependent
characteristics, which can introduce variability when applied to recordings with
unseen speakers.

3.5 Regression to Classification 

We initially implemented a Transformer-based regression model using condi-
tional sequence modeling to predict 44 vocal tract diameters from acoustic fea-
tures. Despite experimenting with both MSE and Huber l oss, the model con-
verged slowly and yielded suboptimal performance. Prior studies [27]  have  shown  
that Transformers often struggle with regression tasks due to error accumula-
tion and high data demands. Additionally, standard loss functions t hat ignore
dependencies among the 44 dimensions may further limit model effectiveness.

To address this, we reformulated the task as classification to better leverage 
Transformer architectures. W e analyzed the parameter distributions with the
Freedman–Diaconis rule [28], and used the resulting histogram bins as class
intervals.
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Although discretization introduces quantization error, it significantly 
improved performance. The multimodal nature of most diameter distributions 
further supports this approach, as classification can be viewed as a tokeniza-
tion process that helps Transformers better model multimodal targets [29]. Ulti-
mately, the 44 continuous diameter values were transformed into a classification
task with 6,123 discrete categories.

3.6 PinkVocalTransformer 

Fig. 2. Structure of PinkVocalT ransformer.

Figure 2 illustrates the model architecture. Since our dataset is generated with 
Pink Trombone, its limited presence in real-world speech may hinder generaliza-
tion. To address t his, we adopt HuBERT as the core for audio feature extraction
to enhance robustness.

HuBERT outputs feature vectors of shape (time_dimension, 1024). Because 
our dataset mainly consists of static short audio segments, the temporal variation 
within these sequences is limited. To reformulate the problem as a sequence-
to-sequence mapping over articulatory spatial positions, we designed a VGG-
inspired module that not only compresses the time dimension to 1 but also
extracts higher-level acoustic representations across the HuBERT feature space.
The resulting (128, 128) representation summarizes the spectral content of the
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input and produces a fixed-length feature sequence along the embedding dimen-
sion. This feature sequence aligns with the spatial dependencies of the 44 articu-
latory diameter values and enables the model to learn their structured relation-
ships effectively. The detailed data flow is shown in Fig. 3. 

Fig. 3. Detailed data flow of PinkVo calTransformer.

During decoding, the model predicts the articulatory diameter sequence 
autoregressively. At each prediction step, the decoder is initialized only with a 
start-of-sequence token and the encoded acoustic features, without access to any 
ground-truth articulatory values. This prevents any information leakage between 
the target outputs and ensures that predictions rely solely on the learned depen-
dencies across spatial positions. Causal masking is applied within the decoder
so that each predicted position depends only on preceding predictions and not
on future targets.

We find that intermediate-layer features outperform the final output for AAI
tasks [31– 33], offering a better balance between detail and abstraction. These 
features preserve acoustic and temporal cues essential for modeling articulatory
motion.

4 Results 

This section presents the experimental results for PinkVocalTransformer on both 
PT and non-PT tasks. For PT evaluation, we summarize training and valida-
tion performance. Because the training data consisted solely of static audio
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segments, the evaluation of non-PT audio focuses on the model’s ability to 
reconstruct vowel-to-vowel (VV) transitions. T o assess perceptual quality, we
employed ViSQOL [34] and conducted a subjective listening test. For these 
evaluations, each dynamic utterance in the real recordings was segmented into 
short frames treated as independent static inputs. The predicted articulatory 
sequences were then concatenated and smoothed to approximate continuous
motion without requiring fully dynamic ground-truth labels.

4.1 Model Training Results 

The PinkVocalTransformer was trained using the pt_data_exlarge dataset, 
which includes additive noise to improve robustness. The dataset was split into 
80% training and 20% validation sets. We used the AdamW optimizer (initial 
learning rate of 1 × 10−4, weight decay of 1 × 10−2) together with a cosine 
annealing warm restarts scheduler (T0 =  10  epochs, Tmult =  1) and early stop-
ping (patience of 10 epochs, monitoring validation loss) to mitigate overfitting. 
T raining was performed with a batch size of 128 and data shuffling at each epoch.
The classification task was optimized using cross-entropy loss and evaluated in
terms of accuracy, precision, and recall.

To recover regression targets, classification outputs were mapped to contin-
uous diameter values and evaluated using MSE. The loss converged smoothly, 
indicating high training stability and effective recovery of articulatory param-
eters. The best mod el achieved an accuracy of 0.963, precision of 0.947, and
recall of 0.944 on the validation set, indicating strong performance in the PT
classification task.

4.2 ViSQOL Evaluation 

Because our training used only synthetic audio from Pink Trombone, we needed 
to evaluate the generalization to real recordings. Since no ground- truth articu-
latory parameters exist for real speech, we adopted an indirect strategy: if the 
model produces reasonable parameters, the audio regenerated via Pink Trom-
bone should approximate the original content. We therefore used VisQOL in 
speech mode, whic h focuses on intelligibility and clarity, to compare our model
and baselines under realistic conditions. VisQOL outputs a score between 1 and
5, where higher values indicate greater perceptual similarity to the reference.

We evaluated our model using 24 real human audio s amples from a prior AAI
study [11], including 11 single-vowel, 7 slow vowel-to-vowel, and 6 complex vowel-
dominant samples. The dataset includes 18 male and 6 female samples. All audio 
was regenerated using multiple baseline methods for comparison. S pecifically,
we used the outputs of the two-heads decoding VAE proposed in study [11], 
as well as variants employing Encodec and wav2vec2.0 embeddings as latent 
representations. Each baseline was tested under f  ast  and slow configurations 
reflecting different levels of a rticulatory dynamics in the training data. We also
evaluated optimization-based AAI methods from study [10], but their ViSQOL 
scores clustered near 2.0, so for clarity we excluded them from the figure.
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Fig. 4. Mean ViSQOL scores with standard deviations for PinkVocalT ransformer and
baseline models.

As  shown  in  Fig. 4, PinkVocalTransformer outperformed all baselines in 
VisQOL scores. Our model achieved the highest average score, with smaller 
variability across samples compared to most baselines. Although the absolute 
scores may appear modest, this is expected since our approach targets acoustic-
to-articulatory inversion rather than direct waveform synthesis. The regenerated 
audio is produced solely for evaluation by feeding predicted articulatory param-
eters into Pink Trombone, which inevitably introduces timbral and speaker-
dependent differences relative to the o riginal recordings. These differences can
reduce ViSQOL scores even when the articulatory reconstruction is accurate.
While other methods showed lower means and larger error bars, our results
remained consistently higher and more stable. Selected audio examples are acces-
sible via our GitHub repository [35]. 

4.3 Listening Test 

To further validate the ViSQOL results, we conducted a single ABX discrimina-
tion test comparing our model with the strongest baseline vae_f  ast  identified in 
the objective evaluation. In this test, participants were presented with a reference 
recording alongside two synthesized candidates and were asked to indicate which 
synthesized candidate more closely resembled the reference recording in terms of 
perceived similarity. This procedure captures perceptual similarity rather than 
overall audio quality. Ten representative samples were selected from the same 
set of 24 real audio recordings used in the ViSQOL evaluation, ensuring both 
phonetic diversity and manageable listener effort. In each trial, participants lis-
tened to a reference and two synthesized versions, and indicated which one more
closely resembled the original. A “neither” option was included to avoid forcing
decisions when no clear match was perceived. A total of 21 listeners participated
in the test.
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Figure 5 presents the results for each listener (L1–L21), showing the number 
of samples in which they selected the proposed model, the baseline, or neither. 
Most listeners preferred the audio generated by PinkVocalTransformer, with rel-
atively few neutral responses. For quantitative analysis, we computed ABX accu-
racy as the proportion of valid trials in which the proposed model was judged 
closer to the reference. T rials where listeners selected “neither” were excluded
from this calculation, as they do not reflect a clear perceptual preference. Based
on this criterion, the accuracy reached 81.09%, reinforcing the perceptual advan-
tage of PinkVocalTransformer over the baseline.

Fig. 5. Listener-level preference distribution in the ABX test.

While the model performed well on most samples, one case showed reduced 
accuracy. It involved a male-spoken /i/ vowel with dominant low-frequency and 
stable high-frequency energy. The model emphasized low-frequency cues, causing 
high-frequency details to be underrepresented and resulting in a dull perceptual
quality. In contrast, all other test samples, including those containing /i/ under
less extreme conditions, were reconstructed with high perceptual accuracy.

5 Discussion and Conclusion 

PinkVocalTransformer shows strong performance in vowel reconstruction and 
offers a more interpretable formulation of the AAI task. Unlike optimization-
based methods that estimate control parameters iteratively, our model is trained 
once and reused efficiently. In contrast to prior neural approaches that use PT’s 
user-defined interaction parameters, we directly model vocal tract shape using 
44 diameters, which we treat as a continuous spatial sequence rather than inde-
pendent variables. This formulation enables the decoder to autoregressively pre-
dict articulatory configurations, providing a physically grounded and spatially
explicit articulation model.
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However, the model inherits limitations from its training setup. Trained solely 
on static, short-duration audio, it performs well on vowels and simple consonants 
but struggles to reconstruct plosives. To address this, incorporating dynamic yet 
brief audio and modifying the architecture to model temporal variation may help
capture articulatory transitions without increasing overall complexity.

Additionally, the reliance on HuBERT embeddings introduces potential vari-
ability when applied to real recordings. Although HuBERT improves robustness 
compared to conventional acoustic features, it does not explicitly disentangle 
speaker identity from phonetic content. As a result, predictions may be par-
tially influenced by speaker-dependent cues. Exploring more speaker-invariant
representations, such as ContentVec, could help mitigate this effect and improve
consistency across diverse speakers.

Another constraint arises from the synthesizer itself. Pink Trombone, being 
a two-dimensional articulatory model, lacks the natural acoustic richness of real 
vocal tracts. While this framework offers precise articulatory control, it limits
the realism of generated audio.

Future work should address these challenges by exploring alternative artic-
ulatory parameterizations and more advanced synthesis techniques. Improving 
generalization across models and signal domains will be key to developing scal-
able, black-box AAI systems that remain robust and interpretable across diverse 
audio conditions. 
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Abstract. We propose CrossMP-SENet, a speech enhancement archi-
tecture that jointly models magnitude and phase spectra using parallel 
decoding branches connected via cross-attention. Unlike prior approaches 
that largely treat magnitude and phase enhancement separately or asym-
metrically, our method introduces a dedicated cross-attention block that 
enables deep, bidirectional interaction between the two domains. This 
design allows the model to leverage complementary spectral cues more 
effectively during denoising. We adopt a compressed mask prediction 
framework for magnitude, paired with a dedicated phase decoder, and 
design a specialized cross-attention mechanism that facilitates informa-
tion exchange between these representations. To further improve percep-
tual quality, we incorporate Perceptual Contrast Stretching (PCS). Our 
experiments on the VoiceBank + DEMAND corpus show that CrossMP-
SENet achieves strong performance with a PESQ score of 3.65 using
only 2.64 million parameters, outperforming state-of-the-art models with
larger architectures. Additionally, we evaluate Transformer and Mamba-
based variants and discover that, despite their recent popularity, Mamba
blocks do not consistently surpass Transformer-based designs in this
context. All models and code are publicly available at https://github. 
com/StrangeAlex/CrossMP-SENet, fostering reproducibility and further
research.

Keywords: Speech enhancement · Parallel denoising · 
Cross-attention · Magnitude-phase spectra · TF-transformers ·
TF-mamba

1 Introduction 

In real-world environments, speech signals are often corrupted by background 
noise, which degrades the performance of both human auditory perception and 
automatic speech-based systems such as Automatic Speech Recognition (ASR),
speaker verification, and voice communication tools [8, 9, 24]. As a result, Speech
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Enhancement (SE) - the task of improving the intelligibility and perceptual qual-
ity of speech - has become a central topic in audio signal processing and machine 
learning research. The goal of SE is to suppress noise from a noisy speech sig-
nal and recover a clean, intelligible version of the original sp eech. Traditional
SE approaches were predominantly based on statistical signal processing meth-
ods, such as spectral subtraction, Wiener filtering, and minimum mean square
error estimators [2, 6]. However, these methods often suffer from limited per-
formance in non-stationary noise environments and may introduce artifacts or
distortions [19]. 

In recent years, the advent of deep learning has revolutionized the field of SE. 
Deep Neural Networks (DNNs), Convolutional Neural Networks (CNNs), Recur-
rent Neural Networks (RNNs), and more recently, transformer-based architec-
tures have d emonstrated remarkable capability in modeling complex temporal
and spectral structures in noisy speech [10, 23]. Beyond speech processing, deep 
learning paradigms have also demonstrated transformativ e impact in a variety
of domains [22, 25, 26], further emphasizing their versatility and generalizability. 
These data-driven methods can learn robust mappings from noisy to clean sig-
nals given sufficiently large and diverse training corpora. Despite their progress, 
most current systems focus heavily on enhancing either the magnitude spec-
trum or directly estimating the waveform while paying limited attention to the 
phase information, which is often assumed to be less perceptually relevant or is
simply copied from the noisy signal. However, recent studies have shown that
accurate phase estimation can contribute significantly to perceptual quality and
intelligibility, especially in low Signal-to-Noise Ratio (SNR) conditions [16, 17]. 

In the Time-Frequency (TF) domain, a speech signal is commonly repre-
sented using the Short-Time Fourier Transform (STFT), which decomposes the 
signal into a complex spectrogram consisting of magnitude and phase compo-
nents. Traditional DNN-based SE s ystems often focus on predicting a magnitude
mask or estimating a clean magnitude spectrum, while the phase is either ignored
or reused from the noisy input [12]. Although this simplification facilitates net-
work training and reduces computational complexity, it imposes an upper bo und
on enhancement quality due to the phase mismatch problem.

To address this, a growing body of research has explored joint magnitude 
and phase estimation frameworks. These methods aim to simultaneously improve 
both spectral components to generate more realistic and artifact-free speech [33]. 
However, this task is inherently more challenging due to the cyclic nature and 
higher sensitivity of phase representations. Modeling phase information directly 
in the STFT domain r equires careful architectural design and loss functions to
ensure stability and perceptual relevance [35]. 

In this paper, we propose a codec-style transformer architecture, named 
CrossMP-SENet, that is designed for joint denoising of both the magnitude and 
phase spectra of noisy speech signals, and inspired by the original work [16]. 
Unlike traditional SE models that treat magnitude and phase separately or 
rely on simplistic phase approximations, the proposed model employs a unified
yet dual-branch framework that enables mutual enhancement through cross-
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attention mechanisms. Unlike the original work, we incorporate a cross-attention 
block to better balance the feature representations of magnitude and phase com-
ponents, which leads to improved SE performance.

The encoder component of our model comprises convolutional a nd dilated
DenseNet blocks [20], which compress the input into a compact latent repre-
sentation. This representation is then passed through a stack o f shared Time-
Frequency Transformer (TF-Transformer) layers [15]. These layers are designed 
to model long-range temporal and spectral dependencies through self-attention 
in both dimensions. Following this shared stage, the network branches into two 
independent pathways: one for magnitude enhancement and the other for phase
estimation. Each branch consists of dedicated stacks of transformer layers tai-
lored to their respective domains.

A key component of our architecture is the cross-attention module [3, 29], 
which is introduced after the branch-specific transformers. This module facil-
itates the feature interaction between magnitude and phase representations, 
enabling each branch to refine its output by leveraging complementary infor-
mation from the other. Finally, the model outputs a denoised magnitude sp ec-
trum and a reconstructed phase estimate, which are combined via the Inverse
Short-Time Fourier Transform (ISTFT) to reconstruct the enhanced waveform.

The remainder of this paper is structured as follows: in Sect. 2,  we  provide  
a review of approaches to SE, with a focus on State-of-the-Art (SOT A) results
and methodologies on VoiceBank + DEMAND corpus. Section 3 introduces the 
proposed method in detail. In Sect. 4, we present the experimental setup, includ-
ing corpus configuration, training details, evaluation metrics, and a comparative
analysis with SOTA baselines. Finally, Sect. 5 summarizes our findings and dis-
cusses possible d irections for future work.

All model architectures, training pipelines, and experiment configurations 
described in this work are publicly available at GitHub repository: https:// 
github.com/StrangeAlex/CrossMP-SENet, to ensure full reproducibility and 
facilitate further research.

2 Related Work 

To ensure a comprehensive and fair evaluation, we select a diverse set of SOTA 
baselines, including transformer-based, GAN-based, dual-branch, and phase-
aware models. These methods have demonstrated strong performance on Voice-
Bank + DEMAND [4], and we analyze them in greater detail in this section. W e
choose the VoiceBank [30] + DEMAND [28] corpus for evaluation as it is a stan-
dard benchmark in the SE community. It combines high-quality clean speech 
from the VoiceBank corpus with diverse, real-world noise conditions from the 
DEMAND corpus, covering a wide range of SNRs. This corpus has been used
extensively in recent years, making it easy to compare results across methods.

The VoiceBank + DEMAND corpus has become a central benchmark for 
evaluating SE methods. It provides noisy-clean speech pairs under various noise
conditions, enabling objective comparison via perceptual metrics such as PESQ,

https://github.com/StrangeAlex/CrossMP-SENet
https://github.com/StrangeAlex/CrossMP-SENet
https://github.com/StrangeAlex/CrossMP-SENet
https://github.com/StrangeAlex/CrossMP-SENet
https://github.com/StrangeAlex/CrossMP-SENet
https://github.com/StrangeAlex/CrossMP-SENet
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CSIG, CBAK, COVL, and STOI [21]. We selected VoiceBank + DEMAND 
due to its prevalence in the SE literature, realistic background noise scenar-
ios, and standardized evaluation metrics, enabling direct comparisons with prior 
work. Many recent methods attempt joint magnitude–phase modeling or effi-
cient transformer-based architectures to improve perceptual quality. Below we
summarize key methods.

MP-SENet [ 16] explicitly denoises magnitude and phase in parallel via a 
transformer model. Its encoder utilizes convolution-augmented transformers to 
learn TF dependencies, and its dual-decoder structure refines magnitude via 
a mask and reconstructs wrapped phase. Trained with mu lti-level losses and
an adversarial metric discriminator, MP-SENet achieves a PESQ of 3.50 on
VoiceBank + DEMAND.

PESQeterian [ 18] is a metric-driven network that directly optimizes the 
PESQ score using a differentiable approximation of the perceptual metric. Thro-
ugh adversarial training aimed at perceptual quality, it surpasses traditional U-
Net models, though achieves moderate improvements compared to more complex
spectral-phase models like MP-SENet.

SE-Mamba [ 5] integrates the Mamba State-Space Model (SSM) into SE and 
demonstrates strong performance on VoiceBank + DEMAND. Its Perceptual 
Contrast Stretching (PCS) varian t further boosts PESQ to reaching SOTA lev-
els. Mamba-SEUNet-L [32] extends this by embedding Mamba within a U-Net 
backbone for efficient global modeling, yielding similarly high PESQ (∼3.59)
with low complexity.

Conformer-based Metric GAN (CMGAN) [1] employs TF conformer blocks to 
jointly estimate magnitude and complex spectrograms, with a metric-driven dis-
criminator enhancing perceptual quality. On VoiceBank + DEMAND, it reaches 
a PESQ of ∼3.41 and Segmental Signal-to-Noise Ratio (SSNR) of 11.1dB. Spec-
tral Consistency Preservation (SCP)-CMGAN [36] further extends CMGAN by 
incorporating SCP to reduce artifacts, l eading to improved PESQ and MOS
scores.

D2Former [ 7] is a dual-domain transformer model processing both the time-
domain waveform and TF representations. By alternating attention across 
domains, it achieves improved feature fusion, especially effective in low-SNR
conditions, with PESQ ∼3.48 on VoiceBank + DEMAND.

PCS-CS-WavLM [ 11] combines PCS with feature representations derived 
from WavLM- a pre-trained self-supervised speech model. PCS enhances spec-
tral contrast for mask prediction, and WavLM features inject rich contextual 
embeddings. This hybrid model produces more perceptually natural and intel-
ligible speech by bridging contrastive spectral refinement with powerful latent
features.

DeepFilterNet3 [ 27] builds upon the DeepFilterNet architecture, which was 
originally designed for two-stage spectral filtering and enhancement. The third 
iteration refines this structure by integrating denoising blocks with improved
spectral filtering capabilities. Evaluated on VoiceBank + DEMAND, DeepFilter-
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Net3 maintains strong intelligibility achieves competitive PESQ, while keeping 
model size modest and enabling real-time execution.

FSPEN [ 34] is an ultra-lightweight SE network designed for real-time on-
device applications. It employs separate full-band and sub-band encoders to 
extract global and local spectral features, respectively, and introduces an inter-
frame path extension mechanism to enhance modeling capacity while preserving 
computational efficiency. With only ∼79K parameters, FSPEN achieves a PESQ
score of 2.97 and STOI of 0.942 on VoiceBank + DEMAND, making it highly
suitable for deployment in resource-constrained devices.

xLSTM-SENet [ 13] pioneers the use of extended xLSTM blocks in TF 
domain SE. Its encoder–decoder framework employs dual decoders and lever-
ages xLSTM layers to capture long-range dependencies efficiently. On Voice-
Bank + DEMAND, xLSTM-SENet2 matches or surpasses major transformer-
and Conformer-based models, demonstrating linear scalability.

PrimeK-Net [ 14] implements multi-scale spectral processing using Group 
Prime Kernel Feedforward Channel Attention (GPFCA). It utilizes Deep Sepa-
rable Dilated Dense Blocks (DSDDB) for efficient encoding and decoding, com-
bined with group prime kernel feedforw ard channel attention to capture long-,
medium-, and short-range spectral dependencies without the periodic overlap
issues.

Our proposed cross-attentive dual-branch transformer addresses key limi-
tations: (1) explicit magnitude–phase modeling like MP-SENet and CMGAN, 
but with deeper branch specialization; (2) global contextual modeling via TF-
Transformers, similar to conformer-based methods; (3) cross-attention betw een
branches to refine interdependent spectral features; (4) competitive performance
with perceptually motivated techniques like PCS.

We build on the strengths of each paradigm with parallel magnitude-phase 
refinement, global attention, perceptual optimization and unify them in a coher-
ent codec-style transformer with branch-specific decoders and c ross-modal inter-
action, aiming to set a new standard on the VoiceBank + DEMAND benchmark.

3 Methodology 

Our method adopts a codec-style architecture to perform joint denoising of mag-
nitude and phase spectra (see Fig. 1). Given a noisy waveform y ∈ RL,  we  extract  
its TF representation using the STFT, which results in spectra of magnitude 
Ym ∈ RT ×F and wrapped phase Yp ∈ RT ×F . These are combined into a two-
channel input feature Yin ∈ R

T×F×2 after applying a power-law compression to
the magnitude spectrum for better mask predictability.

The encoder first transforms the input into a compressed TF representation 
using convolutional and dilated DenseNet blocks [20]. This representation is then 
passed through a stack of N shared TF-Transformers layers to capture global 
contextual dependencies. The output is subsequently split into two branches: 
one for magnitude and one for phase. Each branch processes the shared rep-
resentation independently via M and P TF-Transformer layers, respectively.
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A dedicated cross-attention module then facilitates interaction between magni-
tude and phase representations, allowing each branch to refine its features based 
on complementary spectral information. Finally, the magnitude mask decoder 
estimates a clean magnitude spectrum, while the phase decoder reconstructs
the wrapped phase. These outputs are used together in ISTFT to create the
enhanced waveform x̂.

Branch separation aims to better capture the distinct characteristics of mag-
nitude and phase by allowing them to be processed in separate transformer mod-
ules. While the shared TF-Transformer extract general features from the input, 
the branched transformers specialize in domain-specific refinement. The cross-
attention block then facilitates information exchange, enabling the magnitude
and phase representations to benefit from each other even more.

Fig. 1. Overall structure of the CrossMP-SENet with c ross-attention mechanism.

3.1 Model Architecture 

Encoder. The encoder projects the input into a compact latent representa-
tion using three components: an initial convolutional block, a dilated DenseNet,
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and a second convolutional block. Each convolutional block includes a 2D con-
volution layer, instance normalization, and PReLU activation. The first block 
increases feature dimensionality, while the second reduces temporal resolution. 
The DenseNet applies dilated con volutions with rates {1, 2, 4, 8} and uses dense
connections to improve gradient flow and extend receptive fields.

Cross-Attention Module. After the branch-specific TF-Transformer lay-
ers for magnitude and phase, our architecture integrates a dedicated cross-
attention module (see Fig. 1). This component facilitates bidirectional informa-
tion exchange between the magnitude and phase representations, enabling each 
decoder branch to refine its o utput by leveraging complementary spectral fea-
tures from the other domain.

Technically, the cross-attention is implemented using a standard query-key-
value attention mechanism, where the feature maps from one branch serve as 
queries, while the corresponding feature maps from the other branch act as keys 
and values. This design allows each branch to dynamically adjust its feature
representations based on the contextual information extracted from the other
spectral domain.

The inclusion of the cross-attention module addresses one of the key limita-
tions of prior magnitude-phase joint models - the lack of inter-domain depen-
dency modeling. By explicitly promoting interaction between magnitude and 
phase representations at the decoding stage, t he proposed module helps miti-
gate inter-spectral artifacts and improves the overall perceptual quality of the
enhanced signal.

Magnitude Mask Decoder. To estimate the clean magnitude spectrum from 
a noisy input, our model predicts a multiplicative mask that adjusts the noisy 
magnitude towards a cleaner version. However, directly estimating this mask can 
be unstable because its values are not naturally bounded. To address this, we 
apply a power compression technique, which reduces the dynamic range of the 
mask values, making it easier for the model to learn. Specifically, we compress
the magnitude spectrum using a power-law function Y c

m = Y 0.3
m , which flattens

high-energy components for easier mask prediction, and the model is trained to
predict this compressed version instead.

To produce the compressed mask, we use a customized sigmoid function that 
is parameterized and learnable. This function allows the model to control the 
range and steepness of the output dynamically across frequency bins, improving
flexibility and accuracy during training.

The decoder responsible for producing the clean magnitude consists of several 
components: a dilated DenseNet to expand the receptive field, a transposed 
convolution layer to increase the resolution, and a final convolution followed 
by the learnable sigmoid activation. Once the compressed mask is predicted, 
it is multiplied element-wise with the compressed noisy magnitude spectrum.
Finally, we reverse the compression by raising the result to the power of the
inverse exponent, effectively recovering the enhanced magnitude spectrum.
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Phase Decoder. The phase decoder is designed to directly estimate the wrap-
ped phase of the clean signal. To do this, it first processes the input using a 
dilated DenseNet to capture long-range dependencies in the TF domain, fol-
lowed by a deconvolutional layer to upsample the features back to the original
resolution.

Next, the decoder uses two parallel convolutional layers to predict two inter-
mediate feature maps, which can be interpreted as pseudo-real and pseudo-
imaginary components of the phase. These components are not actual real and
imaginary parts of a complex number, but are treated similarly to allow a smooth
and stable phase reconstruction.

To derive the final phase estimate from these components, a specially 
adjusted arctangent function is applied. This modification ensures that the 
resulting phase values are correctly wrapped within the standard range and 
avoids common discontinuities or am biguities that arise with typical phase cal-
culations. The use of sign-based adjustments ensures consistent phase prediction
across all quadrants of the complex plane.

3.2 Training Objectives 

The model is trained using multiple complementary losses. First, a time-domain 
loss compares the enhanced waveform directly with the clean reference signal. 
This encourages the model to produce outputs that are close to the target audio
in the time domain.

Time-domain loss: 

Ltime = Ex,x̂ [ x − x̂ 1] (1) 

Next, a magnitude loss is used to ensure that the predicted magnitude spec-
trum closely matches the true clean magnitude. This i s measured using the mean
squared error between the two.

Magnitude loss: 

Lmag = EXm, X̂m 
Xm − X̂m 

2 
2 (2) 

To account for the full complex spectrum, a complex loss is added. It eval-
uates the difference between the real and imaginary parts of the predicted a nd
clean spectrograms. This helps the model better reconstruct the overall spectral
structure.

Complex loss: 

Lcom = Xr − X̂r 
2 
2 + Xi − X̂i

2
2 (3) 

To improve the perceptual quality of the enhanced audio, the model incor-
porates an adversarial component. A discriminator network is trained to predict 
the PESQ score for the enhanced audio. The generator then learns to optimize
its output to achieve a higher PESQ, encouraging more natural-sounding results.
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For phase estimation, additional calculation is taken due to the wrapping 
nature of phase values. A specialized anti-wrapping function is used to measure 
differences between predicted and true phase va lues in a way that accounts for
circularity. E.g., the fact that 0 and 2π represent the same angle.

Three types of phase-related losses are defined using this wrapping-aware 
approach: instantaneous phase loss, which measures the direct difference between 
predicted and true phase values. Group delay loss, which evaluates how phase 
changes across frequency, reflecting the timing of different frequency components. 
Instantaneous angular frequency loss, which considers how phase evolves over
time, capturing temporal dynamics in the signal. These three components are
combined into a total phase loss, ensuring robust phase reconstruction.

Finally, the overall objective function for the generator is a weighted sum of 
all the above losses. The weights for each component are carefully ch osen based
on empirical performance to balance their influence during training, forming the
following loss function:

LG =  0.2Ltime +  0.9Lmag +  0.1Lcom +  0.05Lmetric +  0.3Lphase (4) 

This combined loss encourages the model to produce outputs that are not 
only mathematically accurate but also perceptually relevant.

4 Experiments 

4.1 Corpus and Evaluation Protocol 

All experiments were conducted using the publicly available VoiceBank + 
DEMAND corpus. The training set contains 11,572 utterances from 28 speakers, 
while the test set comprises 824 utterances from 2 unseen speakers. No separate 
validation set was used. All waveforms were downsampled to 16 kHz. The noisy 
samples w ere created by mixing clean speech with various types of real-world
noise at different SNR levels, as defined in the corpus.

We use PESQ and STOI metrics to assess speech quality and intelligibility. 
In our experiments, all models achieve a STOI score of 96 (rounded to an inte-
ger percent), indicating near-ceiling intelligibility performance on this corpus. 
Therefore, we omit STOI from some tables and focus primarily on PESQ and
perceptual metrics like CSIG, CBAK, COVL, and SSNR for analysis.

4.2 Ablation Study 

To investigate the contribution of different model architectures, we conducted a 
series of experiments, as shown in Table 1. In addition to the main Transformer-
based architecture, we also conducted experiments using Mamba blocks as a 
replacement for the TF-Transformer layers, motivated by their recent popularity 
and promising performance in sequence modeling tasks. However, in our experi-
ments, the Mamba-based models did not outperform the Transformer-based ones
in terms of SE quality, and thus we retained Transformers in our final design.
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In particular, we explored the impact of replacing magnitude TF-Transformers 
with Mamba blocks (“Mamba/TF separate”), adding PCS, reducing m odel size,
and removing Mamba blocks entirely.

Table 1. Results for different model variants on the VoiceBank+DEMAND test set. 
Bold indicates the best value in each column

Architecture PESQ Params CSIG CBAK COVL SSNR 
Mamba/TF separate (large) 3.44 5.95M 4.73 3.93 4.20 10.67 
Mamba/TF separate (large) + PCS 3.64 5.95M 4.78 3.60 4.32 4.17 
TF only 3.48 2.64M 4.72 3.94 4.22 10.50 
TF only + PCS 3.65 2.64M 4.76 3.61 4.33 4.13 
Mamba/TF separate (small) 3.35 2M 4.66 3.87 4.11 10.47 
Mamba/TF separate (small) + PCS 3.56 2.26M 4.71 3.57 4.25 4.15 

To improve generalization and perceptual quality, we introduced PCS. 
Adding PCS to the large Mamba/TF improved PESQ from 3.44 to 3.64 and 
COVL from 4.20 to 4.32, while also yielding the best CSIG score (4.78). Notably, 
the Transformer-only variant without Mamba blocks achieved strong perfor-
mance with only 2.64M parameters. Adding PCS to this variant further improved 
PESQ t o 3.65 and COVL to 4.33, achieving the best scores in both metrics.
This indicates that Transformer-based representations remain highly effective,
and that PCS plays a crucial role in improving perceptual quality.

Smaller models using Mamba/TF showed acceptable performance with a 
reduced parameter footprint (as low as 2M), but their overall enhancement qual-
ity lagged behind larger configurations. The PCS addition still pro vided consis-
tent gains in PESQ and COVL for the small variants, confirming the robustness
of this training strategy.

Overall, while Mamba blocks have gained attention for efficient sequence 
modeling, in our experiments they did not consistently outperform the Transfor-
mer-based architecture in terms of p erceptual enhancement metrics. Therefore,
we retained the Transformer-based design for our final model.

4.3 Comparison with Advanced SE Methods 

Table 2 summarizes the performance of our proposed model, CrossMP-SENet, 
in comparison to several recent SE architectures. We focus on two primary met-
rics: PESQ, which evaluates perceptual speech quality, and model size in mil-
lions of parameters. All models in the comparison achieve a STOI score of 96
on the VoiceBank + DEMAND test set, ensuring comparability in terms of
intelligibility.
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Table 2. Comparison with other models based on PESQ and model size (in mil-
lions of parameters). All models achieve S TOI = 96 and are evaluated on the Voice-
Bank+DEMAND test set

Architecture PESQ Params 
Mamba-SEUNet [ 32] 3.73 6.28M 
SEMamba [ 5] 3.69 2.25M 
CrossMP-SENet (ours) 3.65 2.64M 
ZipEnhancer [ 31] 3.63 2.04M 
PrimeK-Net [ 14] 3.61 1.41M 
MP-SENet [ 16] 3.60 2.26M 

Our CrossMP-SENet method achieves a PESQ of 3.65 with 2.64 million 
parameters, demonstrating strong performance while maintaining relatively low 
model complexity. While Mamba-SEUNet achieves a slightly higher PESQ score 
of 3.73, it does so with more than twice the parameter count (6.28M). Similarly,
SEMamba attains a PESQ of 3.69 with a comparable model size to ours (2.25M),
indicating a favorable trade-off.

Despite recent interest in Mamba-based architectures, our experiments sug-
gest that simply replacing temporal fusion modules in MP-SENet with Mamba 
blocks (as done in SEMamba and Mamba-SEUNet) does not consistently yield
superior performance.

Our focus was not merely on chasing incremental PESQ gains but on build-
ing an efficient, open, and well-balanced model. To this end, CrossMP-SENet 
achieves strong performance with just 2.64M parameters—outperforming the 
original MP-SENet in PESQ and maintaining competitive scores in CSIG,
CBAK, and COVL. All our checkpoints and code are released publicly to support
reproducibility and further research.

Compared to other SOTA models such as ZipEnhancer (3.63 PESQ, 2.04M 
params), PrimeK-Net (3.61 PESQ, 1.41M params), and MP-SENet (3.60 PESQ, 
2.26M params), our C rossMP-SENet outperforms them in PESQ while remain-
ing lightweight and efficient.

Ultimately, our goal was to improve upon MP-SENet without significantly 
increasing model complexity. CrossMP-SENet fulfills this goal while offering a
competitive alternative to more complex or proprietary solutions

5 Conclusion 

In this work, we proposed CrossMP-SENet, a lightweight and effective SE 
model that leverages cross-attention for parallel magnitude-phase separation. 
Our experiments on the widely used VoiceBank + DEMAND corpus demon-
strate that CrossMP-SENet achieves competitive or superior performance com-
pared to recent SOTA models, with a strong PESQ score of 3.65 and 2.64 million
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parameters. All models in our researches reached the STOI intelligibility ceiling 
of 96%, allowing our evaluation to focus on perceptual metrics.

We conducted extensive ablation studies to analyze the impact of model 
variants, including the use of recently popular Mamba blocks as a replacement for 
Transformer layers. While Mamba-based models showed acceptable performance, 
they did not consistently outperform the Transformer-based design in our SE 
setting. As a result, we retained the Transformer structure for our final model.
Additionally, we found that integrating PCS consistently improved perceptual
metrics, particularly PESQ and COVL, across all model configurations.

Our findings highlight the effectiveness of cross-attention-driven magnitude-
phase fusion, and reaffirm the robustness of Transformer-based architectures. 
All code and models are publicly available at: https://github.com/StrangeAlex/ 
CrossMP-SENet, to assure reproducibility and to promote further research.

Our current architecture employs a shared encoder followed by branch-
specific decoding with cross-attention, future work could explore the use of sep-
arate encoders for magnitude and phase representations. Introducing early sepa-
ration of spectral domains may allow the model to learn more specialized feature 
hierarchies, and integrating cross-attention between these encoders could enable 
richer inter-domain interactions from the initial stages of processing. Addition-
ally, experimenting with hierarc hical or multi-scale cross-attention mechanisms
may further improve the fidelity of phase-aware enhancement.
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Abstract. Live concert recordings play a crucial role in the music indus-
try but often suffer from complex audio issues not typically encoun-
tered in studio productions. These include microphone phase differences, 
crosstalk, background noise, signal dropouts, clipping, excessive sibi-
lance, vocal distortion, and performance mistakes. Traditional restora-
tion approaches, such as manual editing or re-recording, are labor-inten-
sive, costly, and often fail to preserve the authenticity of the live perfor-
mance. This study presents a generative AI-based system for restoring 
singing voices in live concert recordings. The proposed framework uses 
cross-modal feature transformation to repair problematic segments by 
leveraging musical score information. The system takes as input a short 
vocal audio clip (4–6 bars), a lyrics file, and the corresponding musical 
score, and outputs a high-quality, restored vocal segment. The architec-
ture integrates three key components: SOFA, a forced-alignment tool for 
precise synchronization between vocals and lyrics; DiffSinger, a diffusion-
based singing voice synthesis model that extracts phoneme-level features 
from the score; and VoiceCraft, a text-to-speech model adapted as the 
core generative module due to its strong acoustic preservation capabili-
ties. A central component of the system i s a deep learning-based adapter
module that enables cross-modal mapping by transforming musical fea-
ture representations into VoiceCraft-compatible text embeddings. Audio
generation is carried out through an autoregressive Transformer-based
architecture with attention masking and Encodec quantization, ensuring
temporal consistency and audio quality. The system effectively retains
the original singer’s timbre and the environmental acoustics of the record-
ing, allowing the restored segments to blend seamlessly with the origi-
nal performance. This research offers a novel, efficient, and high-fidelity
solution for vocal restoration in live music recordings, overcoming the
limitations of traditional methods and introducing a new technological
direction for the music production industry.

Keywords: Vocal restoration · Concert recording · Generative AI ·
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1 Introduction 

Live concerts play an indispensable role in the contemporary music industry. For 
singers, they serve not only as a stage to showcase their live performance abili-
ties but also as a crucial means of enhancing brand value and market influence. 
Concerts provide a comprehensive platform to express musical concepts through 
arrangements, staging, and visual design. More importantly , they offer valuable
opportunities for artists to interact directly with fans and foster emotional reso-
nance. As such, concerts are not merely a part of an artist’s career journey but
a vital form of artistic expression.

In the music industry, live concert recordings are commercially valuable prod-
ucts. They faithfully capture the atmosphere and key moments of live interac-
tion, allowing fans who could not attend in person—or those wishing to relive the 
experience—to enjoy the performance. When these recordings are transformed 
into physical or digital media products, they not only generate additional revenue 
for artists and related industries but also help promote their brand and merchan-
dise. However, audio post-production is essential to ensure that the recordings
are presented in their best form.

Compared to studio recordings, live concert recordings involve more complex 
technical challenges. Though multitrack recordings of vocals and instruments are 
often used, they are affected by various factors such as venue acoustics, sound 
reflections, and interference between instruments. Additionally, unpredictable 
events during the performance can directly impact recording quality. The a vail-
able materials for post-production are usually limited to recordings from the
performance day and rehearsals, making the restoration process significantly
more challenging than that of a studio album.

Among the various elements of a live recording, the lead vocal is often the 
listener’s primary focus. As such, vocal processing quality is a crucial and cen-
tral concern in mixing. However, post-production faces multiple technical issues, 
including microphone phase differences, audio bleed/spill/leakage, ambient noise,
signal dropouts, popping, excessive sibilance, vocal cracking or breaking, and
performance errors.

Currently, the industry addresses these issues mainly through two 
approaches: traditional audio processing tools (multiple plugins within a digital 
audio workstation), and re-recording when possible. Moreover, additional pro-
cessing is needed to replicate the live acoustic characteristics, further increasing
workload.

Given these challenges, there is significant research value in moving beyond 
conventional restoration approaches. Rather than focusing solely on correcting 
flaws in the original audio, generative technologies offer the potential to create 
new, high-quality audio that preserves the unique characteristics of the original
performance-assisting mixing engineers in achieving more efficient and effective
post-production.
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1.1 Research Objectiv e

This study aims to develop a singing voice restoration system specifically 
designed for live concert recordings, addressing the limitations of traditional 
audio restoration methods. The system targets common issues in live audio suc h
as dropouts, vocal cracking, and performance errors, offering an intelligent solu-
tion for restoration.

Unlike conventional methods that attempt to patch flaws in the original 
signal, the proposed system employs generative techniques to synthesize high-
quality replacement audio using deep learning. In addition to solving audio 
issues, the system’s core objective is to preserve the singer’s original vocal timbre 
and stylistic characteristics while maintaining the acoustic ambiance of the live
performance, ensuring a seamless blend between restored and original segments.

As  shown  in  Fig. 1, the system relies on t hree primary inputs:

– The original vocal audio segment con taining the defect.
– The lyrical phrase corresponding to the segment.
– The complete musical score for that song portion.

Fig. 1. System architecture and research ob jective.

To achieve this, the system is composed o f three core modules:

– Preprocessing module—Extracts features (lyrics, pitch, pitch duration) from 
the musical score and aligns them precisely with the original vocal using
score-lyric-audio synchronization.

– Adapter module—Transforms musical features into representations under-
standable b y the generative model.

– Audio generation module—Uses the aligned lyrics and score to locate the 
target segment, t hen generates a high-quality restoration conditioned on the
adapter’s output.

The system is based on VoiceCraft, a TTS model known for its ability to pre-
serve environmental acoustic features. By developing a custom adapter mecha-
nism, this study seeks to extend VoiceCraft’s capabilities beyond text, enabling it 
to process musical input and generate expressive, contextually integrated singing
voice. This represents a novel and efficient solution for live concert vocal restora-
tion in music production.
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2 Related Work 
The Evolution of TTS Models. The TTS (Text-to-Speech) has evolved from 
traditional methods such as articulatory, formant, and concatenative synthesis to 
statistical parametric speech synthesis (SPSS), which introduced mac hine learn-
ing into acoustic modeling and vocoding [21]. The advent of deep learning marked 
a major shift, with WaveNet [22] enabling direct raw waveform generation and 
improv ing speech naturalness.

Later systems transitioned to end-to-end architectures. Tacotron [25]  used  
an encoder-decoder framework to generate mel-spectrograms from text, while
FastSpeech [18] adopted a non-autoregressive Transformer for faster inference. 
FastSpeech 2 [17] removed reliance on teacher models, and FastSpeech 2 s enabled 
direct waveform generation. Parallel Tacotron 2 [4] further improved alignment 
learning with a fully differentiable duration model, reflecting trends toward 
higher efficiency , better quality, and full end-to-end synthesis.

Zero-Shot and Few-Shot TTS. With the growing demand for personalized 
speech synthesis, Zero-Shot and Few-Shot TTS have emerged, aiming to syn-
thesize speaker-specific voices with minimal data. Zero-Shot TTS uses refer-
ence audio without labeled data, while Few-Shot TTS leverages limited labeled
samples. Key challenges include preserving speaker characteristics under data
scarcity.

Attentron [ 3] enhanced Tacotron 2 with dual encoders and attention f or
variable-length reference inputs. Meta-TTS [9] applied meta-learning to improve 
adaptation efficiency. YourTTS [2] and ZMM-TTS [5] extended Zero-Shot TTS 
to multilingual and low-resource settings using multilingual training and self-
supervised discrete representations, respectively.

Jeong et al. [10] unified multilingual and Zero-Shot TTS via a two-stage trans-
fer learning framework. Wang et al. [24] introduced the USAT framework with 
lightweight adapters for accent and non-native speaker adaptation and proposed
the ESLTTS benchmark.

VoiceCraft [ 16] integrates speech editing with Zero-Shot TTS via token infill-
ing, but lacks modeling of musical context. This study extends VoiceCraft for 
singing v oice restoration in live concerts by incorporating musical scores and
adapter modules.

SVS Task. Singing Voice Synthesis (SVS) aims to generate expressive singing 
from musical scores, facing challenges in pitch, rhythm, and naturalness model-
ing. Early methods included HMM-based systems [12] that addressed F0 sparsity 
and alignment issues. Neural approaches such as NPSS [1], XiaoiceSing [15], and 
ByteSing [6] improved spectral modeling, pitch control, a nd alignment robust-
ness.

DiffSinger [ 14] and RMSSinger [7] adopted diffusion models for better quality 
and realistic score handling. Zero-Shot SVS methods like NaturalSpeech 2 [19] 
and Wang et al. [23] further advanced cross-style and cross-lingual singing gen-
eration using limited data.
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Despite these advances, SVS still faces challenges in low-resource scenarios 
and modeling a ccuracy for expressive, high-quality singing output.

Cross-Modal Learning and Applications in Music. Cross-modal learning 
enables understanding and transformation across different data modalities. In 
the music domain, Li et al. [11] categorized research into music-driven, music-
targeted, and bidirectional interactions, emphasizing challenges due to m usic’s
abstract semantics and long-range dependencies.

Several methods have been proposed for cross-modal representation align-
ment. ICCN [20] models audio-vision interaction using outer-product e mbed-
dings. MuLan [8] employs dual encoders for audio-text retrieval. Yu et al. [26] 
focused on audio-lyrics learning using dual-branch networks.

Adapters are emerging as efficient tools for cross-modal conversion by 
enabling modular fine-tuning. LAVISH [13] introduced latent-token-based 
adapters for audio-visual fusion in vision Transformers. However, their appli-
cation in music-text conversion remains underexplored. This study inve stigates
adapter-based music-to-text transformation, addressing a gap in current cross-
modal learning research.

3 Method 

3.1 System Arc hitecture

This study proposes a generative AI-based singing voice restoration system 
designed to repair degraded segments in live concert recordings. The system 
architecture comprises sev eral specialized modules that collaborate to accom-
plish the restoration task. As illustrated in Fig. 2, the system takes three key 
inputs: a short segment (approximately 3 to 20 s) of the original vocal recording, 
referred to as Original Singing A (in .wav format), which contains the target 
singer’s performance; the user-specified repair interval defined by Start Time 
(ST) and End Time (ED); and a corresponding musical score, Score S (in 
.musicxml format), aligned in length with the audio segment (typically covering 
3 to 8 m easures), which contains the desired pitch, phoneme duration, and lyri-
cal content to be restored. The system then outputs a modified version of the
audio—Restored Singing A’ (.wav format)—whose restored portion conforms
to the musical intent specified in Score S.

The system integrates three specialized model c omponents:

(1) SOFA (Singing-Oriented Forced Alignment): SOFA is a phoneme-level 
alignment tool specifically optimized for Mandarin singing voice. In comparison 
to the Montreal Forced Aligner (MFA) originally adopted by VoiceCraft, SOFA 
significantly improves alignment accuracy in Chinese singing scenarios. Within 
this system, SOFA is responsible for aligning Original Singing A with the
target lyrics T extracted from Score S, identifying the precise timing of each
word or syllable in the audio.
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Fig. 2. System Architecture Ov erview.

(2) DiffSinger: DiffSinger is a diffusion-probability-model-based singing voice 
synthesis system that supports Mandarin. It represents musical data at the 
phoneme level, enabling detailed modeling of vocal parameters. In this system, 
DiffSinger is used not to synthesize audio directly, but to extract structured con-
trol features—including phonemes, pitch, and duration—from Score S. These
features serve as inputs for the subsequent Adapter module.

(3) VoiceCraft: VoiceCraft is the core generative module of the system. Origi-
nally designed as an English zero-shot text-to-speech (TTS) model, VoiceCraft is 
capable of preserving the original acoustic environment and speaker timbre with 
high fidelity. In the proposed system, VoiceCraft receives the mu sic-conditioned
features—transformed by the Adapter—and generates the desired restoration
segment using Original Singing A as a reference for speaker style and acous-
tic context.

The complete processing workflow is divided into three major stages:

– Data Preprocessing (Sect. 3.2): This stage includes extracting musical fea-
tures from Score S using the preprocessing module of DiffSinger and per-
forming precise audio-to-lyric alignment between Original Singing A and
Target Lyrics T using SOFA.

– Adapter Transformation (Sect. 3.3): The extracted musical features are 
transformed into embedding tensors compatible with VoiceCraft’s input
space.

– Audio Generation (Sect. 3.4): VoiceCraft generates the restored segment 
Restored Singing A’ by conditioning on the transformed embeddings Em 
and referencing the speaker characteristics in Original Singing A.
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This modular architecture decomposes the complex audio restoration task 
into distinct functional units, enabling targeted tuning of individual c omponents
and facilitating future system maintenance and scalability.

3.2 Data Preproc essing

Data preprocessing serves as the foundational stage of the system, responsible for 
transforming raw input into standardized formats suitable for subsequent mod-
ules. This stage comprises two main processes: m usical score feature extraction
and audio-to-lyric alignment, ensuring that the system obtains both complete
and accurate conditioning features.

Musical Score Feature Processing. The feature extraction process begins 
with parsing the input score Score S,  provided  in  .musicxml format, to retrieve 
essential musical attributes, including lyrics, pitch, and note duration. The score 
is processed at the unit of individual lyrics (words or syllables), which are in Man-
darin. Pitch is represented using chord notation (e.g., C#3/Db3), with enhar-
monic equivalence preserved. Note duration is computed in seconds, based on
the tempo markings in the score.

To handle special cases in the musical data, we designed a set of rules. For 
rests, consecutive rest symbols are merged into a single unit with the pitch 
labeled as “rest.” Corresponding lyrics are marked as “AP” for short pauses 
(duration <0.5 s) and “SP” for long pauses (≥0.5 s). For melisma or lyric slurs, 
when a single lyric unit s pans multiple notes: if all notes share the same pitch,
their durations are aggregated, and only one pitch value is retained; if pitches
differ, all pitch values and their corresponding durations are recorded under the
same lyric unit.

The extracted score information is then passed into the Adapter feature com-
position phase, where lyrics, pitch, and duration values are transformed into 
formats suitable for system processing. The system first uses DiffSinger’s pre-
processing functions to perform an initial transformation: Mandarin lyrics are 
converted into Chinese phonemes, pitch values are converted to MIDI numbers
(ranging from 0 to 127), and pitch-sliding features are added to enhance expres-
siveness.

To improve model training stability, both pitch and duration features undergo 
normalization. Pitch features are normalized using Min-Max scaling to the [0, 
1] range. Duration features are first log-transformed (to maintain perceptual 
consistency in musical timing) and then normalized to the same [0, 1] range. 
All processed features are organized with English phonemes as the fundamental
unit and stored in .npz format. The normalization reference values are retained
to enable denormalization during the generation phase. The final output of this
stage is a structured .npz file containing musical features.

Audio-to-Lyric Alignment. The audio alignment process aims to establish 
a precise temporal mapping between the Original Singing A and the target
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lyrics. We employ the SOFA (Singing-Oriented Forced Aligner) tool for this task. 
The a lignment process consists of three stages:

First is the pre-alignment stage, in which the target lyrics T are extracted 
from the .npz score feature file. While there may be content mismatches between 
the Original Singing A and the lyrics in Score S—especially in regions requir-
ing restoration—SOFA remains robust in aligning matching segments, even if
they appear mid-phrase.

SOFA then converts the extracted Mandarin lyrics into pinyin and generates 
a plain text label file (.lab), which s erves as the standardized input for the
alignment tool.

Next, in the SOFA alignment stage, the tool applies forced alignment tech-
niques tailored for singing voice to mark the start and end times of each phoneme 
within the audio. Compared to traditional t ools like MFA, SOFA offers greater
accuracy for the expressive and elongated nature of singing, particularly in Man-
darin.

Finally, in the post-alignment stage, the resulting alignment file (.TextGrid) 
from SOFA is converted into a .csv format compatible with the VoiceCraft sys-
tem. During this conversion, the same Mandarin-to-English phoneme mapping 
and averaging strategy used in the feature extraction process is applied to ensure
consistency in phoneme representation.

Through this data preprocessing pipeline, we establish a complete transfor-
mation from musical score to model-ready input, laying the groundwork f or the
subsequent Adapter conversion and audio generation stages.

3.3 Adapter Tr ansformation

The Adapter module constitutes the core of the proposed system, responsible 
for transforming representations in the musical feature domain into the text 
embedding domain used by VoiceCraft. It achieves cross-modal feature map-
ping, enabling VoiceCraft—originally designed to process only textual inputs— 
to interpret and generate audio conditioned on musical features. The Adapter is
designed to effectively fuse discrete phoneme information with continuous musi-
cal features and map them into a unified latent representation compatible with
the VoiceCraft model.

Training Dataset. To train the Adapter module, we constructed a dedi-
cated music dataset using real-world song scores. All scores are in monophonic 
.musicxml format, a widely adopted standard for digital sheet music. The 
use of monophonic lines and single-note representations ensures focus on vocal
melody, enabling the model to accurately learn the correspondence between
pitch, rhythm, and lyrics.

In total, we collected and processed 302 score segments. The dataset is split 
randomly into a training set (272 samples) and a validation set (30 samples)
with a 9:1 ratio. To assess generalization, we additionally prepared a separate
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test set containing 30 score segments from unseen songs, ensuring fair evaluation 
of the model’s ability t o generalize to new musical content.

The dataset includes a diverse range of musical styles to ensure that the 
trained Adapter module can handle the v ariety of vocal performances encoun-
tered in live concert recordings.

Model Architecture Design. The Adapter employs a deep neural architec-
ture consisting of six functional components: a phoneme embedding layer, a 
feature processing layer, a feature fusion layer, a positional encoding layer, a 
main transformation block, and an output projection layer. The hyperparame-
ters are set as follo ws: hidden dimension = 1024, output dimension = 2048 (to
match VoiceCraft’s embedding space), with four residual blocks and dropout
probability of 0.1.

Training Strategy and Optimization. The Adapter is trained using mean 
squared error (MSE) loss, appropriate for regression tasks over continuous 
embedding spaces. Sequence lengths are constrained between 5 a nd 500, and
dynamic padding with attention masks is applied for efficient batch processing.

We use the AdamW optimizer, which combines adaptive learning rate with 
weight decay regularization. The learning rate is set to 1e-4, weight decay to 
1e-5, and batch size to 16. The model is trained for 50 epochs with early stop-
ping (patience = 5) to prevent overfitting. Learning rate scheduling is handled
via ReduceLROnPlateau, which reduces the learning rate when validation loss
plateaus. Gradient clipping with a maximum norm of 1.0 is applied to avoid
gradient explosion.

Overall, the Adapter successfully enables cross-modal feature transformation 
from structured musical features to VoiceCraft’s speech embedding space, form-
ing a viable solution for music-conditioned voice generation.

3.4 Audio G eneration

The audio generation module serves as the final execution component of the 
system, responsible for synthesizing the restored singing voice based on musi-
cal features transformed by the Adapter. It adopts an autoregressive generation 
framework based on T ransformer architecture, integrating attention mechanisms
and structured data processing pipelines to perform voice synthesis and restora-
tion.

Audio Preprocessing Pipeline. The generation process begins with prepro-
cessing. The system compares the user-specified editing positions—Start (ST) 
and End (ED)—with the target lyrics extracted from the score S. The ST and 
ED markers may correspond to single words or phrases. A string-matching pro-
cedure is employed to locate the corresponding time interval within the lyrics.
The system then determines the exact start and end time points of the audio
segment that requires editing.
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To ensure seamless transitions between edited and unedited regions, the sys-
tem expands the editing region by 0.1 s on both sides. This temporal extension 
is constrained to remain within the valid boundaries of the original audio A.

Subsequently, the original singing audio A is processed using an Encodec 
quantizer. The Encodec encoder converts the continuous waveform into a discrete 
matrix of shape T × K,  where  T denotes the number of time frames, and K 
represents the number of codebooks in residual vector quantization (RVQ). The 
quantized output is represented as a sequence (X0,X1, ...,Xt), where each Xi is
a K-dimensional vector containing the quantized token IDs for that frame across
the codebooks.

Transformer-Based Generation Architecture. The Transformer genera-
tion module takes two types of input: (1) the audio embeddings and (2) the 
Adapter-derived feature embeddings. For each time step, the embeddings from 
different codebooks are summed and positional encodings are added using sinu-
soidal functions to provide temporal context.

The Adapter embeddings include phoneme, pitch, duration, and pitch glide 
features, already enriched with positional encodings. These two input sequences 
(audio a nd control features) are concatenated and jointly fed into the Trans-
former.

A causal attention mask is employed to preserve autoregressive behavior: the 
audio portion can attend to all textual features and only to preceding audio 
tokens, while the textual (Adapter) features have full self-attention. This asym-
metric attention scheme allows the Transformer to conditionally generate audio
tokens while attending to the entire control feature sequence.

The Transformer consists of 8 layers, each with 16 attention heads. In the 
output stage, K independent MLP heads are used—one for each codebook. Each 
MLP head maps the Transformer output to a logits vector over the token vocab-
ulary of its respective codebook. The logits are then passed through a softmax
layer, and token sampling is performed to predict the next token for each code-
book.

Audio Decoding and Reconstruction. In the final step, the predicted dis-
crete token IDs are passed to the Encodec decoder. The decoder performs table 
look-up operations to convert tokens into continuous embedding vectors, which 
are then processed b y a neural vocoder to reconstruct the final waveform. The
output is the restored singing voice, denoted as A’.

4 Experiments 

Experimental Setup. The experimental materials in this study consist of 
musical scores and corresponding clean target vocal recordings that align with 
the same score range. During the experiment, specific regions within the clean
target audio were designated as restoration targets to evaluate the system’s
performance.
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Since the proposed system employs a masked generation approach, where 
designated regions are removed and regenerated, the output remains consistent 
as long as the same restoration region is specified, regardless of whether the
input segment contains any actual distortion.

A total of 34 test segments were used in the performance study. Evaluation 
focused on two key dimensions: pitch accuracy and t iming alignment, as these
are critical aspects in singing voice restoration.

Three metrics were used to quant ify system performance:

1. F0 RMSE (Root Mean Square Error): Measures the deviation of the generated 
fundamen tal frequency from the target, indicating pitch accuracy.

2. F0 MAE (Mean Absolute Error): Provides an intuitive estimate of pitch d evi-
ation using the average absolute error.

3. Lyric Synchronization Error: Measures the temporal deviation between the 
generated audio and the phoneme boundaries a ligned with the musical score,
indicating rhythmic accuracy.

Evaluation Results. Objective evaluation results across the 34 test segments 
are summarized as follows (Table 1): 

Table 1. Summary of Ev aluation Results.

Metric Mean Std. Dev. 
F0 RMSE (Hz ) 146.30 137.87 
F0 MAE (Hz ) 103.64 83.45 
Lyric Sync Error (ms.) 687.41 574.09 

For pitch accuracy, the F0 RMSE reached 146.30 Hz, and F0 MAE was 
103.64 Hz. These values are significantly higher than the typical 20–50 Hz range 
found in state-of-the-art singing voice synthesis systems. For example, given a 
reference pitch of C4 (261.63 Hz), the 146.30 Hz error corresponds to nearly half 
an octave, which explains the perceived pitch inaccuracy. The high standard
deviations (137.87Hz and 83.45Hz) also indicate substantial variability across
test samples—some segments may fall within acceptable bounds, while others
exhibit pronounced deviations.

For timing accuracy, the average lyric synchronization error was 687.41 ms, 
or approximately 0.69 s, which is considerably higher than the 50–200 ms range 
expected in high-quality systems. The standard deviation of 574.09 ms further 
reflects large variability in alignment performance, possibly due to differences in
phoneme density, note complexity, or background interference.
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5 Conclusion 

The generative AI-based singing voice restoration system developed in this study 
offers a novel technological approach for the post-production of concert record-
ings. However, both subjective and objective evaluations reveal that significant 
technical challenges remain. Specifically, objective metrics indicate insufficient 
pitch control accuracy (with an F0 RMSE of 146.30 Hz, equivalent to a deviation 
of approximately half an octave), limited temporal alignment capability (with
an average synchronization error of 687.41 ms), and suboptimal preservation of
musical features by the adapter module.

A detailed analysis suggests that these issues may stem from a dimensionality 
bottleneck in the current adapter architecture. By forcing complex, multidimen-
sional musical features (such as pitch, duration, phonemes, and pitch slides) 
into a fixed-dimensional text embedding space, critical musical information may
be lost during the cross-modal transformation process. This loss of information
likely contributes to the degradation of generation quality.

Each proposed improvement pathway introduces distinct technical challenges 
and varying levels of implementation complexity. As generative AI technolo-
gies continue to advance, we anticipate the development of higher-quality, more 
robust, and more practical solutions for singing voice restoration. Such advance-
ments have the potential to significantly enhance the efficiency and quality of 
post-production workflows in the music industry, ultimately improving the over-
all fidelity of concert recordings. 
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Abstract. Self-supervised learning (SSL) models such as Wav2Vec 2.0 
and HuBERT have shown remarkable success in extracting phonetic 
information from raw audio without labelled data. While prior work 
has demonstrated that SSL embeddings encode phonetic features at the 
frame level, it remains unclear whether these models preserve tempo-
ral structure, specifically, whether embeddings at phoneme boundaries 
reflect the identity and order of adjacent phonemes. This study investi-
gates the extent to which boundary-sensitive embeddings from Hubert-
Soft, a soft-clustering variant of HuBERT, encode phoneme transitions. 
Using the CORPRES Russian speech corpus, we labelled 20 ms embed-
ding windows with triplets of phonemes corresponding to their start, 
centre, and end segments. A neural network was trained to predict these 
positions separately, and multiple evaluation metrics, such as ordered, 
unordered accuracy and a flexible centre accuracy, were used to assess
temporal sensitivity. Results show that the model achieves up to 53%
ordered accuracy, indicating strong temporal awareness, while unordered
accuracy exceeds 90%, confirming robust phonetic content encoding.
Confusion patterns further suggest that the model encodes articulatory
detail and coarticulatory effects. These findings contribute to our under-
standing of the internal structure of SSL speech representations and their
potential for phonological analysis and fine-grained transcription tasks.

Keywords: Temporal embedding structure · phonetic embedding 
analysis · self-supervised learning · HubertSoft

1 Introduction 

Self-supervised learning (SSL) models such as Wav2Vec 2.0 [1] and HuBERT [2] 
have significantly advanced the field of speech representation learning by extract-
ing rich phonetic information without labelled data. The embeddings received 
usually contain a large amount of information which is used in deepfake detec-
tion [4]. These models have demonstrated impressive p erformance on tasks
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
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including phoneme classification [3], automatic speech recognition [5] and artic-
ulatory feature prediction [6]. However, it remains underexplored how these 
embeddings encode phoneme boundaries a nd whether the temporal structure
is also encoded.

It has been shown that SSL embeddings encode temporally localized phonetic 
cues accessible through supervised probing [7]. For instance, linear or shallow 
MLP probes have effectively predicted phonetic features such as place, manner,
and voicing at the frame level [8, 9]. These works use Wav2Vec 2.0 to confirm that 
transitions in the embedding space align closely with phoneme boundaries, offer-
ing indirect evidence of temporal structure encoding. Other approaches track 
articulatory feature tra jectories or analyse embedding differences at phoneme
transitions, further supporting the presence of boundary-sensitive representa-
tions [10]. 

Phonetic features are also reflected in the embeddings r eceived with
HuBERT [3, 13]. HuBERT (Hidden-Unit BERT) is a self-supervised speech rep-
resentation model that relies on a masked prediction task, similar to masked lan-
guage modeling in NLP. The model is trained to predict the identity of masked 
audio frames using discrete labels obtained from an offline clustering step (k-
means) applied to acoustic features. During training, HuBERT learns contextu-
alized representations by encoding the speech signal with a convolutional feature 
extractor followed by a Transformer encoder. These representations have been
shown to capture various levels of phonetic, prosodic, and even semantic infor-
mation, depending on the layer and training stage.

However, these studies focus mainly on some phonetic features encoded in 
the embeddings. For example, HuBERT embeddings differentiate vowel qual-
ity by encoding distinctions in vowel height, backness, and roundedness. They 
also effectively represent consonantal articulation features such as place and 
manner, voicing, nasality, and the stopâĂŞfricative contrast. Beyond segmental 
properties, HuBERT embeddings have been found to reflect prosodic features
like pitch, stress, and intonation, and are sensitive to phonetic context effects,
including coarticulation.

In addition, there is growing evidence that both self-supervised and super-
vised models can be effectively used for phoneme boundary detection. Self-
supervised models have been shown to capture abrupt sp ectral or articula-
tory transitions in their embeddings, which align closely with phoneme bound-
aries [11]. Techniques such as comparing adjacent frame representations or apply-
ing peak detection over embedding dissimilarities allow for boundary identifica-
tion without explicit labels, suggesting that SSL models implicitly encode seg-
mental structure alongside phonetic content. Complementing this, supervised 
approaches such as those using Connectionist Temporal Classification (CTC) 
loss ha ve framed the task as aligning sequences of phoneme pairs to speech. This
enables models to focus on transition regions and predict boundaries with high
temporal precision [12]. Together, these lines of work highlight the capacity of 
learned representations to reflect temporal dynamics in speech.
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Despite this progress, to the best of our knowledge, no prior study has directly 
tested whether SSL embeddings encode the identity of the phoneme that begins 
or ends a segment encoded. The existing literature focuses predominantly on
general framewise phonetic classification or the analysis of internal embedding
structure.

This gap is especially pertinent given the growing interest in understanding 
how SSL models internalize sub-segmental linguistic structure. Notably, there is
also a lack of probing studies involving HuBERTSoft [14], which is a modifica-
tion of HuBERT that replaces hard clustering of latent speech representations 
with soft posterior distributions over learned acoustic units. Unlike the original 
HuBERT, which uses k-means to assign each frame to a s ingle cluster, HuBERT-
Soft outputs a probability distribution over clusters, allowing for richer, more
nuanced modeling of acoustic patterns.

The current work aims to fill this gap by evaluating whether boundary-frame 
embeddings from HubertSoft can be used to predict the phoneme that begins 
or ends a segment. By focusing on supervised probing of initial and final frames 
at phoneme boundaries, we offer a no vel perspective on the structure encoded
within self-supervised speech embeddings and shed light on the representations’
utility for fine-grained phonological tasks.

2 Material 

The experiments were conducted using the CORPRES [15] Russian speech cor-
pus. The dataset contains recordings of 4 male and 4 female speaker annotated 
on multiple linguistic levels. The total duration is 30 h. Phonetic labelling was 
performed by trained phoneticians, ensuring a high degree of reliability. The
corpus uses a phonemic annotation scheme largely aligned with the IPA system
for Russian [16], with a few systematic modifications. Vowels are annotated with 
numeric indices that indicate their position relative to the stressed syllable: for 
example, a0 denotes a stressed /a/, a1 and a2 indicate vowels in pre-stressed 
positions (closer and further from the stressed syllable, respectively), and a4 
marks a post-stressed vowel. For other vowels numbers 0, 1 and for are used. 
For  the  vowel  /1/ the symbol y is used. This labeling provides a finer-grained 
representation of Russian vowel reduction patterns, which are known to be stress-
dependent. The palatalization symbol j is replaced with ’. Additionally, certain
consonants are represented using simplified or alternative symbols: for instance,
the affricate ts is denoted as c, and similar substitutions (tSj - ch, S- sh, Sj: - sch,
Z- zh ) are applied consistently throughout the corpus to maintain compatibility
with the transcription system used during preprocessing.

However, in certain instances, particularly at the boundaries between acous-
tically similar sounds, such as between two vowels or a vowel and a consonant, 
the segmentation may be imprecise. In such cases, the b oundary is typically
placed approximately at the midpoint of the acoustic transition between the
sounds [17]. The hand-labelled recordings from eight speakers were utilized for 
embedding extraction with the HubertSoft model. For embedding extraction,
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the HubertSoft model was used with frozen weights, while only the classification 
heads were trained. Initially, embeddings were extracted from the recordings 
and then averaged within phonetic segment boundaries, providing a compact 
representation of each labelled sound. These averaged embeddings w ere used
in a subset of experiments to establish baseline performance. The symbols for
various sounds were also taken from the CORPRES.

Fig. 1. Example of speech signal segmentation into 20ms frames with corresponding 
phonetic labels and frame-wise assignments.

To move towards more fine-grained, automatic analysis suitable for speech 
transcription tasks, we also extracted non-averaged embeddings. In this setup, 
each embedding represented a 20 ms window of the audio signal, as shown in
Fig. 1, without overlap. This approach preserved high temporal resolution, which 
was essential due to the presence of very short phonetic events (as brief as 5 ms) 
in the corpus. Such short phoneme realizations are usually unstressed vowels or 
/r/ and they appear due to the fluency of speech. They may not be pronounced
properly, but still are labelled to reflect the phonetic composition of speech.

Each embedding was assigned a triplet label indicating the phoneme present 
at its beginning, centre, and end, derived from the time-aligned phonetic annota-
tions. For the start and end positions, the label was determined by the phoneme 
occupying the first or last millisecond of the 20ms window, respectiv ely, so no
minimum duration threshold was applied. The central label was assigned based
on the phoneme that occupied the majority of the middle portion of the window.

Table 1 gives some examples of possible labels. This labelling scheme allowed 
us to capture phonetic transitions within the window. In most cases, all three 
sub-labels were identical, suggesting that the window was fully inside a single 
phoneme (typically its central part). However, a substantial number of embed-
dings spanned phoneme boundaries, where the centre label often matched either
the start or end label. These boundary-spanning embeddings are particularly
informative for analysing whether the learned representations reflect the tempo-
ral structure of the speech signal.
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Table 1. Examples of lab els.

Central embedding Border embedding Two-border embe dding

a_a_a, p_p_p a_p_p, p_p_a, a_a_p a_p_a, a_p_s 

This research focuses mainly on the border embeddings, as they represent 
a part of a non-homogeneous signal, in which the sequence of sounds matters. 
Two-bo rder embeddings were excluded as there is a small number of them.

3 Method 

Our previous experiments demonstrated that HuBERTSoft embeddings encode 
substantial phonetically relevant information. Specifically, we evaluated their 
capacity to represent phonetic distinctions through a consonant classification 
task using averaged embeddings (i.e., embeddings averaged over the duration of 
each phoneme). A 4-layer feedforward neural network was successfully trained to 
classify these averaged embeddings into consonant categories. The model archi-
tecture consisted of four fully connected layers with 512, 256, 128, and 64 neu-
rons respectively, each followed by ReLU activation and dropout (p = 0.1). The 
recordings of 4 speakers from the corpus were used to train the model. Evaluation
was conducted using the other for speakers. Based on these findings, we adapted
the same architecture for the classification of non-averaged, boundary-sensitive
embeddings, with separate output heads corresponding to the start, centre, and
end positions of each 20 ms window.

To assess generalization, a speaker-independent evaluation setup was used: 
recordings from four speakers in the corpus were allocated for training, and the
remaining four speakers were used for testing.

For training, only embeddings whose associated labels contained phonemes 
from a predefined target list were selected, which allowed us to limit the target 
group and not to use the whole phoneme inventory of the language. The prede-
fined target list included the following phonemes, grouped as follows: “a0”, “a1”, 
“a2”, “a4”, “i0”, “i1”, “i4”, “o0”, “y0”, “y1”, “y2”, “u0”, “u1”, “u2”, “e0”, “l”, “l” ’, “m”, 
“m” ’, “n”, “n” ’, “p”, “p” ’, “t”, “t” ’, “k”, “k” ’, “s”, “s” ’, “f”, “f” ’, “h”, “h” ’, “b”, “b” ’, “d”, 
“d” ’, “g”, “g” ’, “c”, “ch”, “sh”, “v”, “v” ’. To address class imbalance, some vowels
(e.g., unstressed e and o) and rare consonants (e.g., zh’) were excluded. The
maximum number of instances of one phoneme type per speaker was limited to
1000.

After this filtering, both the training and test sets contained embeddings from 
4 speakers, with up to 1000 realizations per phoneme type per speaker. The total 
number of phoneme types varied between groups according to the above criteria. 
Each selected emb edding was paired with a triplet label marking the phonetic
class present at the beginning, centre, and end of the 20 ms window.

The network was trained using the Cross Entropy loss function and the 
AdamW optimizer. The loss function was computed as the sum of cross-entropy
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losses across the three output positions. Some hyper-parameters including learn-
ing rate of 0.001, the dropout size of 0.1 and weight decay of 0.0001 were exp er-
imentally adjusted. The model has been training for 10 epochs.

To evaluate whether the HubertSoft embeddings capture the temporal struc-
ture of the signal, we trained a neural network to predict phoneme labels cor-
responding to the beginning, middle, and end parts of a 20 ms segment. Evalu-
ation was conducted using multiple metrics designed to assess different aspects 
of temporal representation. Ordered accuracy was computed to measure the 
proportion of predictions where all three positions (start, centre, end) were cor-
rectly classified in the correct sequence, reflecting the model’s ability to recognize
and preserve temporal order in the embedding space.

To complement this, we introduced unordered accuracy, where predic-
tions were considered correct if they matched the set of target labels regard-
less of order. While temporal order is essential in speech, this metric helps iso-
late and evaluate whether the embeddings encode the phonetic content itself— 
independently of its alignment in time. In other words, unordered accuracy 
assesses whether the correct phonemes are present in the representation, even 
if the temporal structure is not perfectly captured. This provides insight into
the extent to which the embedding space encodes phonetic identity versus tem-
poral sequencing, which is valuable for downstream tasks where either or both
dimensions may be important.

To better evaluate the model’s ability to localize phonetic boundaries while 
allowing some ambiguity in the center p osition, we introduce another metric:
ordered flexible centre accuracy.

This metric relaxes the strict requirement of full label sequence matching by 
enforcing correctness at the boundaries while allowing the centre p rediction to
vary within a constrained range. Specifically, a prediction is considered correct
if:

– the predicted start and predicted end labels exactly match the corresp onding
true start and end labels, and

– the predicted centre label matches either the true start o r true end label.

Table 2 summarizes all possible labels considered correct for each metric. 
Notably, unordered accuracy captures the p resence of labels regardless of their
order.

4 Results 

Classification experiments were conducted to evaluate the model’s ability to rec-
ognize phonemic content from embeddings. Several phoneme groups were tested, 
with the most extensive group comprising 6 stressed vowels and 35 consonants, 
both palatalized and non-palatalized. This group provides a representative sam-
ple of the sound inventory and includes diverse acoustic features. The results for
this group are presented in Table 3.
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Table 2. Examples of what is considered to be a correct label for different metrics.

Metric True labe l Correct predicted l abel(s)

Unordered accuracy a_p_p a_p_p, a_a_p, p_a_p, 
p_p_a, a_p_a, p_a_a

Ordered accuracy a_p_p a_p_p 
Ordered flexible centre accuracy a_p_p a_p_p, a_a_p 

Table 3. Classification results for the group of vo wels and consonants

Metrics Value 
Ordered accuracy 0.5312 
Unordered accuracy 0.9069 
Ordered flexible centre accuracy 0.7645 
Start accuracy 0.8823 
Centre accuracy 0.6277 
End accuracy 0.8563 

To establish a baseline for ordered accuracy, we simulated a model that cor-
rectly identifies the set of phonemes in a given embedding with 0.9 probability, 
but assigns them to positions (start, centre, end) at random. Thus, for the target 
label “a_p_p” the model will predict the set a, p, p with probability of 0.9, but 
the order will be random. This simulates a model that has access to phonetic con-
tent but lacks temporal resolution. The 0.9 parameter reflects the likelihood of 
correctly identifying the phonemes involved in t he triplet, rather than predicting
each position independently. Under this assumption, the expected ordered accu-
racy is approximately 0.22, illustrating how even accurate phoneme identification
is insufficient without reliable temporal assignment. This baseline highlights the
added value of temporal structure in the learned embeddings.

In comparison, our model achieves an ordered accuracy of 0.53 across all 
phoneme groups. This result significantly exceeds the baseline, indicating the 
model’s capacity to infer not only phoneme identities but also their temporal
arrangement within the segment.

The unordered accuracy, which evaluates phoneme presence regardless of 
position, is approximately 0.91 for this group. The clear gap between unordered 
and ordered accuracies suggests that t he model captures some degree of temporal
structure inherent in the embeddings.

To further investigate positional sensitivity, we analysed classification accu-
racy for each of the three phoneme positions: start, centre, and end. The central 
position revealed a noticeable drop in value (0.63), suggesting that the model 
frequently confuses centre phonemes with those in the start or end positions. In
contrast, the start and end positions yielded higher accuracies (0.88 and 0.86,
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respectively), likely due to more distinct acoustic transitions a t the segment
boundaries.

The ordered flexible centre accuracy metric, which tolerates minor shifts 
around the central position, reaches 0.77. This result supports the hypothesis 
that embeddings preserve temporal phoneme structure to a meaningful extent.

4.1 Performance Across Sound Groups 

A consistent pattern emerged while comparing performance across different 
sound groups, such as vowels, voiced and devoiced plosives, fricatives, palatal-
ized and non-palatalized consonants. Including vowels in the groups for start and 
end accuracy was important because phoneme boundaries often occur between 
vowels and consonants in natural speech. By considering vowels alongside conso-
nants at these boundaries, we effectively increase the number of examples where
phoneme transitions occur, which helps the model learn and be evaluated on
detecting these transitions more reliably.

Fig. 2. Comparison of classification accuracies across sound types.

All metrics tended to be highest for the group of voiceless plosives and lowest 
for sonants and vowels as it is shown in Fig. 2. The group of various vowels, both 
stressed and not stressed, showed the lowest results. This can be attributed to
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the presence of clear transitions between segments with periodic structure (e.g., 
vowels) and aperiodic segments (e.g., plosives), which creates sharper acoustic
boundaries and facilitates detection.

A more detailed examination of end-position predictions, particularly for 
vowels and devoiced plosives, highlights some systematic patterns. For instance, 
the palatalized plosive labeled as p’ is frequently confused with its hard coun-
terpart p as can be seen in Fig.1 3.  In  Russian,  /pj/ and /p/ are considered a 
phonemic pair, and this confusion is phonetically plausible: both begin with a 
closure, and their primary distinction lies in the release phase or even the onset of 
the following vowel. Since the model classifies the final phoneme in the sequence 
(whic h is the onset of the next segment) the embedding appears to encode pri-
marily the closure information, making p’ and p difficult to distinguish at this
point.

Fig. 3. Confusion matrices for start, center and end position for the group o f plosives
and vowels.

A similar trend is observed for the k-k’ pair. Interestingly, the t-t’ contrast 
does not exhibit the same level of confusion. Although /tj/ is categorized as a 
plosive i n Russian, acoustically it tends toward a fricative-like realization, often
approximating [ts] [18]. This produces a noisier closure phase, which helps the 
model differentiate it even at the start of the segment. Thus, acoustic differences 
ro oted in allophonic variation seem to impact the model’s ability to distinguish
palatalized consonants.

Another example of differentiation between the beginning and the end of can 
be found in the comparison of the affricate ts to plosive t and fricative s,  which  
have a common place of articulation. The results showed the high similarity of 
ts sound to the s sound in the start position, which corresponds to the ending 
of the first sound. In contrast, it becomes closer to the t sound at its beginning,
because both have a closure. This shows us that the model classifies the parts of
the embedding independently and is definitely capable of distinguishing between
ways of articulation.
1 The symbols for sounds in figures are tak en from the CORPRES labelling.
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Fig. 4. Confusion matrices for start and end position for the group of palatalized
consonants and a0.

A comparable pattern of context-dependent variation is observed in the 
embeddings for the vowel a, particularly in the end position after palatalized
consonants. The confusion matrices in Fig. 4 show that while a (a0 in this case2) 
is recognized with high confidence at the start of the segment (0.98), its repre-
sentation becomes more ambiguous at the end (0.91). Specifically, although the 
diagonal value for a0 remains relativ ely high, there is a noticeable increase in
off-diagonal activations toward other vowel classes, i1 3 and i0 specifically. This 
aligns with known coarticulatory effects in Russian, where a preceding palatal-
ized consonant can front the articulation of the following v owel which effectively
shifts a toward an [i]-like quality [19]. Since the end-position predictions target 
the onset of the following segment, the model appears to encode this transi-
tional state in the vowel embedding. The fact that this shift is not evident in 
the start-position matrix further supports the interpretation that the embed-
ding space captures dynamic phonetic interactions rather than static phoneme
identity alone. Thus, the model’s behaviour provides indirect evidence of tem-
poral encoding of coarticulatory influence, particularly for vowel segments in
soft-consonant contexts.

4.2 Application of the Model 

The presence of temporal structure in the learned embeddings enables precise 
phonetic labelling within short audio segments. Importantly, this enhancement in 
temporal resolution was achieved without full retraining of the HuBERT model, 
highlighting the efficiency of the approach. To explore this potential, we applied 
our model, trained using embeddings from the central and boundary regions of
segments, to a short recording of approximately 350 ms in length which contains

2 0 denotes a stressed vow el position.
3 1 denotes a pre-stressed vow el position.
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two borders between sounds. This recording contained three consecutiv e sounds:
i1, l, and a0.

It is important to note that the model was pre-trained exclusively on stressed 
vowels. Therefore, it cannot reliably distinguish between different stress posi-
tions, such as i0 and i1, which limits its ability to differentiate between pre-
stressed and stressed vowel variants.

The model achieved an ordered accuracy of 0.88 when labelling the seg-
ment, indicating strong alignment with the expected phoneme sequence. Figure 5 
presents the probability distribution across all three phoneme positions over 17 
frames. A clear boundary between the first and second sound is visible around 
frame 3, while frames 8 and 9 c apture the transition from l to a, corresponding
to the end of l and start of a, respectively.

In fact, the only mistake that was achieved is that the border between i0 and 
l should have been in the frame number 4 according to the initial labelling. The 
smoothness of transition betw een a vowel and a sonant makes it impossible to
define the precise location of a boundary.

Fig. 5. The distribution of predicted probabilities for target start(s), center(c) and 
end(e) sounds across 17 frames for each phoneme position in the sound sequence “i1 l
a0”.

This example illustrates the model’s effectiveness in capturing temporal 
dynamics within embeddings and demonstrates the feasibility of u sing such rep-
resentations for fine-grained phonetic segmentation and labelling.

5 Discussion and Conclusion 

This study explored the extent to which self-supervised speech embeddings, pro-
duced by HubertSoft, encode information related to segment boundaries and 
temporal structure. The results demonstrate that they not only retain phoneme 
identity but also encode temporal order with a level of precision sufficient for 
boundary-aware classification. The model achieved high unordered accuracy, 
indicating that phonetic content is consistently preserved. Crucially, its ordered
and flexible-centre accuracies significantly outperformed chance baselines, sug-
gesting a strong sensitivity to phoneme positioning within the temporal window.
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Detailed analysis across phoneme groups revealed that boundary encoding 
is particularly robust for consonants with distinct acoustic transitions, such as 
voiceless plosives. In contrast, vowels and sonorants showed lower accuracy, likely 
due to their smoother spectral characteristics and higher susceptibility to coar-
ticulation. Moreover, some phonetic effects found on the boundaries are also
reflected in the embeddings.

These findings show that self-supervised embeddings do not merely encode 
static phonetic labels but also reflect temporal and contextual dependencies rel-
evant for linguistic analysis. Moreover, the proposed triplet-label p robing setup
offers a new way to assess the temporal encoding capacity of SSL models.

Summing up, HubertSoft embeddings prove capable of encoding phone-
mic timing and boundary information, reinforcing their utility for downstream 
phonological tasks and motivating further work into context-aware, temporally 
structured speech representations. In future studies, the proposed approach may 
be applied to explore the internal structure of speech sounds in more detail, 
potentially contributing to more precise and linguistically informed phonetic 
labelling. Moreover, future research may consider not only border sequences
with two different types of sounds, but also central sequences, as well as seg-
ments that contain two boundaries, to better capture the dynamics of phonemic
transitions within broader contexts.

Disclosure of Interests. The authors have no competing interests to declare that 
are relevant to t he content of this article.
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Abstract. Many real-world NLU deployments require coverage of thou-
sands of dynamically evolving topics beyond what manually curated 
data can sustain. This paper presents an automated pipeline deployed 
at Technische Universität Berlin (TU Berlin) to extract and train an 
intent classification model over 2,600 topics with zero manual annota-
tions. We evaluate the effectiveness and generalizability of this pipeline 
using both curated and LLM-generated data, showing that our auto-
matically trained models surpasses manually engineered systems in some
dimensions. While lacking standardized benchmarks, we use a combina-
tion of internal evaluation strategies to provide a well-rounded assess-
ment of model robustness. These findings support the use of scalable,
self-maintaining NLU systems in complex and dynamic information envi-
ronments.

Keywords: Intent classification · Dialogue systems · Web scraping · 
NLU · Automatic data generation

1 Introduction 

Intent classification is a foundational component of task-oriented dialogue sys-
tems. An intent describes the purpose or goal that a user pursues with an utter-
ance directed to dialogue system. E.g., the input “How can I re-register for the 
summer semester?” signals the intent re-registration for studies. Typically, auto-
matic intent classification relies on manually curated utterances and intents. 
Ho wever, this strategy quickly becomes unmanageable when scaling to hundreds
or thousands of potential user needs and topics, especially in domains where
content evolves and changes constantly.

We address this challenge in the context of a university chatbot developed to 
support the student administration office of Technische Universität Berlin (TU 
Berlin). The information the office employees rely on is structured into a large, 
dynamically evolving web hierarchy. Initial efforts to develop a traditional NLU 
system covered only a small portion of the domain. They failed to scale due to 
a lack of labeled queries and data security restrictions on using real historical
queries. This led us to design a hybrid system with a manually curated main-
NLU and a backup-NLU trained solely on data extracted from the website’s
content and structure.
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
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This paper presents an in-depth analysis of the backup-NLU pipeline. We 
evaluate how to build the best features from the extracted data, the performance 
of using an LLM to generate training data, ho w to test the system performance
without an established dataset, and compare its performance to our traditional
main-NLU.

Our work contributes to developing scalable and robust NLU systems that 
function with minimal manual intervention. This is important for making real-
world conversational systems more maintainable and adaptive.

2 Related Work 

Traditional intent classification pipelines rely on manually labeled data, which 
limits scalability in dynamic, high-cov erage domains such as university websites.

Recent work addresses this through automated or s emi-automated training
data generation [3]. Transformer-based approaches have become popular, com-
bining structured content with synthetic queries, including question generation
pipelines for software [1] and healthcare bots [8]. 

Besides the generation of additional or exclusively used training data, 
Rodrigues et al. shows that more granular intents can be of benefit for intent 
classification. Even if we not generate more granular intents, we guess that gen-
erating training material for very granular intents in our use-case is a valid
approach.

Using small models for intent classification based on embeddings (e.g., gen-
erated with BERT-like models) is more efficient a nd reliable in case of suffi-
cient training examples [2]. Thus, we combine different approaches for automatic 
training data generation or even just extraction with efficient embedding-based
classification approaches [4]. 

Our work builds on these trends by demonstrating a fully automated, self-
maintaining intent classification system based solely on scraped we bsite content,
evaluated across thousands of real-world intents.

3 System Overview 

The chatbot system builds on previously published work describing an architec-
ture for multilingual intent classification in a university context [6, 7]. As stated 
in our previous work, the system consists of two NLU compo nents using Rasa
NLU with a DIET classifier [4] with LaBSE embeddings [5]. The focus of this 
paper is not the choice of the mo del but the choice of training data.

– Main-NLU: Covers 62 core topics using manually labeled utterances curated 
over several years. These include official data from university staff and high-
precision examples added based on chatbot logs and iterative testing.

– Backup-NLU: Dynamically changing and adapting and trained entirely on 
automatically extracted content (titles, keywords, sentences) from a large 
subset of TU Berlin’s website, comprised of over 2,600 topics. This model
allows the chatbot to scale beyond the limited manually supervised scope of
the main-NLU.
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Fig. 1. Overview of the system structure and the topics it contains.

Table 1. Current number of intents per depth level in the scrap ed website hierarchy.

Depth 
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

#  Intents 10 104 215 200 417 413 620 295 126 49 76 30 41 46 16 

Figure 1a illustrates the hybrid NLU pipeline. When the main-NLU cannot 
confidently assign an intent, the system invokes the backup-NLU. Both modules 
produce a ranked list of intent candidates, which are then merged and presented
to the user in Top-N batches. This fallback mechanism, previously evaluated
in user studies [7], helps users explore relevant topics even outside of the pre-
determined scope of topics. Further, a natural language response to the query 
is generated by providing an LLM with relevant paragraphs from the r anked
list of pages. The paragraphs are retrieved using the Facebook AI Similarity
Search (FAISS).

The scraped content is structured as a hierarchical tree (up to 14 levels deep). 
With every scrape, this structure changes slightly. Table 1 shows the current 
number of topics per depth, and Fig. 1bdisplays the full tree. The chatbot uses 
this structure to guide users to the information they seek. The tree’s foundation 
is the 10 selected web-pages (depth 0) whose sub-sections and sub-pages are 
building our tree structure. To ensure that all information is up-to-date, the 
scraper runs every night and retrieves all changes to the web-pages, collects
new sub-pages and makes updates to the tree structure. The Backup-NLU is
retrained once a week to adapt the NLU model to the changes.

The system incorporates rules to ignore noisy branches and limit training 
explosion, such as blacklisting pages with too many descendants. Automatically
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extracted features used as training utterances include sentences, page titles, link-
ing a nchor texts, and TF-IDF-based keywords.

4 Data Sources 

Our evaluation uses three distinct datasets in multiple variations which are 
described in the following. Additionally, Table 2 provides an overview on the 
the contained data and the usage within the described work.

Table 2. Overview of datasets used in training and evaluation.

Dataset #Intents #Utterances Source Purpose 
Manual-62 62 3,005 experts + team Evaluation 
LLM-62 62 ~1,000 LLaMA 3 Evaluation 
LLM-X X ~16 * X LLaMA 3 Evaluation 
LLM-Full 2,658 41,858 LLaMA 3 (Full) Ev aluation
AZ/Extracted 2,658 varies Scraped web data Training 
Generated 2,658 varies LLaMA Training 

4.1 Test Sets 

The two test sets are used in different scenarios. The Manual-62 test set is limited 
to 62 selected intents, while the LLM-Generated test set can scale to the number
of intents used in a specific scenario.

Manual-62. The Manual-62 test set includes 3,005 utterances spanning 62 
intents. The examples originate from two sources: official query examples pro-
vided by TU Berlin’s student administration office, and internally curated utter-
ances based on usage observations and iterative testing. A portion of this data 
was originally generated via LLMs and later validated and filtered by human
assistants. This test set is the training set of the main-NLU and is also used to
evaluate the quality of different versions of the backup-NLU.

LLM-Full. We generated 41,858 utterances across 2,676 topics using LLaMA 3 
(70B instruct) as LLM. For each part of an webpage that addresses a topic, 
prompts asked the LLM to list natural-language questions that are directly 
answerable from the given text. Although the data is syn thetically generated,
evaluation results indicate that performance trends on this dataset align with
those on the Manual-62 set, despite lower overall difficulty.

LLM-62. To compare the LLM-Full and the Manual-62 test sets, we scaled 
LLM-Full down to the same set intents as covered by Manual-62 and ignore all
other generated data from LLM-Full. The result is the LLM-62 test set.
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LLM-X. For some scenarios, the number of tested intents needs to be adapted 
to the number of intents in the respective training set (described below). Here, 
X r epresents the number of intents (including the generated example utterance)
in that dataset.

4.2 Training Data 

AZ: Extracted Training Data. The training data for the backup-NLU was 
generated by scraping and processing TU Berlin’s website content. The auto-
matic scraping process starts initially on the A-Z page of TU Berlin’s adminis-
tration office. This page represents an index of relevant topics and we address to 
it in the following by “AZ”. The backup-NLU is trained on this AZ dataset. Most 
further experiments use a variation of this dataset. Features extracted for each
page included: titles (HTML page titles and link anchors), sentences extracted
from website text and keywords gained from the text through TF-IDF1 com-
puted over the entire corpus of the text from all scraped web-pages.

Pages were filtered using heuristics to limit depth and descendant count. 
Ultimately, 2,658 pages were i ncluded, averaging 16 utterances (i.e., sentences)
per topic.

AZ-62. AZ-62 is a variation of the backup-NLU that was only trained on the 
manually selected 62 “main”-intents from Manual-62 using the automatically 
extracted data (as previously described for AZ). We are using this model to 
compare the performance to the performance of the main-NLU which uses the 
same 62 intents. Also, since we do not have manual testing data for all 2,658 
intents included in AZ, the performance of the AZ-62 on the Man ual-62 test
set is a good representative for how well any randomly chosen 62 intents of the
backup-NLU might perform. There is no overlapping training data (by means of
utterances) between the AZ and the Manual-62 test set.

Generated: LLM-Generated Training Data. In addition to sentences, we 
asked the LLaMA 3 model to generate a summary and keywords for each page. 
The three components (sentences from the summary, questions, and keywords) 
form an additional potential t raining set for the backup-NLU. The performance
of this set is only evaluated on the Manual-62 test set.

5 Experiments, Evaluation, and Results 

To assess the backup-NLU’s performance in detail and evaluate the effect of its 
features, we evaluated it across seven experimental conditions, each testing a dif-
ferent hypothesis regarding data source, structure, or pipeline configuration. We 
primarily used Top-N Accuracy, as our deployed chatbot aims to return multiple
intent matches. Macro-averaged precision, recall, and F1 were also computed for
1 Term Frequency - Inverse Document F requency.
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Top-1 predictions but did not yield surprising results on top of the accuracy 
score. An overview of all experiments, t he features, and the test set used can be
found in Table 3. 

5.1 Feature Value Comparison 

Figure 2a compares models trained on individual features (titles, keywords, and 
sentences) and their combination using the Manual-62 test set. Sentences alone 
provide the highest accuracy, keyw ords are the least effective, and combining all
features yields the best performance.

Fig. 2. Accuracy Top-N Plot for feature combinations on the Manual-62 test set.

5.2 Generated Feature Experiment 

Figure 2b shows results using LLM-generated keywords, questions, summaries 
(i.e., sentences), and their combination. Interestingly, questions alone performed 
nearly as well as the full combination and even better at Top-5 to Top-10 levels. 
This could b e due to the structural similarity to the evaluation utterances. Using
sentences and keywords only yielded similar results.

5.3 Stripping (Pipeline) Experiment 

Figure 3a analyzes whether stripping utterances and training data down to the 
contained keywords improves performance. Interestingly, stripped training data 
consistently underperforms, even when using stripped input. The best results 
come from processing original utterances via the pipeline method that strips the 
original input utterance (from the test set) down into its keywords and s ends both
the original and the keyword-utterance to the NLU. The intent ranking of both
results is combined. We are using this testing method in further experiments.

Example keyword-utterance: “How do I enroll into a course at the TU Berlin
after admission?” → “enroll course TU Berlin after admission”.
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Table 3. A summary of each experiment, its training features, and test set.

Features Input Dataset 
Extracted Features Comparison 

This experiment compares the value of different extracted features for training. 
combined 
sentences Manual-62 
titles 
keywords 

Generated Features Comparison 
Similar to the feature experiment, but using LLM-generated content. 

combined 
sentences Manual-62 
questions 
keywords 

Training Data Source 
Comparing extracted features only to LLM-generated features. 

combined 
extracted Manual-62 
generated 

Pipeline / Stripping Experiment 
Comparing whether stripping long utterances and training data down to essential 

keywords improves performance. 
combined utterance Manual-62 
original keyword-utterance 
stripped both / pipeline 

Test-set-Experiment 
Comparing different test sets. 

AZ Manual-62 
AZ-62 LLM-62

LLM
Depth Level - Experiment

Comparing training the backup-NLU on slices of the page tree grouped by depth.
depth X LLM-X

NLU-Experiment
main-NLU vs. backup-NLU (AZ)

main-NLU Manual-62
AZ-62 LLM-X
AZ LLM-62
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Fig. 3. Accuracy Top-N Plots on the manual test set for the stripping experimen t and 
the training d ata source comparison.

5.4 Training Data Source Comparison 

In Fig. 3b, we compare models trained on extracted data, LLM-generated data, 
and a combination of both. Models trained solely on extracted features outper-
form those using LLM-generated data. The combination performs best, showing 
complementary effects. In further experiments of this paper, only the extracted 
data is used for training to allow the LLM-generated data to serve as the second
test set.

5.5 Test Set Comparison 

Figure 4a compares the performance of backup-NLU on the test set. The backup-
NLU model that only contains the 62 intents (AZ-62) performed best on the 
LLM-62 test set and moderately on the Manual-62 test set. The complete AZ 
model, however, performed best on the LLM-full data set, which contains all 
intents. When testing only the 62 intents (LLM-62 or Manual-62), the perfor-
mance is w orse, likely due to the confusion of similar intents that the test set does 
not consider. Overall, there is a significant performance drop w hen introducing
all 2,658 intents vs only using the selected 62.

5.6 Depth-Based Training Analysis 

Figure 4b examines how training data from different hierarchical depths affect 
accuracy. For this experiment we are using the LLM-X test set and match the 
testing intents to the training intents. The higher the depth, the more intents are 
in the training and test set, meaning X is growing with growing depth (Depth-0: 
LLM-10, depth-1: LLM-114, ..., Depth-9: LLM-2449, AZ: LLM-2658.) Perfor-
mance declines with deeper levels, plateauing at a depth of around 6.

While using fewer topics increases performance, a cut-off prevents direct map-
ping to topics of the lower depth lev els. This experiment was conducted to check
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Fig. 4. Accuracy Top-N Plots for a comparison of the performance of the backup-NLU 
model on different test sets and using a different amount of topics (based on tree depth). 
a) Backup-NLU models (AZ and AZ62) on differen t test sets. b) Depth performance 
comparison. For each depth, the test set uses the same intents as the training set.

if performance could be increased by focusing on the most important pages. All 
other pages are still reachable through conversation with the chatbot due to the 
tree structure. The result suggests either a very high cut-off or none at all.

5.7 Main-NLU Vs Backup-NLU 

Finally, Fig. 5 shows the main-NLU’s advantage on its own training data 
(Manual-62). However, the backup-NLU (AZ-62) outperforms it on the synthetic 
LLM-62 test set. It even performs better on the Man ual-62 (the more challenging 
test set) than the main-NLU performs on the LLM-62 (the easier test set).

6 Discussion 

Our experiments reveal that while there is room for improvement, scalable 
intent classification is viable using only extracted training data. While manually 
labeled data can optimize performance on known topics, backup-NLU models 
offer broader generalization. Combining a vast amount of features maximized 
performance, while generated data is not generally more valuable than directly 
extracted data. Further, using only the upper depths for training and, there-
fore, using less intents overall could significantly increase performance. However, 
while stripping the input utterances, i.e., the text to be classified, down to just 
the keywords does offer some value, stripping the training data down can even 
decrease pe rformance. Surprisingly, the results suggest that our manual training 
data set provides no additional value besides being limited to fewer intents and, 
therefore, performing more accurately. Creating smaller data sets can be easily 
done with the generated data (e.g., AZ-62). Combining Manual-62 and AZ-62
into one data set would be an interesting experiment to do next. Outsourcing the
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Fig. 5. Top-N Accuracy for main and backup-NLU variants on the manual test set 
(Manual-62) and the LLM test set (LLM-X/llmMatchT rain matches the testing intents 
to the training intents).

most important intents into a main-NLU makes sense and b enefits the system’s 
p erformance.

Comparing the main-NLU and the backup-NLU would not have been pos-
sible without a new, automatically generated data set. Despite some noise in 
LLM-generated content, such datasets remain useful for relativ e performance
comparison.

6.1 Reproducibility and Limitations 

This study was conducted on a real-world deployment with secure infrastructure 
running on our own servers, including a custom-built website scraper and a 
two-step NLU pipeline. Full reproducibility of this study requires access t o the 
underlying data hierarchy and tree structure of the TU Berlin we bsite in the
exact state used during training.

Additionally, while synthetic test sets (e.g., LLM-62, LLM-Full) provide 
broad coverage and can show trends, they may overestimate real-world per-
formance due to alignment with LLM-generated phrasing. Similarly, the manual 
test set reflects only a narrow domain slice (62 intents out of 2.568) and is biased 
toward the main-NLU’s scope.

Another constraint lies in evaluation: current metrics treat each intent as a 
flat label despite the semantic overlap between many topics. Misclassifications 
may reflect ambiguous phrasing or multiple valid mappings. While Top-N accu-
racy partly compensates for this, future work could adopt intent clustering or 
use semantic-aware evaluation methods.

Finally, even though the system is mainly self-maintaining, its quality remains 
sensitive to the configuration of the web scraper. The filtering depth and pruning 
heuristics make a significant difference in p erformance. Future general-purpose 
applications may require domain-specific tuning to avoid overfitting or over-
generation.
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7 Future Work 

This study opens multiple directions for follow-up exploration in order to opti-
mize the p erformance of an automatically trained in tent classification.

Hybrid Integration with RAG: Use the top-N suggestions from the backup-
NLU as candidate retrieval sources in a Retrieval-Augmented Generation (RAG) 
pipeline, enabling more natural and flexible answers beyond static intent linking. 
We are already using this in our system but would like to r un an in-depth analysis
on this as well.

Cluster-Aware Evaluation: Since many topics are semantically similar or 
nested (e.g., different examination regulations), evaluation should tolerate near-
miss predictions and use intent clustering or hierarchy-aw are metrics.

User Logs: We are currently looking into incorporating real chatbot usage data 
from the last y ears to validate or refine our models.

Scalable Pruning: Instead of simple heuristics (e.g., too many descendants at 
a deep depth level), we would like to look into dynamically determining which 
parts of the scraped tree hierarch y should be included in training and which 
should remain navigational-only , based on performance-to-coverage trade-offs.

8 Conclusion 

This paper presents a self-maintaining intent classification system trained 
entirely on structured web data and deployed as a backup-NLU for a univer-
sity chatbot. Our approach removes the need for extensive manual annotation 
and scales to thousands of dynamic topics while preserving reasonable classifica-
tion accuracy. We d emonstrate that automated training pipelines can match or 
exceed traditional manually built NLUs in generalization settings through exten-
siv e experiments comparing training sources, feature sets, and test conditions.

These results demonstrate that automatic training pipelines can serve as reli-
able, general-purpose NLU modules in website-based environments with a high 
number of dynamically changing intents and pages. These lower-cost models may 
outperform manually trained and curated models, especially regarding adaption 
speed and effort. 
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Abstract. In recent years contrastive learning has become the prevalent 
approach to training embedding models used in tasks such as informa-
tion retrieval. Although, due to the nature of contrastive learning, during 
which negative samples are pushed further apart and positive samples are 
brought closer together in the embedding space, it imposed several new 
challenges for effective training. One such challenge lies in the creation of 
adequately hard negative samples. Most commonly hard-negative sam-
ples are created automatically by leveraging an existing retrieval model, 
which in turn introduces the risk of generating false negative training 
samples. To combat that, several filtering approaches that rely on ranks 
or similarity scores have been proposed. The fundamental flaw in those 
approaches lies in the ambiguity of relevance judgment given by the 
ranking models. Given only similarity scores, it is hard to accurately 
determine whether a particular document constitutes a positive or a 
negative sample. Our proposed method uses LLMs to resolve that issue
by determining an optimal cutoff position through generating binary rel-
evance labels. Such an approach also largely mitigates the problems with
determining optimal filtration parameters present when dealing with raw
relevance scores. The effectiveness of our method has been tested empir-
ically by fine-tuning open-source retrieval models BGE-Reranker-v2-m3
and multilingual-e5-base. Our experiments on publicly available datasets
have shown improvements in ranking metrics up to 2,29% in R-Precision
and 1,12% in NDCG@10 compared to existing approaches.

Keywords: Information retrieval · LLM · Negative sampling

1 Introduction 

Information retrieval for textual data encompasses a variety of methods rang-
ing from full-text search algorithms such as BM25 to modern retrieval models 
based on neural networks that work with dense embeddings. Unlike full-text 
algorithms, neural network b ased approaches require extensive training to be
useful in real world scenarios and are often tuned for a specific retrieval task
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or several tasks in case of multi-task learning [1]. Such training is most often 
conducted following the contrastive learning paradigm. The main idea of con-
trastive learning is to bring the so called anchor embedding closer to a positive
sample in the vector space, while simultaneously pushing negative samples fur-
ther away [2]. In the case of textual retrieval, the anchor is the search query 
and relevant and irrelevant documents correspond to the positive and negative 
samples, respectively. This reliance on both negative and positive samples during
training allows for better distinguishing ability of retrieval models which leads
to significant performance gains.

But contrastive learning also imposes some challenges. Due to the active role 
of negative samples during the training process the performance of the resulting 
model depends largely on their quality and difficulty. Harder negatives lead to 
better performance by teaching the model to pay attention to finer semantic dif-
ferences in texts. Unfortunately most publicly available datasets used for training 
lack explicit negative samples annotated by humans or otherwise created syn-
thetically. Most of the time hard-negative samples are generated automatically
by leveraging an existing pretrained retrieval model. By selecting the top-k most
semantically similar documents for a given query as negative samples, excluding
the ones that are labeled as relevant, we can ensure their difficulty.

Unfortunately this naive approach can lead to a large portion of false neg-
ative samples penetrating into the training process. As with a sufficiently large 
collection of documents we retrieve from, the probability to encounter an unla-
beled relevant document for a particular query rises significantly. False negative 
samples a dversely affect training and lead to suboptimal performance of retrieval
models. Fine-tuning on such data can even cause performance degradation com-
pared to the base model.

To combat the effects of false negatives various filtration methods have been 
developed by researchers over the years. Most common approaches rely on sim-
ilarity scores produced by retrieval models to set up a threshold that would 
filter out any possible false negative samples. Similarly filtration can also be 
done based on the ranks of documents obtained by sorting them by their rele-
vance scores. These approaches suffer from one fundamental flaw - scores and 
ranks show the order of relevance but say nothing of the relevance itself. It lead 
to several challenges, i ncluding how to accurately determine optimal filtration
parameters without knowing the true relevance of each document. This problem
is further exasperated by the fact that the distributions of similarity scores pro-
duced by different retrieval models are usually not calibrated and vary greatly
from model to model [3]. 

Given the issues with existing methods, the goal was to create a new approach 
that avoids those drawbacks. The key idea was to move away from using relevance 
scores from retrieval models to identify false negatives. Instead, the method we 
propose relies on large language models (LLMs) to automatically generate binary
relevance labels, that are then used to determine the optimal cutoff position
among ranked negative documents. We call this new approach LLM-Cutoff.
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2 Related Work 

2.1 Negative Samples M ining

Various methods of automatically generating negative samples have been pro-
posed throughout the years. Among them the following types can be distin-
guished. Random negative samples – this approach uses randomly selected doc-
uments from a given corpus as negative examples, provided they are not labeled
as relevant to the given query [4]. 

In-batch negatives – at each training step, negative samples are formed within 
a specific batch, where the relevant documents for all other queries in the batch
serve as negative samples for the current query [5]. 

Hard-Negative samples – these are generated either by the model being 
trained or by an external teacher model, by selecting the top-ranked documen ts
for a given query from those not labeled as relevant [6]. 

The main problem with random negative samples is that most of them tend to 
be relatively easy. When sampling randomly from a large document collection, 
the likelihood of selecting negative samples that are semantically close to the 
relevant document is quite lo w. As a result, the model can easily learn to handle
such negative samples because they differ significantly from relevant documents.

However, since the goal of retrieval models is to rank documents in terms 
of their relevance to a specific query, the documents appearing at the top of 
the retrieval model’s output are often semantically similar to each other. There-
fore, to achieve high search accuracy, t he model must be capable of detecting
subtle differences between semantically similar documents, thereby ensuring the
selection of the most relevant candidate.

2.2 Hard-Negative Filtering 

To mitigate the impact of false-negative documents, a variety of approaches 
have been developed. For example, the work “Debiased Contrastive Learning” 
introduced a s pecialized loss function that accounts for the presence of false-
negative samples in the training dataset [7]. However, this approach primarily 
aims to reduce the effects of f alse negatives rather than directly eliminating
them.

Another line of research focuses on pre-filtering false-negative samples. This 
approach provides more flexibility in choosing the loss function and improves the 
overall quality of the training data. In the “RocketQA” study [8], filtering was 
performed using an absolute threshold. Specifically, the top-K samples retrieved 
by a retriever model were re-ranked by a cross-encoder trained on these samples. 
All instances with a relevance score above 0.1 were then discarded. The remain-
ing samples were used for f urther training of the retriever model. A significant
drawback of this method is the need to train a separate model specifically for
filtering negative examples.

In the “SimANS” study [9], negative samples were selected based on a sta-
tistical distribution that favored those with relevance scores close to that of



234 D. Tirskikh et al.

positive documents. This allowed the method to exclude both highly irrelevant 
negatives—comparable in difficulty to random samples—and those with overly 
high relev ance scores, which are more likely to be false negatives.

This idea was further developed in “TriSampler” [10], where the sampling 
distribution for negative samples was also based on relevance scores between 
the positive document and the negative documents. This added additional con-
straints to the sampling space and increased the informativeness of the selected
negatives.

In the study “NV-Retriever: Improving Text Embedding Models with Effec-
tive Hard-Negative Mining”, the following relevance score based filtering meth-
ods were investigated [11]: TopK-Abs – absolute threshold, as defined in Eq. (1); 
TopK-Shifted – shifting the rank of the first hard-negative sample by k posi-
tions; TopK-MarginPos – threshold shifted relative to the relevance score of t he
positive pair by a fixed absolute value, as defined in Eq. (2); TopK-PercPos – 
threshold defined as a percentage of the relevance score of t he positive pair, as
defined in Eq. (3). 

scoren < a (1) 

scoren <  scorep − a (2) 

scoren <  scorep ∗ a (3) 

The subscripts n and p correspond to negative and positive scores respectively 
and a is a filtration hyperparameter. The aforemen tioned methods will form a
baseline for our experiments.

The main drawback of such filtering methods is the difficulty of selecting 
an optimal threshold. It is often determined empirically by testing a range 
of possible values. This, in turn, significantly increases the number of experi-
ments required and, consequently, the time and computational resources needed. 
Another challenge in determining the optimal filtering threshold for hard-
negative samples is the fact that their true relevance is unknown. The relevance 
scores produced by retrieval models are continuous values, making i t nearly
impossible to identify a clear cutoff point between relevant and non-relevant
documents. The relevance scores typically decrease gradually as the document
rank decreases in the ranked list, without any obvious inflection points.

3 Proposed Method 

Reflecting on the previously described issues with existing methods, the goal 
was to develop a new approach that avoids these shortcomings. The key step 
in creating such a method was to move away from using relevance scores from 
ranking models as the basis for identifying false-negative examples. Theoretically, 
if one can accurately determine the binary relevance of each document in the 
ranked list, it becomes possible to identify a rank threshold below which the
majority of documents can be considered non-relevant with high confidence. To
achieve this, the approach was shifted toward automatically generating binary
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relevance labels using large language models (LLMs). The resulting metho d is
referred to as LLM-Cutoff.

The core idea of the proposed method can be described through the fol-
lowing sequence of steps. First, hard-negative samples are obtained using an 
already trained retrieval model by selecting the top-k non-relevant documents 
for each query. Then, starting with a predefined step size (denoted as step), each
document is checked for relevance using an LLM.

If a relevant document is found, the algorithm skips ahead by step ranks and 
continues checking. If a non-relevant document is encountered, the step size is 
reduced to 1, and documents are then checked one by one. This process continues 
until either a specified number of consecutive non-relevant documents is found, 
or the end of the list is reached. If a relevant document is encountered along the
way, the step size is reset to step, and the process resumes.

The rationale behind the method is as follows: since we are working with 
a ranked list of documents, we assume that relevance tends to decrease with 
increasing rank. Therefore, there exists a point in the list after which all remain-
ing documents can be considered non-relevant. As a result, it is unnecessary to 
check every document individually—we can use a step-based approach to reach 
this cutoff more efficiently. However, because neither the ranking model nor the 
LLM predictions are perfect, the threshold is not set based on the first non-
relevant document found. Instead, we require a sequence of several consecutive 
non-relevant documents to increase confidence in the chosen cutoff point. A more
naive approach would be to sample all top document that were deemed not rel-
evant by an LLM - we dub this method LLM-Pluck. It is expected that due to
relevance labeling errors made by the LLM, as well as ranking errors made by
the retrieval model, this method will perform worse.

4 Experimental Setup 

4.1 Datasets 

All experiments were conducted on Russian language datasets. Out of all 
the datasets considered, the medotvet-questions dataset met all the neces-
sary criteria. It consists of questions submitted by users on a medical online 
forum and responses provided by medical professionals. Additionally, the 
rus_med_dialogues _qa dataset was used, where responses to medical com-
plaints were generated synthetically using an LLM. Since user complaints can 
be similar and doctors’ responses may be relevant to multiple cases, the like-
lihood of false-negative examples in such data is particularly high. Therefore,
these datasets are well-suited for evaluating the effectiveness of the proposed
methods. The characteristics of the utilized datasets are presented in Table 1. 

4.2 Models and Training P arameters

The Multilingual-E5-Large model was chosen as the retrieval model for com-
puting relevance scores used in the creation of hard-negative samples. For every
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Table 1. Dataset ch aracteristics.

Split medotvet-questions rus_med_dialogues_qa 
Train size 3839 2960 
Validation size 216 389 
Test size 216 393 
Mean query length (words) 55 17 
Mean candidate length (words) 40 63 

query in each of the two selected datasets 15 hard-negatives samples were gen-
erated following each filtration method. For a more thorough assessment, two 
models were trained to evaluate the effectiveness of each approach: Multilingual-
E5-Base and BGE-Reranker-v2-m3. Both models were trained as Cross-Encoder
models. The infoNCE loss function [12] was used, and training was conducted for 
5  epochs  with  an  effective  batch  size  of  16  on  one  NVIDIA  A100  GPU.  Two  dif-
ferent LLMs were used to conduct our experiments - proprietary GigaChat-Pro 
model and an open-source Vikhr-Qwen-2.5-1.5B-Instruct model. These models
were used because they were trained specifically to work well with the Russian
language.

4.3 Prompting 

A generic prompt was used to get relevance labels from each of the large language 
models used in our experiments. The English translated version of the prompt 
goes as follows (the original prompt was composed in Russian) - ’Determine 
whether the following document is relevant to the search query. Write “relevant” 
or “not relevant” depending on the answer. Do not repeat the content of the query 
or the document.’. The query and one of its c orresponding relevant documents
are also provided in each prompt as an example of true relevance. The goal of
an LLM is to predict the relevance of an unlabeled document and only output
a label without providing any explanations.

The same generic prompt was used for each model and dataset to test the 
generalizability of the proposed methods. However, tailoring the prompt to a 
specific LLM and dataset could increase the overall accuracy of relevance pre-
dictions and provide better filtering results, therefore increasing the final retrieval 
metrics. More advanced prompting techniques such as chain-of-thought prompt-
ing and the use of reasoning in LLM models could also provide a boost to LLM
judgment quality, albeit at the cost of inference time.

Effectively fine-tuning the prompt for a specific case would require human 
validation of LLM relevance labels and would consequently introduce additional 
labor costs for the retrieval model training process. Therefore, in our work the 
quality of LLM relevance labels is assessed indirectly using the final retrieval
metrics of the models tuned on generated data.
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5 Results 

5.1 Baseline Methods Comparison

For evaluating the performance of retrieval models standard information retrieval 
metrics NDCG@10 and R-precision were used. Let us now move on to a full 
comparison of the baseline methods on the previously m entioned datasets and
models. The evaluation metrics obtained for the Multilingual-E5-Base model are
presented in the Table 2. 

Table 2. Baseline filtration performance f or Multilingual-E5-Base.

Model Multilingual-E5-Base 
Dataset Medotvet-questions Rus_med_dialogues_qa 
Metrics NDCG@10 R-precision NDCG@10 R-precision 
Naive* 15.89 5.15 18.37 4.83 
TopK-Shifted 21.07 (+5.18) 6.58 (+1.43) 24.76 (+6.39) 8.14 (+3.31) 
TopK-Abs 28.31 (+12.42) 9.90 (+4.75) 25.73 (+7.36) 6.87 (+2.04) 
TopK-MarginPos 29.81 (+13.92) 10.18 (+5.03) 26.16 (+7.79) 6.87 (+2.04) 
TopK-PercPos 30.87 (+14.98) 8.71 (+3.56) 25.95 (+7.58) 7.38 (+2.55) 

The Naive method, which involves no filtering of hard-negative samples, 
showed the worst results across all metrics. This supports the hypothesis that 
false-negative samples have a significant detrimental impact on the training pro-
cess. Applying filtering led to significant metric improvements—with up to a 15% 
increase in NDCG@10 for the medotvet-questions dataset and up to 7.6% for 
rus_med_dialogues_qa. To v erify the consistency of these improvements, the
same set of experiments was conducted using the BGE-Reranker-v2-m3 model.
The metrics obtained for this model are presented in Table 3. 

Table 3. Baseline filtration performance for BGE-Reranker-v2-m3.

Model BGE-Reranker-v2-m3 
Dataset Medotvet-questions Rus_med_dialogues_qa 
Metrics NDCG@10 R-precision NDCG@10 R-precision 
Naive* 27.6 10.3 25.54 7.12 
TopK-Shifted 30.71 (+3.11) 11.43 (+1.13) 26.8 (+1.26) 8.4 (+1.28) 
TopK-Abs 34.65 (+7.05) 13.72 (+3.42) 27.93 (+2.39) 8.4 (+1.28) 
TopK-MarginPos 35.37 (+7.77) 12.63 (+2.33) 29.21 (+3.67) 10.05 (+2.93) 
TopK-PercPos 35.65 (+8.05) 12.74 (+2.44) 28.66 (+3.12) 9.16 (+2.04)
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The conclusions drawn earlier also hold true for the BGE-Reranker-v2-m3 
model. Applying hard-negative filtering methods helps eliminate false negatives 
and consistently improves performance. Since this model is several times larger 
than Multilingual-E5-Base and more thoroughly pre-trained, the absolute gains 
achieved through filtering are somewhat smaller. Nevertheless, the improvements
remain significant—with up to 8% on the medotvet-questions dataset for the
NDCG@10 metric, and up to 3.6% on rus_med_dialogues_qa.

5.2 LLM-Cutoff and LLM-Pluc k Comparison

Turning to the evaluation of the proposed methods for filtering negative training 
samples, let us begin with a comparison of the two methods: LLM-Cutoff and 
LLM-Pluck. As mentioned earlier, it was expected that the LLM-Cutoff method 
would demonstrate higher performance metrics compared to LLM-Pluck. This 
assumption was based on the fact that LLM-Cutoff operates by identifying a 
relevance threshold within a ranked list of documents. The accuracy of this 
threshold is supported by the requirement of encountering N consecutive negative 
documents, which helps minimize the i mpact of random errors made by the LLM.
In contrast, LLM-Pluck is much more susceptible to annotation errors from the
LLM, as it includes all documents the LLM considers negative without further
filtering. The results of training the Multilingual-E5-Base model on datasets
prepared using these methods are presented in Table 4. 

Table 4. LLM-Cutoff and LLM-Pluck performance for Multilingual-E5-Base.

Model Multilingual-E5-Base 
Dataset Medotvet-questions Rus_med_dialogues_qa 
Metrics NDCG@10 R-precision NDCG@10 R-precision 
LLM-Pluck (G)* 26.44 10.39 26.14 8.91 
LLM-Cutoff (G) 31.11 (+4.67) 12.37 (+1.98) 27.28 (+1.14) 9.67 (+0.76) 
LLM-Pluck (Q)* 22.25 6.67 22.71 6.87 
LLM-Cutoff (Q) 24.35 (+2.10) 6.79 (+0.12) 26.13 (+3.42) 7.12 (+0.25) 

As evident from the experimental results, the earlier assumptions about the 
advantages of the LLM-Cutoff method proved to be correct. The difference com-
pared to the LLM-Pluck method reached up to 4.6% in the NDCG@10 metric 
and up to 2% in R-Precision on the medotvet-questions dataset. I mprovements
were observed when using both the proprietary GigaChat-Pro model—denoted
in the table as (G)—and the open-source Vikhr-Qwen-2.5-1.5B-Instruct model—
denoted as (Q).

The use of a larger proprietary model resulted in a significant improvement 
compared to the smaller open-source model. This improvement was observed
across all datasets and for all methods. Specifically, using the GigaChat-Pro
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model with the LLM-Cutoff method increased the NDCG@10 metric on the 
medotvet-questions dataset by nearly 7%, from 24.35 to 31.11. The R-Precision 
metric also improved by almost 6%, from 6.79 to 12.37. Similar results w ere con-
firmed for the BGE-Reranker-v2-m3 model. The experimental results for which
are presented in Table 5. 

Table 5. LLM-Cutoff and LLM-Pluck performance f or BGE-Reranker-v2-m3.

Model BGE-Reranker-v2-m3 
Dataset Medotvet-questions Rus_med_dialogues_qa 
Metrics NDCG@10 R-precision NDCG@10 R-precision 
LLM-Pluck (G)* 33.46 11.59 28.36 10.18 
LLM-Cutoff (G) 35.90 (+2.44) 15.04 (+3.45) 30.10 (+1.74) 11.20 (+1.02) 
LLM-Pluck (Q)* 30.62 11.52 27.54 7.38 
LLM-Cutoff (Q) 34.18 (+3.56) 12.78 (+1.26) 29.93 (+2.39) 10.94 (+3.56) 

Similarly to the experiments with baseline negative sample filtration meth-
ods, the BGE-Reranker-v2-m3 model demonstrated better metrics compared 
to the Multilingual-E5-Base model. The performance gains from using a larger 
LLM and the LLM-Cutoff method are consistently observed for this model as 
well. Thus, we can confiden tly conclude the advantage of the LLM-Cutoff method
over LLM-Pluck. The benefits of using large proprietary LLMs are also clearly
evident in this comparison.

Let’s move on to comparing the best proposed method, LLM-Cutoff, with 
the best-performing baseline methods. T he resulting metric values are presented
in Table 6. 

Table 6. LLM-Cutoff and LLM-Pluck performance f or BGE-Reranker-v2-m3.

Model Multilingual-E5-Base 
Dataset Medotvet-questions Rus_med_dialogues_qa 
Metrics NDCG@10 R-precision NDCG@10 R-precision 
Best baseline* 30.87 10.18 26.16 8.14 
LLM-Cutoff (G) 31.11 (+0.24) 12.37 (+2.19) 27.28 (+1.12) 9.67 (+1.53) 
Model BGE-Reranker-v2-m3 
Best baseline* 35.65 13.72 29.21 10.05 
LLM-Cutoff (G) 35.90 (+0.25) 15.04 (+1.32) 30.10 (+0.89) 11.20 (+1.15) 

The LLM-Cutoff method demonstrated better metrics compared to all base-
line methods. The most significant improvement can be observed in the R-
precision metric, which indicates ranking accuracy. The increase reached up to
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2.2% for the medotvet-questions dataset. The improvement is stable across all 
trained models and all utilized datasets. This allows us to assert the advantage 
of the proposed method with a sufficient level of confidence. On average, the 
increase across all metrics was within 1–2 percent. Among the advantages of the 
proposed method, we can highlight the quality of the resulting data, achieved
through the accuracy of determining the filtering threshold for hard-negative
samples and the relative simplicity and flexibility of the algorithm itself.

Among the obvious drawbacks, one should note the speed of operation. It 
significantly lags behind baseline methods since using the LLM-Cutoff method 
requires multiple calls to large language models. As a result, the method is not 
suitable for use with excessively large datasets. Its most reasonable application
is on small, specialized datasets that are used at the fine-tuning stage of training
retrieval models.

Another possible drawback is related to the sensitivity of large language 
models to changes in prompts. Consequently, when switching LLMs, it may be 
necessary to revise the wording and format of the prompt being used. In cases 
where proprietary LLMs are employed, changes in model versions may o ccur
unnoticed by the end user. This can lead to unexpected changes in the quality
of the model’s responses and may require adjustments to the prompt.

6 Conclusion 

In this paper we explore hard-negative samples filtration methods and propose 
our own method LLM-Cutoff based on the identified shortcomings of existing 
filtration methods. LLM-Cutoff utilizes large language models (LLMs) to deter-
mine optimal cutoff position in a ranked list of possible negative candidates. 
Major difference with existing methods lies in departure from utilizing contin-
uous relevance scores provided by retrieval models, generating binary relevance 
labels vie prompting instead. The use of the proposed method led to an improve-
ment of 2.19% in R-precision on the medotvet-questions dataset and 1.53% on
the rus_med_dialogues_qa dataset. Overall, the average improvement in the
performance of the search models across all experiments was 1–2% compared to
the existing baseline methods.

One of our method’s most obvious drawbacks is the processing speed. It is 
significantly slower compared to baseline methods, since the LLM-Cutoff method 
requires multiple calls to large language models. As a result, the proposed method 
is not suitable for use with very large datasets. Its most reasonable application 
is on small, narrowly focused datasets used during the fine-tuning of retrieval 
model f or specific tasks or domains. In such contexts, the proposed method can
significantly improve the quality of training data by more accurately filtering out
false-negative examples—which, in turn, leads to better performance of resulting
models.

However, the method’s robustness and generalizability require further inves-
tigation, as well as its applicability to more domains and languages. Another 
area of further research may lie in utilizing better prompting techniques such as
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chain-of-thought or using large language models with reasoning capabilities to 
get m ore accurate binary relevance labels.
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Abstract. This work presents a modular training approach for deep 
neural networks applied to text classification, introducing the concept of 
a sector as a trainable layer and its subsequent non-trainable layers up 
to the next trainable layer. Each sector is trained independently using 
auxiliary models that mimic the original network’s output layer, allowing 
for training without full end-to-end backpropagation. The method was 
evaluated on 1D ConvNet, Transformer, and bidirectional LSTM archi-
tectures across five benchmark text classification data sets, using 1%, 5%, 
and 10% of the data for training. Results show that sector-wise modu-
lar training achieves comparable or even superior accuracy to traditional
end-to-end training while reducing computational time, particularly in
four out of five data sets. This approach offers a generalizable alternative
to standard training methods in deep learning for text classification.

Keywords: Text classification · Natural language understanding ·
Deep learning

1 Introduction 

Text classification is a basic task for natural language processing and text min-
ing problems. More particularly, within the broader field of Natural Language 
Understanding (NLU). NLU is concerned with enabling computers to under-
stand and process human language, and text classification is a key component 
of that process. Essentially, text classification consists of assigning a categorical 
output to a given text input. Machine learning is a widely used approach to text
classification. However, classic machine learning models requires a lot of feature
engineering and relies heavily on domain knowledge [18]. 

Neural network techniques emerged as an alternative to handcrafted 
approaches, using embedding models that represent text as vectors in continu-
ous spaces. Early attempts performed poorly compared to classical methods. The
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change came with deep-layer models trained adjusting more parameters, such a s
Word2vec [17], Embeddings from Language Models (ELMO) [16], and especially 
with the arrival of Transformer [25], which enabled significant improvements in 
efficiency and performance.

The introduction of these deep-layer architectures marked a turning point in 
NLP, leading in an era of pretrained models, that are adapted to downstream 
tasks via end-to-end fine-tuning. The development of this technology has mainly 
followed three paths: (i) layer-wise adaptation of pre-trained backbo nes, (ii) inte-
grated low-resource and cross-lingual strategies, and (iii) lightweight architec-
tures trained from scratch and optimised for rapid convergence [31]. 

Rather than updating an entire pre-trained model, recent work focuses on 
conditioning each layer independently. Discriminative fine-tuning uses separate 
learning rates per layer to stabilize low-level encoders and adapt higher ones [11]. 
Adapter modules insert small trainable layers while freezing the rest, ac hieving
strong results with minimal updates [10]. BitFit goes further by only updating 
bias terms, showing <0.1% of weights can be enough [4]. 

In low-resource settings, researchers combine cross-lingual transfer, data aug-
mentation, and self-training. Data set reconstruction creates synthetic exam-
ples from limited data, like Setswana headlines, for better generalization [15]. 
Self-training and prototypical meta-learning use unlabeled texts or learn proto-
types across dialects to improve performance from few examples [21]. Continued 
masked pre-training on domain-specific text realigns mu ltilingual models before
fine-tuning [9]. 

Some efforts skip pre-training and design small transformer variants, like 
MobileBERT, TinyBERT,  and  SqueezeBERT, that t rain well from scratch using
factorization and parameter sharing [12, 13, 24]. Pruning pretrained models, like 
reducing BERT layers for Guarani, also improves efficiency [1]. Tokenization-free 
models like CANINE operate on characters, benefiting rich-morphology languages
[7]. Lightweight CNNs with strong regularization can also reach good accuracy 
in few epoch s on benchmarks.

End-to-end backpropagation (E2EBP) has long been the standard for train-
ing deep networks by optimising all parameters simultaneously via forward and 
backward passes. However, it suffers from issues such as vanishing or exploding 
gradients and limited modularity, making debugging and interpretation difficult. 
To address these challenges, modular and weakly modular training approaches
have been proposed. Modular training avoids end-to-end backward and forward
passes, while weakly modular training requires only the forward pass [8]. A 
notable modular approach involves using auxiliary classifiers to guide feature 
learning. These classifiers are trained together with the feature extractor using 
a classification loss and discarded at test time. These t ypes of models have been
evaluated mainly on image data sets, with limited success [3]. 

This work proposes an application of modular training for deep neural net-
works, considering that not all layers contain trainable parameters (e.g., pooling 
layers). In this context, we adopt the notion of a “sector”, which consists of
a parameterized layer and all subsequent non-trainable layers up to the next
parameterized layer.
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The applied modular training procedure involves: i) building new auxiliary 
models composed of a sector and an output layer similar to that of the original 
deep network, ii) training each of these auxiliary models using the output of 
the previous trained sector as input while preserving the original labels, and iii)
transferring the trained parameters of each sector from the auxiliary models to
the original deep network.

While transfer learning through pretrained large language models (such a s
BERT or RoBERTa [30]) has become a standard practice in NLP, it typ-
ically requires considerable computational resources and access to sufficient 
data for effective fine-tuning. In contrast, our sector-wise training paradigm is 
lightweight, model agnostic, and designed for scenarios where training must be 
efficient and feasible under tight constraints. Our method aims to improve gener-
alization and optimization dynamics by partitioning a model into independent ly
trained sectors (rather than relying on pretraining), each of which can learn
localized representations. This modularity offers an alternative in low-resource
settings where pretrained models are inaccessible or ineffective due to domain
shift or limited adaptability.

This methodology was evaluated on architectures based on 1D ConvNet, 
Transformer, and bidirectional LSTM layers, across five benchmark text classi-
fication problems, using 1%, 5%, and 10% of the data set as training sets.

The main contributions of this work are:

1. The formulation of a modular training approach for deep networks that is
generalizable to standard text classification architectures.

2. A comparison of sector-wise modular training in terms of accuracy and train-
ing time, against traditional E2EBP training (with and without Bayesian 
hyperparameter optimization). The results show that in 4 out of 5 d ata sets,
sector-wise modular training outperformed the traditional methods in accu-
racy while achieving significant time savings.

The rest of this paper is organized as follows. Section 2 describes the proposed 
sector-wise modular training methodology. Section 3 presents the results in terms 
of accuracy and training time. Finally, Sect. 4 discusses the findings from t he case
studies.

2 Proposal 

Traditional backpropagation only addresses the final error of the neural network, 
adjusting most parameters in each epoch. This can lead to overfitting, particu-
larly when only limited data are available. To address this problem, our approach 
optimises the parameters of each layer separately rather than all at once. This
limits the number of parameters being adjusted simultaneously, helping to pre-
vent overfitting.

To this end, it is important to clarify that optimisation is carried out under 
the concept of ‘sectors’, where each sector consists of a parameterised layer
and all other subsequent layers without parameters before reaching the next
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parameterised layer. For example, suppose we want to train a C1-P1-P2-C2-P3-
C3 architecture where (i) from left to right we indicate the type of layer in 
ascending order in the network, (ii) Ci indicates a fully connected layer, and (iii) 
Pi indicates a pooling layer that lacks p arameters to be adjusted. Therefore, the
sectors that exist are S1 = C1-P1-P2, S2 = C2-P3 and S3 = C3.

Let D denote a deep neural network and X the training set. The idea of the
proposal consists of three steps:

1. For each sector Si (excepting the last sector) of the deep network D construct 
a shallow network Ni consisting only of that sector and, on top of that, an 
output layer identical to the last layer of the deep network D.

2. Train each sector Ni using the instances fi−1(x) (where f0(x)  =  x and using 
the same label of x) and compute the instances fi(x) as the output of fi −1(x)
when evaluated at Ni by removing the output layer.

3. Reconstruct the network D by taking the trained parameters of each Ni 

and removing the output layer (except for the last n etwork Ni, which is
incorporated as is).

Continuing with the previous example, we would have the networks N1 = C1-
P1-P2-C3 (where C3 is similar to C3)  and  N2 = C2-P3-C3. N1 is trained using the 
instances x ∈ X, while N2 is trained using the mapped instances f1(x). Finally, 
we discar d C3 and its parameters from N1 and connect it to N2, obtaining
the same architecture D, but with trained parameters. Algorithm 1 presents the 
proposal by applying individual epochs until the stop condition is reached within
the WHILE loop.

It should be noted that, a priori, it is not necessary to use regularization 
methods when training each auxiliary model Ni because it is a shallow archi-
tecture, even though it may have many non-parameterized layers. It can also 
be observed that the last layer of each auxiliary model is similar to that of the 
initial model based on two desirable properties: (i) that both models separate
the same number of classes and (ii) maximize the linear separability of classes
at each layer (which is motivated by the success of linear probes [2]). 

From a theoretical point of view, the way in which auxiliary models are 
defined implies that model training tends to optimize the linear separability 
of classes. This is because auxiliary models are constructed by placing only 
one layer on top of the layer to be adjusted, so the output of that layer is 
adjusted to a linear transformation represented by the layer to be discarded. This 
particular implementation seeks to limit overfitting based on two strategies: i)
training limits the number of parameters to be adjusted simultaneously, and ii)
adjustment is gradual, using only one epoch per layer (which produces a gradual
adjustment that is not as greedy as other proposals).

3 Results 

The tests were applied to the following datasets: Large Movie Review [14], AG 
News [29], TREC-6 [26], SST-5 [23], and Glue [28]. For each dataset, a simple
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Algorithm 1. Sector-wise Local Backpropagation and Network Reconstruction 
1: Initialize: Architecture D, sectors S1,  .  .  .  ,  Sn,  null  network  R0 

2: while not stop condition do 
3: Backpropagation in sectors 
4: for i =  1  to n − 1 do 
5: Create Ni by adding a layer similar to the last layer of D on top of sector Si 

6: Train Ni for one epoch using the instances fi−1(x) for x ∈ X,  with  the  same  
label as x 

7: Calculate fi(x) for each x ∈ X, evaluating fi−1(x) for each x ∈ X according 
to the output of the penultimate layer of the trained network Ni 

8: end for 
9: Network reconstruction 

10: Set R0 ← empty network 
11: for i =  1  to n − 2 do
12: Extract Si from the trained Ni preserving learned parameters
13: Connect the extracted Si to Ri−1 according to architecture D, forming Ri

14: end for
15: Connect Rn−2 to Nn−1 according to architecture D, forming Ri−1

16: end while
17: return Ri−1

1D convnet architecture [20, 27], a transformer-based architecture [19, 25], and 
a bidirectional LSTM-based architecture [6, 22] were applied. The methodology 
used to evaluate the algorithms for each x% of the dataset consisted of parti-
tioning the dataset into an 80% training set and a 20% test set. A random x% 
of the dataset was then extracted from the training set and used to train the 
model, which was subsequently evaluated on the test set. This procedure was
repeated 10 times to obtain an average error rate. The percentages chosen to
apply this methodology were 1%, 5% and 10% in relation to the total dataset.

Each model applied to each dataset was tested using three possible training 
configurations. The first configuration is traditional backpropagation applied 
without hyperparameter search. The second configuration is backpropagation 
applied with Bayesian hyperparameter search. The third configuration consists 
of the proposal applying backpropagation by sectors. The first and third con-
figurations of the algorithms were applied using the following parameters; batch 
size: 32, learning rate: 0.001, optimizer set to Adam, and loss set to sparse 
categorical cross-entropy. For the second configuration, Bayesian optimization
was applied using the following domains for each hyperparameter: optimizer in
[‘adam’, ‘rmsprop’, ‘sgd’], learning rate in the range (1e−5, 1e−1) with a log-
uniform distribution, and batch size in the range (16, 128).

Figures 1 and 2 show the accuracy percentage of each configuration and per-
centage for epochs 2 and 10, respectively, on the IMDB data set. Figure 3 presents 
the total time of these tests on the IMDB data set up to epoch 10. Figures 1 
and 2 show that the proposed method achieved a lower error rate in all test
cases. Figure 1 illustrates that the proposal reached faster convergence at epoch 
2 for the Transformer architecture with 5% and 10% of the data, and for the
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Fig. 1. Average accuracy of epoch 2 as a function of using 1%, 5% and 10% of the IMDB 
data set for training. The proposal is shown in red, traditional simple bac kpropagation
in blue, and traditional backpropagation using Bayesian hyperparameter optimisation
in green. (Color figure online)

Fig. 2. Average accuracy of epoch 10 as a function of using 1%, 5% and 10% of the 
IMDB data set for training. The proposal is shown in red, traditional simple back -
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 3. Average time execution up to epoch 10 in seconds as a function of using 1%, 
5% and 10% of the IMDB data set for training. The proposal is shown in red, tradi-
tional simple backpropagation in blue, and traditional backpropagation using Bayesian
hyperparameter optimisation in green. (Color figure online)
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1D ConvNet architecture with 5%. In contrast, Fig. 2 shows that at epoch 10, 
the proposed method presents a slight improvement in all cases. In terms of 
accuracy, the best configuration recorded is the Transformer-based architecture
when trained with the proposal for 10 epochs. Figure 3 shows that the pro-
posed method tends to gain relative computational efficiency as the data set size 
increases, as well as a significant time savings for the Transformer architecture.

Fig. 4. Average accuracy of epoch 2 as a function of using 1%, 5% and 10% of the 
AG News data set for training. The proposal is shown in red, traditional simple bac k-
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 5. Average accuracy of epoch 10 as a function of using 1%, 5% and 10% of the 
AG News data set for training. The proposal is shown in red, traditional simple bac k-
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Figures 4 and 5 show the accuracy percentage of each configuration and per-
centage for epochs 2 and 10, respectively, on the AG News data set. Figure 6 
presents the total time of these tests on the AG News data set up to e poch 10.
At epoch 2, Fig. 4 shows a slight improvement in most cases for the proposed 
method, and significant improvements due to faster convergence for the Trans-
former architecture with 1% of the data set. Figure 5 shows a slight improvement
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Fig. 6. Average time execution up to epoch 10 in seconds as a function of using 1%, 
5% and 10% of the AG News data set for training. The proposal is shown in red, t radi-
tional simple backpropagation in blue, and traditional backpropagation using Bayesian
hyperparameter optimisation in green. (Color figure online)

of the proposed method in almost all cases at epoch 10, except for the 1D Con-
vNet architecture, where it was slightly outperformed by the traditional method 
with Bayesian optimization using 10% of the data set. In terms of accuracy, the
best configuration recorded is the Transformer-based architecture when trained
with the proposal for 2 epochs. Figure 6 shows that the proposed method was 
more time-efficient at epoch 10 in all cases, except for the Transformer architec-
ture with 1% of the data set, where the difference was minimal. For this data 
set, the proposed method achieved significant time savings for the Bidirectional
LSTM architecture, followed by the 1D ConvNet architecture.

Figures 7 and 8 show the accuracy percentage of each configuration and per-
centage for epochs 2 and 10, respectively, on the TREC-6 data set. Figure 3 
presents the total time of these tests on the TREC-6 data set up to epoch 10.
Figure 7 shows that at epoch 2, the proposed method performed worse than all 
baseline models when using 1% and 5% as the training data. Howeve r, with 10%
as the data, the proposed method outperformed the others. Figure 8, on the other 
hand, shows that the proposed method outperformed traditional techniques in 
most cases, except for the Transformer architecture with 1% as the training data. 
In terms of accuracy, the b est configuration recorded is the architecture based
on bidirectional LSTM when trained with the proposal for 10 epochs. Figure 9 
shows that the proposed method resulted in significant time savings only for the 
bidirectional LSTM-based a rchitecture when using 5% and 10% of the training
data.

Figures 10 and 11 show the accuracy percentage of each configuration and 
percentage for epochs 2 and 10, respectively, on the SST-5 data set. Figure 3 
presents the total time of these tests on the SST-5 data set up to epoch 10.
Figure 10 shows mixed results for epoch 2, with some cases where the proposed 
method can be better or worse compared to traditional methods. However, the
differences are relatively minor. Figure 11 shows that for epoch 10, the proposed 
method had lower error rates than traditional methods, except for the bidirec-
tional LSTM architecture using 1% of the data set for training. In terms of
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Fig. 7. Average accuracy of epoch 2 as a function of using 1%, 5% and 10% of the 
TREC-6 data set for training. The proposal is shown in red, traditional simple back -
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 8. Average accuracy of epoch 10 as a function of using 1%, 5% and 10% of the 
TREC-6 data set for training. The proposal is shown in red, traditional simple back -
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 9. Average time execution up to epoch 10 in seconds as a function of using 1%, 
5% and 10% of the TREC-6 data set for training. The proposal is shown in red, tradi-
tional simple backpropagation in blue, and traditional backpropagation using Bayesian
hyperparameter optimisation in green. (Color figure online)
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Fig. 10. Average accuracy of epoch 2 as a function of using 1%, 5% and 10% of the SST-
5 data set for training. The proposal is shown in red, traditional simple bac kpropagation
in blue, and traditional backpropagation using Bayesian hyperparameter optimisation
in green. (Color figure online)

Fig. 11. Average accuracy of epoch 10 as a function of using 1%, 5% and 10% of the 
SST-5 data set for training. The proposal is shown in red, traditional simple back -
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 12. Average time execution up to epoch 10 in seconds as a function of using 1%, 
5% and 10% of the SST-5 data set for training. The proposal is shown in red, tradi-
tional simple backpropagation in blue, and traditional backpropagation using Bayesian
hyperparameter optimisation in green. (Color figure online)
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accuracy, the best configuration recorded was the architecture based on bidirec-
tional LSTM when trained with the proposal for 2 epochs. Figure 12 illustrates a 
tendency of the proposed method to become more time-efficient as the training 
set size increases, but it only shows a significant advantage for the 1D ConvNet
and bidirectional LSTM architectures when using 10% of the data set as the
training set.

Fig. 13. Average accuracy of epoch 2 as a function of using 1%, 5% and 10% of the 
GLUE data set for training. The proposal is shown in red, traditional simple back -
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)

Fig. 14. Average accuracy of epoch 10 as a function of using 1%, 5% and 10% of the 
GLUE data set for training. The proposal is shown in red, traditional simple back-
propagation in blue, and traditional backpropagation using Bayesian hyperparameter
optimisation in green. (Color figure online)
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Fig. 15. Average time execution up to epoch 10 in seconds as a function of using 1%, 
5% and 10% of the GLUE data set for training. The proposal is shown in red, t radi-
tional simple backpropagation in blue, and traditional backpropagation using Bayesian
hyperparameter optimisation in green. (Color figure online)

Finally, Figs. 13 and 14 show the accuracy percentage of each configuration 
and percentage for epochs 2 and 10, respectively, on the Glue data set. Figure 3 
presents the total time of these tests on the Glue data set up to epoch 10.
Figure 13 shows that the proposal did not achieve any advantage for epoch 2 
in terms of accuracy percentage, and the same can be seen in Fig. 14 for epoch 
10. Figure 15 shows that the proposal only showed lower computational cost 
for the bidirectional LSTM-based architecture, however, the proposal had lower 
accuracy in that case than traditional methods and therefore the Glue data set 
was the only one where the proposal did not present any advantage for any
algorithm.

4 Conclusion 

The evaluation was carried out by averaging the results of 10 independent runs 
for each training percentage on each dataset. This evaluation approach was cho-
sen because applying 10-fold cross-validation while controlling the training size 
would significantly reduce the test set, potentially increasing the variance of the 
results. By using repeated experiments with different random seeds, the c hosen
evaluation method provides not only greater flexibility in controlling training
proportions, but also offers a statistical advantage by producing more indepen-
dent estimates than traditional cross-validation [5]. 

Based on the case studies analysed, the proposed approach generally outper-
forms traditional backpropagation in terms of accuracy. Several cases were iden-
tified where the proposal outperformed its classical counterparts by more than 
5%, but above all, for all data sets there was always a configuration applying the 
proposal that reached the best accuracy values. Regarding computational cost, 
the results are mixed, with some classic configurations sometimes being more
efficient than the proposal. It should be noted that for each data set except
Glue, there was an architecture that was superior in terms of accuracy percent-
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age and also highly efficient in terms of computational cost when comparing the
proposed configuration with the classic configurations.

Although our current experiments focus on models trained from scratch, the 
sector-wise backpropagation paradigm can, in principle, be extended to pre-
trained architectures such as BERT or RoBERTa. For instance, transformer 
blocks could be grouped into few sectors, each augmented with an auxiliary 
head during training. This design would allow partial fine-tuning with isolated 
gradients, potentially mitigating overfitting and reducing compute load. We leave 
a thorough exploration of this integration for future work, as it could open the 
door to modular fine-tuning techniques for large language models. Moreover, 
since the comparison was limited to small training percentages of the datasets, 
further assessment is needed in scenarios with greater data availability, where 
traditional methods might behave differently. 
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Abstract. Multiword units (MWUs) constitute a distinct class of linguistic phe-
nomena located at the crossroads of lexis and syntax. Empirical data on their 
typology and frequency are essential for solving a wide range of applied prob-
lems in natural language processing. This paper presents a corpus-based study 
of MWUs in Russian everyday speech. Drawing on data from the ORD corpus 
comprising one million words of transcribed spontaneous discourse, over 8,000 
MWU instances were identified and annotated. These MWUs are classified into 
eight main classes: non-phraseologized collocations, phraseologized collocations, 
occasional collocations, idiom forms, constructions, precedent texts and their ele-
ments, multiword pragmatic markers, and speech formulas. The paper presents 
a ranked list of the 50 most frequent MWUs in spoken Russian, along with the 
overall distribution of MWU types. The results indicate that pragmatic markers 
are the most dominant category (comprising over 30% of all MWUs), followed by 
non-phraseologized collocations (26%) and speech formulas (21%). The article 
also discusses the functional combinations of MWUs in spoken interaction and 
highlights precedent texts as one of the productive sources for MWU formation. 
The quantitative data obtained in this study contribute to both theoretical models 
of lexical and grammatical description of Russian everyday speech and practical 
tasks related to processing and generating spontaneous spoken language. 

Keywords: Modern Russian · Everyday Speech · Oral Discourse · Multiword 
Units · Collocations · Pragmatic Markers · Precedent Texts · Statistical 
Analysis · Speech Corpus · Corpus Linguistics · Speech Technologies 

1 Introduction 

Multiword units (MWUs) represent one of the most significant objects of contemporary 
linguistic research, as they occupy a central position in the study of language both as 
a system and as a means of communication [1]. They also play a key role in language 
acquisition and constitute a substantial part of the mental lexicon [2]. The importance of
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studying MWUs lies in their special status within cognitive mechanisms responsible for 
storing and processing linguistic information in the human mind [3]. Recent psycholin-
guistic studies suggest that MWUs are often processed as holistic units retrieved directly 
from memory, rather than being decomposed into their individual components [4]. This 
challenges traditional boundaries between lexis and syntax, showing that the formation 
of multiword expressions can precede and facilitate the acquisition of individual lexical 
items. Moreover, MWUs are often culturally marked, reflecting the specific worldview 
embedded in a given language. Their study offers insight into the deep interconnections 
between language, cognition, and culture, making MWU research an interdisciplinary 
field that bridges linguistics (including computational linguistics) and cognitive sci-
ence. The future prospects of MWU research are closely linked to the development of 
contemporary technological and methodological approaches in linguistics [5]. 

Various types of MWUs are actively used in Russian everyday discourse. They have 
traditionally attracted close attention from linguists, yet many of them still await system-
atic identification, classification, and detailed description. As noted by researchers, “The 
presence of a large number of fixed and recurring expressions in the speech practices of 
speakers of any language is a well-established fact. Phenomena of this kind—referred 
to as ‘idioms’, ‘fixed phrases’, ‘speech formulas’, ‘clichés’, or ‘templates’—occupy a 
recognized place in any linguistic description” [6]. 

In Russian linguistics, this growing interest has led, among other developments, 
to the creation of specialized databases such as the Russian Constructicon [7] and the 
Pragmaticon [8]. These resources are focused on units larger than a single word— 
constructions and discourse formulas—which occupy the boundary between the lexicon 
and grammar, effectively challenging the distinction between the two. 

The interest in MWUs has also resulted in a number of dedicated studies. The present 
article continues a larger research project aimed at the systematic classification of MWUs 
in everyday Russian speech based on the ORD corpus [9, 10]. The ORD corpus was 
compiled using a methodology of multi-hour audio monitoring of native Russian speak-
ers with diverse social and psychological backgrounds, recorded in a wide variety of 
communicative contexts. The corpus comprises 1,450 h of audio recordings, speech 
from 128 informants and over 1,000 interlocutors, and approximately 1 million word 
tokens in transcribed form (see: [11–14]). 

The principles underlying the data collection for the ORD corpus made it possible to 
obtain speech material that closely approximates natural communication, capturing the 
richness, spontaneity, “irregularity,” and variability of spoken language. Based on the 
empirical data of the ORD corpus, a typology of MWUs was developed, as described in 
[10]. The typology distinguishes eight major classes: 

1. Non-phraseologized collocations – semantically compositional fixed word combina-
tions. 

2. Phraseologized collocations – semantically non-compositional fixed word combina-
tions. 

3. Occasional collocations – modified forms of common collocations (including both 
phraseologized and free combinations).
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4. Idiom forms – frequent combinations of content and function words in everyday 
speech that have acquired specific meanings and functions (e.g., ne gorit “It’s not 
urgent,” ne v kayf “not enjoying it”). 

5. Constructions – frequent conventional combinations that include a fixed element (the 
“anchor”) and a variable slot, whose overall meaning or form is not fully derivable 
from the semantics of the parts or general grammatical rules [15]. 

6. Precedent texts and their elements – quotations or fragments of culturally or socially 
significant texts recognizable in specific contexts. 

7. Multiword pragmatic markers – units that do not encode propositional meaning 
but fulfill various functions related to discourse organization and signaling speaker 
intention. 

8. Speech formulas – multiword expressions typically classified as interjections, 
expressing the speaker’s emotional reaction or serving as stereotypical responses 
in dialogue. 

This study presents statistical data on the frequency of MWU usage in Russian 
everyday speech based on a representative volume of transcripts. It identifies the most 
frequent MWUs, provides quantitative data on the distribution of MWU types, and 
describes the most typical representatives of each class. 

2 Research Material and General Statistics 

The statistics presented in this article are based on a sample of 1 million word tokens, 
representing manually transcribed records of everyday Russian speech from the ORD 
corpus. The data comprise 500 macroepisodes of everyday spoken communication, cov-
ering a wide range of communicative settings (e.g., conversations at home, in the work-
place, at educational and medical institutions, in shops, service centers, on the street, 
etc.). MWUs were identified in 479 macroepisodes (96% of cases). 

This analysis was preceded by two earlier studies: (1) an expert annotation of a 
300,000-token subcorpus conducted by several annotators, and (2) an automatic anno-
tation of MWUs based on a 700,000-token subcorpus, followed by manual verification. 
The principles of empirical MWU annotation are detailed in [10], while [16] describes 
the MWU automatic detection methods and the procedures for expanding the MWU 
dictionary. All resulting annotated data were subsequently verified manually. In total, 
8,055 MWU instances were identified in the speech of 882 individuals—120 primary 
informants and 762 interlocutors, including both men and women from diverse age and 
professional groups. 

Statistical analysis revealed that MWUs are highly frequent in spoken interaction: 
their proportion per speech episode ranges from 0% to approximately 3.5%, with an 
average rate of 1.98% across the sample. The mean length of an MWU is 2.60 ortho-
graphic words. A statistically average macroepisode, lasting 15–20 min, contains around 
16 MWUs—that is, approximately one unit per minute. 

The identified MWUs display considerable heterogeneity. The distribution of the 
main MWU classes is detailed in Sect. 5. As for formal structure, the most productive 
morphological patterns observed in the formation of MWUs are as follows:
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1. PR S (9.34%; v printsipe, po idee) – preposition + noun, 
2. APRO APRO (6.58%; eto samoe, vsyo takoe) – pronominal adjective + pronominal 

adjective, 
3. PR APRO S (3.36%; na kakiye shishi, po vashey chasti) – preposition + pronominal 

adjective + noun, 
4. PART ADVPRO PART (2.94%; vot tak vot, nu kak zhe) – particle + pronominal 

adverb + particle, 
5. APRO S (2.89%; vsyo vremya, takie dela) – pronominal adjective + noun, 
6. SPRO A (2.63%; nichego strashnogo, sebe dorozhe) – pronominal noun + adjective, 
7. PART APRO PART (2.50%; vot etot vot, vot tak vot) – particle+ pronominal adjective 

+ particle. 
These figures should be interpreted with caution, however, as the original part-of-

speech characteristics of components are often blurred in certain MWU classes (e.g., 
pragmatic markers, speech formulas, phraseologized collocations, and idiom forms). 

Precedent texts and their fragments form a separate group within the MWUs. They 
tend to be longer on average and occur less frequently. Section 7 provides an overview 
of the most common sources of this MWU type. 

The following section presents the most frequent MWUs found in Russian everyday 
speech. 

3 High-Frequency Multiword Units in Spoken Russian 

Table 1 presents the top segment of the frequency list of MWUs. The column “ipm” 
(items per million) indicates the frequency of each unit relative to the total number of 
word tokens in the dataset (1 million), while the percentage (%) reflects the share of 
each unit in relation to the total set of identified MWUs. 

As  shown  in  Table 1, the three most frequent MWUs are eto samoe (“you 
know”/“um”/“the thing is”), v printsipe (“basically”), and vot tak vot (“just like 
that”/“this way”), which together account for 9.60% of all MWU occurrences. These 
expressions may be considered “core building blocks” of spoken discourse, especially 
in reflective or impulsive communication—that is, speech not consciously controlled by 
the speaker and produced at the level of automatized verbal behavior. 

Let us now examine the ten most frequent MWUs in greater detail:

1. Eto samoe (“you know”/“um”/“the thing is”) is most often used as a hesitation 
filler, allowing the speaker to gain time for lexical retrieval or formulation of the 
upcoming utterance. According to the Dictionary of Pragmatic Markers [17], this 
MWU may function as a hesitation pause filler, a self-correction marker, and a 
discourse boundary marker—serving at all three levels: initial, navigational, and 
final. 

2. V printsipe (“basically”) signals generalization or concession. It is used to soften 
assertions or introduce flexibility into a statement and can express a willingness to 
compromise. In oral speech, it often functions as an idiom form, although [17]  also  
classifies it as a hesitation and a boundary marker, primarily navigational. Its high 
degree of polyfunctionality is particularly notable.
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Table 1. The 50 most frequent MWUs. 

Rank Multiword units ipm % Rank Multiword units ipm % 

1 eto samoe (you 
know/um) 

312 3.87 26 imeyu v vidu (I 
mean) 

35 0.43 

2 v printsipe 
(basically) 

290 3.60 27 kak by (sort 
of/kind of) 

34 0.42 

3 vot tak vot (just 
like that/this way) 

170 2.11 28 vot eta vot (this one 
right here [fem.]) 

33 0.41 

4 v obshchem 
(overall) 

167 2.07 29 ty chto (are you 
kidding?) 

33 0.41 

5 vsyo ravno 
(anyway/doesn’t 
matter) 

161 2.00 30 v lyubom sluchaye 
(in any case) 

32 0.40 

6 kak raz 
(exactly/just the 
right moment) 

101 1.25 31 vot etot vot (this 
one right here 
[masc.]) 

32 0.40 

7 vot eto vot (this 
one right here) 

99 1.23 32 ne znayu (I don’t 
know) 

32 0.40 

8 i tak dalee (and so 
on/etc.) 

98 1.22 33 nichego strashnogo 
(it’s okay/no big 
deal) 

31 0.38 

9 na samom dele 
(actually) 

96 1.19 34 nu i chto (so what?) 31 0.38 

10 vsyo vremya (all 
the time) 

91 1.13 35 o Gospodi (oh 
Lord) 

31 0.38 

11 tak skazat’ (so to 
speak) 

91 1.13 36 vot zdes’ vot (right 
here) 

30 0.37 

12 nu vot (well 
then/so) 

88 1.09 37 oy Gospodi (oh 
God) 

29 0.36 

13 v smysle (I mean) 66 0.82 38 etu samuyu (that 
one [fem.]) 

29 0.36 

14 nu ladno (alright 
then/okay) 

65 0.81 39 kak ego (what’s his 
name/what’s it 
called) 

28 0.35 

15 slava Bogu (thank 
God) 

63 0.78 40 na vsyakiy sluchay 
(just in case) 

27 0.34 

16 nichego sebe 
(wow/no way) 

62 0.77 41 sovershenno verno 
(absolutely right) 

27 0.34

(continued)
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Table 1. (continued)

Rank Multiword units ipm % Rank Multiword units ipm %

17 etot samyy (you 
know/that one…) 

62 0.77 42 tipa togo chto 
(something 
like/kind of like) 

27 0.34 

18 da ty chto (are you 
serious?) 

48 0.60 43 kak govoritsya (as 
they say) 

26 0.32 

19 vot eti vot (these 
ones) 

47 0.58 44 ukh ty (whoa/wow) 25 0.31 

20 da ladno (come 
on!) 

47 0.58 45 v kontse kontsov 
(after all) 

24 0.30 

21 eti samye (those 
ones/you know 
which) 

45 0.56 46 vsyo v poryadke 
(everything’s fine) 

24 0.30 

22 delo v tom chto 
(the point is that) 

43 0.53 47 esli chto (just in 
case/if anything) 

24 0.30 

23 Bozhe moy (oh my 
God) 

41 0.51 48 kakaya raznitsa 
(what’s the 
difference) 

24 0.30 

24 po idee 
(theoretically/I 
suppose) 

40 0.50 49 skazhem tak (let’s 
put it this way) 

24 0.30 

25 po krayney mere 
(at least) 

38 0.47 50 ya ne znayu (I 
don’t know) 

24 0.30 

3. Vot tak vot (“just like that”/“this way”) functions as an affirmative and generaliz-
ing phrasal marker, often used to complete or emphasize an action, description, or 
situation. It is a prototypical structural variant of a deictic pragmatic marker—a 
descriptive MWU with a pointing function, consisting of three consecutive deictic 
elements, following the pattern vot (…) vot. According to [17], it may also serve as 
a hesitation marker and, less commonly, as a discourse boundary marker. 

4. V obshchem (“overall”) is used to summarize, generalize, or shift the topic. Func-
tionally, it acts as a speech structuring device. According to [17], it can function as 
a hesitation marker, a boundary marker of all three types (initial, navigational, and 
final), and occasionally as a self-correction marker. 

5. Vsyo ravno (“anyway”/“doesn’t matter”) expresses indifference, lack of preference, 
or fatalism. It may be used to close a discussion or to indicate that a choice is of no 
consequence. 

6. Kak raz (“exactly”/“just the right moment”) signals precise alignment or congru-
ence with a situation, time, or condition. It adds assertiveness and precision to the 
speaker’s description. 

7. Vot eto vot (“this one right here”) is a deictic expression that draws attention to a 
specific object, action, or event. It is another structural variant of the deictic MWU
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vot (…) vot, and similarly functions as a hesitation marker and, more rarely, as a 
boundary marker. The fact that two structural variants of the vot (…) vot model 
appear among the top ten most frequent MWUs highlights its high productivity in 
spoken Russian. 

8. I tak dalee (“and so on”/“etc.”) is a generalizing marker used to conclude a list 
or indicate a logical continuation. It simplifies speech and, as a pragmatic marker, 
serves primarily as a substitutive boundary device. 

9. Na samom dele (“actually”/“in fact”) emphasizes the truthfulness or relevance of a 
statement. It is often used to highlight the importance or unexpected nature of a fact. 

10. Vsyo vremya (“all the time”) denotes the duration or regular recurrence of an action. 
It emphasizes frequency or repetition. 

In summary, the most frequent MWUs in Russian everyday speech are predomi-
nantly pragmatic markers characterized by hesitation, deixis, and discourse structuring 
functions. Their high frequency highlights the importance of not only propositional but 
also metadiscursive organization in spoken interaction—the speaker’s ability to navi-
gate communicative contexts, manage the interlocutor’s attention, and structure their 
own speech. 

4 Invariant Forms of Multiword Units 

As Table 1 clearly shows, some MWUs—even frequent ones—can be interpreted as 
variants of a more general unit, or invariant. For example, vot tak vot, vot eto vot, vot 
eti vot, vot eta vot, vot etot vot, vot zdes’ vot, vot takoj vot, etc., evidently belong to 
the vot DEIX vot group, in which two occurrences of the particle vot frame a deictic 
element (such as “this,” “here,” “such,” etc.). Invariants typically represent structural 
and semantic templates, within which certain components—most commonly deictic or 
evaluative elements—vary. 

Invariants were identified for 54% of the total number of MWU forms (3,466 tokens 
in total), resulting in a list of 1,815 distinct invariant types. The high proportion of such 
invariant-based expressions indicates a significant degree of regularity in the organization 
of spontaneous speech, despite its apparent disorder and variability. However, identifying 
invariant forms is not always straightforward [18]. 

Table 2 presents the 10 most frequent MWU invariants in Russian, including both 
their overall frequency in items per million (ipm) relative to all word tokens in the 
analyzed subcorpus, and their proportion (%) relative to all identified MWUs. 

Individual MWUs may either fully coincide with their invariant form (e.g., nu vot 
or slava Bogu), represent a structural variation of it (as in the example of vot DEIX vot), 
or function as occasionalisms—unique, rarely occurring expressions. 

To study rare MWUs, we can refer to the hapax list, which includes all units that 
occurred only once in the dataset. In our sample, hapax MWUs account for 2,320 types, 
representing 28.80% of all MWUs in the frequency list. 

Thus, the analysis of invariant forms makes it possible to identify productive patterns 
underlying the formation of stable expressions in spoken language. The high percentage 
of hapax units—unique or occasional combinations—reflects the creative potential of 
Russian everyday speech.
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Table 2. Most frequent invariants of MWUs in Russian everyday speech. 

Rank Invariants Multiword units Share of tokens (ipm) Share of MWU (%) 

1 *eto *samoe (this… thing) 292 5.60 

2 vot DEIX vot (here it is/you know/this 
one) 

183 3.51 

3 v printsipe (basically) 170 3.26 

4 nu vot (well then/so) 84 1.61 

5 v obshchem (i tselom) (in general (and 
overall)) 

74 1.42 

6 vsyo ravno (doesn’t matter/anyway) 66 1.27 

7 nu ladno (alright then) 61 1.17 

8 i tak daleye (and so on) 55 1.06 

9 *imet’ v vidu (to mean/to have in mind) 42 0.81 

10 tak skazat’ (so to speak) 40 0.77 

11 slava Bogu (thank God) 36 0.69 

12 (*…) ty *chto (what are you…/are you 
serious?) 

35 0.67 

13 (*) Gospodi (oh Lord/dear God) 34 0.65 

14 X sebe (wow/damn/oh my) 34 0.65 

15 kak by (like) 34 0.65 

5 Distribution of MWU Classes in Everyday Russian 

This section discusses the distribution of individual MWU classes in Russian everyday 
spoken speech. As shown in the frequency list of MWUs presented in Sect. 3, pragmatic 
markers occupy the leading position among all MWU types in terms of frequency. The 
statistical data confirm this observation: pragmatic markers account for 2,487 instances, 
or 30.88% of all identified MWUs. Below, we take a closer look at the distribution of 
the main MWU classes (Table 3).

1. Multiword pragmatic markers (PMs) top the frequency list of MWUs in everyday 
Russian spoken communication. These markers play a crucial role in structuring dis-
course, helping speakers manage the flow of conversation and cope with communi-
cation difficulties or disfluencies. As shown in Sect. 3, most of the highest-frequency 
MWUs fall into this category, including: (1) eto samoe (“you know”) (312 ipm; 
3.87%)1 ,  (2)  v printsipe (“basically”) (290; 3.60), (3) vot tak vot (“just like that”) 
(170; 2.11), (4) v obshchem (“overall”) (166; 2.06), and (5) vot eto vot (“this one 
right here”) (99; 1.23), among others.

1 Throughout this section, frequencies are reported in the following format: (occurrences per 
million words [ipm], representing the share of a given MWU type in the total word count of 
the corpus; percentage [%], representing its share among all identified MWUs). 
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Table 3. Distribution of MWU classes in spoken Russian. 

Rank MWU Classes Share of tokens (ipm) Share of MWU (%) 

1 Pragmatic markers (PM) 2487 30.88 

2 Non-phraseologized collocations (NK) 2119 26.31 

3 Speech formulas (RF) 1673 20.77 

4 Phraseologized collocations (FK) 800 9.93 

5 Idiom forms (ID) 447 5.55 

6 Constructions (KS) 407 5.05 

7 Precedent texts (PT) 101 1.25 

8 Occasional collocations (OK) 19 0.24 

2. Non-phraseologized collocations (NK) rank second in frequency, collectively 
accounting for more than one-quarter of all MWUs. The most frequent among them 
include: (1) kak raz (“exactly/right on time”) (101; 1.25), which denotes precision or 
timeliness; (2) na samom dele (“actually/in fact”) (96; 1.19), used to emphasize the 
truthfulness or factuality of a statement; (3) vsyo vremya (“all the time”) (91; 1.13), 
indicating repeated or continuous action; (4) vsyo ravno (“anyway/regardless”) (90; 
1.12), which expresses indifference or inevitability; and (5) po krayney mere (“at 
least”) (38; 0.47), introducing a minimum estimate or condition. 

3. Speech formulas (RF) are the third most frequent class, comprising approximately 
one-fifth of all MWUs. These units are characterized by their use in expressing emo-
tions, reactions, or standard conversational routines in everyday speech. The most 
typical examples include: (1) nu vot (“well then”) (67; 0.83), often used as an intro-
ductory or closing phrase to mark transitions or conclusions—it can also function as 
a navigational pragmatic marker; (2) slava Bogu (“thank God”) (67; 0.83), convey-
ing relief or gratitude for a positive outcome; (3) nichego sebe (“no way”/“wow”) 
(62; 0.77), an expression of surprise or admiration; (4) da ty chto (“are you seri-
ous?”/“really?”) (48; 0.60), an emotional and expressive marker used to signal sur-
prise, disbelief, admiration, indignation, or disagreement; and (5) da ladno (“come 
on”/“seriously?”) (46; 0.57), whose interpretation depends on context—may indicate 
disbelief, encouragement, resignation, or amused acceptance. 

4. Phraseologized collocations (FK) account for approximately 10% of all MWUs, 
although their absolute and relative frequencies remain low. The most common exam-
ples include: (1) ne day Bog (“God forbid”) (9; 0.11), expressing fear or strong unde-
sirability; (2) day Bog (“God willing”) (7; 0.09), used to express hope or a wish for 
good fortune; (3) s uma soyti (“to go crazy”) (5; 0.06), conveying extreme surprise or 
shock; (4) chort-te chto (“complete mess”) (5; 0.06), a reaction to something absurd 
or chaotic; and (5) vyshe kryshi (“more than enough”) (3; 0.62), denoting abundance 
or excess. 

5. Idiom forms (ID) represent 5.55% of all MWUs. These include colloquial expressions 
such as bez problem (“no problem”) (5; 0.06), v nature (“seriously”/“really”) (5; 0.06), 
and po idee (“theoretically”/“supposedly”) (3; 0.04).
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6. Constructions (KS) are close in frequency to idiom forms, accounting for 5.05% of all 
MWUs. Examples include Bog s nim (“let it go”/“so be it”) (8; 0.10), an expression 
of acceptance or resignation, and vot takie dela (“that’s the way it is”) (6; 0.05), often 
used to close a topic with a note of resignation, irony, or quiet reflection. 

7. Precedent texts (PT) are even rarer, comprising only 1.25% of the total. Just six 
expressions occurred twice in the entire corpus, including: (1) vremya pokazhet (“time 
will tell”) – don’t rush to conclusions; (2) vremya sobirat’ kamni (“time to gather 
stones”) reaping the consequences of one’s actions; (3) eshchyo ne vecher (“the 
night is still young”) meaning things might still change; (4) na sebya lyubimuyu 
(“on myself, my dear self”) meaning spending time/money/care on oneself, often 
humorously; (5) pozdno pit’ Borzhomi (“too late to drink Borjomi”) – it’s too late to 
fix something; and (6) khorosho sidim (“we’re having a good time”) expresses the 
speaker’s satisfaction with the current moment and is typically used in informal or 
celebratory settings (e.g., during a friendly gathering or a shared meal). 

8. Finally, occasional (non-conventional) collocations (OK) are the rarest category: only 
19 such units were identified in the 1-million-word corpus, accounting for just 0.24%. 
Examples include highly creative or humorous phrases like kushat’ batareyku kak 
traktor (“to eat a battery like a tractor”). 

Overall, the distribution of MWU classes in everyday spoken Russian reveals a 
strong dominance of pragmatic markers, non-phraseologized collocations, and speech 
formulas. These categories play a central role in organizing spontaneous communica-
tion by structuring discourse, expressing speaker attitudes, and ensuring fluency. At the 
same time, the presence of less frequent but semantically rich types—such as idioms, 
phraseologisms, constructions, and precedent text elements—highlights the expressive 
diversity and dynamic nature of colloquial Russian. 

6 Multiword Units with Dual Class Annotations 

From the beginning of the study, the development of the typology of multiword units 
(MWUs) proposed in [10] has presented significant challenges. These units are not only 
often polysemous and multifunctional within a single category, but they can also be 
interpreted in more than one way within the typological framework itself. 

For instance, the MWUs bez voprosov (“no questions”), bez problem (“no problem”), 
and bez bazara (“no worries”) can be reasonably classified either as idiom forms (ID) 
(bez + N2) or as constructions (KS) (bez + X) [12]. The precedent text (PT) ne syp’ 
mne sol’ na ranu (“don’t rub salt in my wound”) may be interpreted in contemporary 
usage as a phraseologized collocation (PC), while the occasional collocation (OC) kto 
riskuyet, tot p’yot shampanskoye (“those who risk, drink champagne”) is a modification 
of the precedent text kto ne riskuyet, tot ne p’yot shampanskogo and can be seen as its 
variation. Analyzing the material from this perspective has yielded some noteworthy 
observations. 

In total, 320 MWU instances (3.97%) in the annotated corpus were found to belong 
to more than one category. More specifically, the following picture emerged: 

1. The most frequent overlap was found between speech formulas (RF) and non-
phraseologized collocations (NK), accounting for 20.63% of all cases of MWUs
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with dual class annotations. These MWUs operate both as conversational clichés 
commonly used in everyday interactions and as fixed lexical combinations aligned 
with standard language usage. 

2. The combination of pragmatic markers (PM) and non-phraseologized collocations 
(NK) occurred in 8.75% of cases. These units serve both as discourse-structuring 
units and as conventionalized lexical combinations. 

3. The overlap between phraseologized collocations (FK) and occasional collocations 
(OK) accounted for 10.63%. These MWUs combine the fixed nature of idiomatic 
phrases with the contextual uniqueness typical of occasional usages. 

4. The combination of non-phraseologized (NK) and phraseologized (FK) collocations 
accounted for 7.50%. These MWUs illustrate a shift from structurally stable word 
combinations to idiomatic expressions. 

5. The overlap between constructions (KS) and speech formulas (RF) occurred in 
10.31% of cases. These units merge the grammatical regularity of constructions with 
the conventionality of common conversational routines. 

6. The combination of pragmatic markers (PM) and speech formulas (RF) occurred 
in 7.19% of cases. Such MWUs fulfill both discourse-organizing and conventional 
expressive functions. 

7. The pairing of idiom forms (ID) and speech formulas (RF) accounted for 5.63%. These 
MWUs combine figurative meaning with formulaic usage typical of conversational 
exchanges. 

8. Finally, the combination of non-phraseologized collocations (NK) and idiom forms 
(ID) made up 5.63%, reflecting stable expressions that may include elements of 
figurative meaning. 

It is thus evident that the most frequent overlap occurs between speech formulas (RF) 
and non-phraseologized collocations (NK), accounting for 20.63% of all dual-function 
cases—highlighting their prevalence in spoken communication. The affinity between 
these two MWU types can be explained by the fact that RFs are both conventionalized 
speech clichés and word combinations with statistically high co-occurrence. As a result, 
many RFs are actually formed from non-phraseologized collocations. For example, Kak 
dela? (“How are you?”) is a speech formula (specifically, a greeting formula), but it 
is also a collocation. Such MWUs are frequently used in everyday dialogues, where 
predictability and automatism are important. 

High proportions are also observed in the overlap between phraseologized colloca-
tions (FK) and occasional collocations (OK) (10.63%), and between constructions (KS) 
and speech formulas (RF) (10.31%). These figures point to the functional flexibility of 
these categories. The latter overlap, for instance, may be attributed to the fact that many 
RFs are based on constructions, since the reproducible structure of the latter facilitates 
predictability and ease of comprehension. 

In a similar way, the motivation behind other observed combinations of MWU clas-
sifications can also be explained. However, the very existence of such overlaps con-
firms that many MWUs have a complex nature and simultaneously perform multiple 
communicative functions.
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7 Prototypes and Sources of Selected Multiword Units 

The analysis also identified prototypes of MWUs—original, “primary” forms of multi-
word units that emerged or became entrenched in the language through specific cultural 
sources familiar to native speakers. A prototype defines the form, intonation, and mean-
ing of a given MWU, and may later be modified or used in new contexts. Identifying 
prototypes is especially relevant for MWUs that function as elements of precedent texts. 
The following are among the main cultural sources and their corresponding prototypes: 

1. Quotations from works of Russian classical literature. For example, the MWU “ya ne 
khochu uchit’sya, khochu zhenit’sya” (“I don’t want to study, I want to get married”) 
corresponds to a line from Denis Fonvizin’s play The Minor; cf. also “staro kak mir” 
(“as old as the world”) from Leo Tolstoy’s Anna Karenina. 

2. Biblical quotations, such as “vsyo taynoye stanovitsya yavnym” (“everything hidden 
shall be revealed”). 

3. Quotes from popular films, TV series, and animated cartoons—for example: “na eto 
ya poytit’ ne mogu” (“I can’t go along with this”), “tsigel-tsigel, ay-lyu-lyu” (from 
the Soviet comedy The Diamond Arm), “tvoy tuflya” (“your shoe,” from Kidnapping, 
Caucasian Style), “zhizn’ moya zhestyanka” (“my life is a tin can,” from the animated 
film The Flying Ship). 

4. Proverbs (paremias), including traditional sayings such as “kashu maslom ne 
isportish’” (“you can’t spoil porridge with butter”), modern variants like “kto riskuyet, 
tot pyot shampanskoye” (“those who take risks drink champagne”), and proverbial 
expressions rooted in Roman classical literature—e.g., “vsyo svoyo noshu s soboy” 
(“I carry all my things with me,”—”Omnia mea mecum porto” by Bias of Priene and 
Cicero), among others. 

5. Works of popular musical culture—both Soviet/Russian and Western—e.g.,“nas utro 
vstrechaet prokhladoy” (“the morning greets us with a chill,” from The Song of the 
Counterplan) and “We are the champions” (from the song by Queen). 

6. Political slogans—for instance, Soviet-era slogans such as “gotov k trudu i oborone” 
(“ready for labor and defense”) and “dayosh proletariat” (“forward with the 
proletariat”). 

7. Jokes and anecdotes—e.g., the well-known series about the character Vovochka, 
including the phrase “vsyo, Vovochka, ne snosit’ tebe golovy” (“that’s it, Vovochka, 
you’re doomed”). 

8. Advertising—for example: “detochka, ty lopnesh’” (“sweetie, you’ll burst”) or 
“zheludok u kotyonka men’she naperstka” (“a kitten’s stomach is smaller than a 
thimble”). 

Thus, MWUs functioning in everyday Russian speech are linked to a wide range of 
sources—literature, film, advertising—and serve as indicators of the cultural influence 
on language. 

8 Conclusion 

The study examined key patterns in the usage and functions of multiword units (MWUs) 
in everyday spoken Russian. Based on a one-million-word sample from the ORD corpus, 
it identified the most frequent MWUs, developed a typology of their forms and functions,
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uncovered invariant structures, documented cases of overlapping classifications, and 
analyzed the cultural sources of emerging MWUs. 

The most frequent MWU classes—pragmatic markers, non-phraseologized colloca-
tions, and speech formulas—play a key role in structuring spontaneous speech, manag-
ing dialogue, and expressing emotions and communicative intentions. At the same time, 
idioms, constructions, elements of precedent texts, and occasional formations illustrate 
the expressive richness and creative potential of spoken language. 

The findings have high applied value. They can be used in the development of 
speech recognition and synthesis systems, as well as in the creation of more natural 
and human-like dialogue systems, including virtual assistants and voice interfaces. The 
typology and frequency data of MWUs are essential for improving language models, 
particularly those aimed at processing everyday spoken language, where a high share 
of “non-standard” units requires special treatment. Empirical study of MWUs brings us 
closer to building more accurate and adaptive technologies for speech-based interaction 
and opens possibilities for integrating linguistic insights into computational language 
processing. 

Looking ahead, one of the most promising directions is the automatic extraction of 
MWUs from corpora using neural networks and deep learning. Such methods are criti-
cally important for advancing machine translation technologies, as the inability to auto-
matically recognize MWUs often leads to translation errors and reduces the efficiency of 
natural language processing systems. Future work should also include the development 
of multilingual corpora annotated for MWUs, the creation of universal algorithms for 
MWU identification across languages, and the integration of MWU research into auto-
mated systems for assessing text complexity. The interdisciplinary nature of this field 
ensures its ongoing development and underscores its practical significance for address-
ing both fundamental issues in language theory and applied challenges in computational 
linguistics. 
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Abstract. The Google Book Ngram corpus is captivating due to its incredible size 
and availability. It has been widely used in studies of culture, social psychology, 
language evolution and others. However, as some researchers state, it suffers a 
number of limitations. Apparently, the most serious limitation of the corpus is its 
genre imbalance and lack of information on the genre composition of the books 
included in it. In this paper, we developed an algorithm for estimating the genre 
composition of the Google Books Ngram corpus. To estimate the percentage of 
texts of different genres, we used data on relative frequencies of a large range 
of words. Both linear models and multilayer feedforward neural networks were 
tested as predictors. To train the predictors, we used random subsamples of texts 
from the COHA corpus which are marked up by genres. We obtained estimates 
by using linear predictors and neural network predictors which showed different 
effectiveness. To assess the achieved accuracy, a cross-validation was performed. 
The analysis showed that the standard deviation of the neural network estimates 
obtained from annual data is no worse than 2–2.2%. The constructed estimates of 
the genre composition of Google Books Ngram also response to major historical 
events. It should also be noted that the genre composition has changed significantly 
since 2008. The obtained results provide a vision of the Google Book Ngram 
corpus genre composition and offer a possible framework for improvements to 
future works based on the Google Book Ngram data. 

Keywords: Google Books Ngram · Genre Composition · Neural Networks · 
Text Corpora 

1 Introduction 

Development of new technologies triggered creation of large text corpora in different 
languages. One of such text databases is Google Books. It is a huge collection of digitized 
book texts which allows searching for usage of words and word combinations. Based 
on the Google Books project, an open diachronic corpus Google Books Ngram [1] 
(hereinafter GBN) was compiled, which contains data on frequencies of words and word 
combinations in 8 languages (American and British English, Russian, Spanish, French, 
German, Chinese, and Hebrew) [2]. To date, 3 versions of GBN have been created.
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The first GBN version was published in 2009 and included over 5 million books 
in English, largely provided by large university libraries [3]. The second GBN version 
appeared in 2012 and contained 8 million books. The content of the books of the first and 
second versions was split into case-sensitive n-grams. N-gram is a part of text including 
different number of neighbouring words. Thus 1-gram consists of one word, 2-gram 
consists of two words etc. Starting with the second version of the corpus, syntactic 2-
grams also appeared. Syntactic 2-grams are not usually two neighbouring words but 
they must be in a syntactic relationship with each other. The third version of GBN was 
published in 2020 and included 16.6 million books in English containing a total of 2 
trillion words. 

Incredible size and availability of the GBN corpus made it an interesting tool for 
various types of research in the fields of linguistics, psycholinguistics, psychology, 
culturology and other sciences [3, 4]. 

However, despite a large number of investigations performed on the GBN material, 
there are works that are critical of the corpus, primarily pointing out its genre imbal-
ance [5, 6]. The authors of these works point out that GBN does not contain an unbiased 
sampling of publications. Thus, the composition of GBN is criticized, for example, in [5]. 
The article emphasizes that the corpus suffers from a number of limitations. One of the 
distinctive problematic features they consider is the inclusion of a large number of sci-
entific publications throughout the 1900s. The result is that the corpus is overflown with 
academic vocabulary that is rarely used in everyday speech. The only GBN subcorpus 
that was not heavily affected by professional texts was the English Fiction dataset (2012). 
The authors criticize the library-like nature of GBN and call for a proper account for the 
biases of the unfiltered corpus [5, 6]. The corpus was also criticized in [7] for lacking 
metadata and data truncation and it is suggested not making general conclusions about 
the evolution of language or culture based on GBN but to make conclusions noting “as 
it is represented in Google Ngram data”. The imbalance of the corpus is also discussed 
in [8]. 

It is obvious that if there was information about the genre composition of the GBN 
corpus for each year, this would greatly facilitate researchers’ work. However, the cre-
ators of the corpus do not provide such information. In [9], estimates of the genre 
composition of the Russian subcorpus of GBN were proposed. However, the algorithm 
proposed in [9] is based on the frequency analysis of only 105 words, which reduces the 
reliability of the results obtained in the work. 

Automatic genre identification is one of the acute problems of computational lin-
guistics and related disciplines. Many investigations have been already conducted in this 
field. A detailed overview of different methods and approaches to automatic genre anal-
ysis is presented in [10]. The previous methods use support vector machines (SVMs) 
[11], discriminant analysis [12], and Naïve Bayes algorithm [13] and others. Devel-
opments in NLP allowed researches conducting experiments using word embeddings 
and neural networks for genre identification [14–16]. Recently, Large Language Models 
have revolutionized NLP and showed significant improvements in genre classification 
[17–19]. 

As for GBN, there is no access to its texts and the above-mentioned approaches 
cannot be applied. If the GBN texts were available, it would be possible to use existing
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algorithms to identify their genres and calculate the percentage of texts of each genre. 
Instead, it is necessary to directly determine the percentage of texts of different genres 
using the information available in the public domain. Therefore, in this paper, we propose 
an algorithm for estimating the genre composition based on the analysis of frequency 
statistics for a wide range of vocabulary. To train the model, we use The Corpus of 
Historical American English (COHA) which provides information about the genre of 
each of the texts included in the corpus. 

2 Data and Method 

2.1 Corpus of Historical American English 

To train the model, we used the Corpus of Historical American English (COHA) [20, 
21], created by an American researcher Mark Davis. COHA is currently the largest well 
marked diachronic corpus of the English language. It contains 400 million words in 
100 thousand texts which date from the 1800s to the 2000s. Compared to the GBN, 
COHA is a small corpus, however, it has other undeniable advantages. It is filtered and 
balanced by genre from decade to decade including texts from fiction, popular magazines, 
newspapers and non-fiction books. The texts are marked by genres in accordance with 
the classification of the Library of Congress of the United States. COHA is carefully 
lemmatized and tagged for part-of-speech. Being not just a text archive but a carefully 
structured and balanced corpus, it allows for a wider range of studies of changes in lexis, 
morphology, syntax, semantics and American society than other historical corpora of 
American English or text archives. 

COHA texts are marked by four genres, which are Fiction, Magazine, News and Non-
Fiction. Fiction texts are presented by scanned fiction books, movie and play scripts from 
COCA, Project Gutenberg, and Making of America. Magazine data include texts from 
magazines balanced across ten magazines [21]. News genre is presented by texts from 
newspapers. Non-fiction texts include non-fiction scanned books and texts form Project 
Gutenberg, COCA and www.archive.org. 

M. Davis [21] points out that “starting in the 1860s, we have very good genre balance 
from one decade to the next”. For earlier years, the corpus lacks news texts. Therefore, 
to perform our work, we used the corpus texts for fifteen decades, that is, for the years 
1860–2009. 

2.2 English Subcorpora in Google Books Ngram 

The Google Books Ngram corpus includes four English subcorpora. First, there are 
the American and British English subcorpora. Second, there is the Common English 
subcorpus which includes all texts in English. Finally, there is a separate English Fiction 
corpus. Despite its name, the English Fiction subcorpus apparently includes more than 
just fiction books, as it contains a large number of specialized scientific, technical, and 
medical terms. Table 1 shows the size of the English subcorpora in the 2nd and 3rd 
versions of Google Books Ngram. All results presented below, unless otherwise stated, 
refer to the 3rd version of the corpus.

http://www.archive.org


274 V. Bochkarev et al.

Table 1. The size of the English subcorpora in Google Books Ngram. 

Subcorpus The  size  of  the  3rd version, bln of words The size of the 2nd version, bln of words 

Common 1997.5 468.5 

American 1167.2 356.0 

British 337.0 130.2 

Fiction 159.0 64.5 

A serious limitation of the corpus is that there is no access to its texts. As it was 
mentioned above, it contains only statistics on word and n-gram usage. Also, there is no 
information about the genre composition of GBN. The only known thing is that the corpus 
includes a significant percentage of book ever published, therefore, it contains books of 
all genres. As the corpus uses book texts, it does not contain news texts (unlike COHA). 
However, there are books devoted to social and political acute issues which lexicon is 
close to news texts. Using search tools shows that GBN also includes magazine texts. 

2.3 Training Samples 

The model is constructed as follows: a vector of relative word frequencies is fed to the 
input, and a vector of percentage of texts in each genre is obtained at the output. Thus, 
the first step is to decide on the list of words. Firstly, the list included words consisting 
of letters of the English alphabet with the possible exception of one apostrophe. Abbre-
viations with one dot at the end were also allowed (Mr., fig., etc.). Secondly, we selected 
words that occurred in the COHA corpus in at least 12 decades out of 15. This was done 
to obtain a list equally representative of each decade for the period under study. The list 
obtained in this way included 60,910 words. Of this number, 275 were abbreviations 
with a dot. Experiments were conducted with both the full list and a truncated list without 
abbreviations (60,635 words). 

It is obvious that frequencies of different words are informative to different degrees. 
Many words, such as function words, are found in the texts of all four types. Therefore, 
we also prepared truncated lists of the most informative words. For this purpose, the 
value of mutual information between the presence/absence of a word in a text and the 
belonging of this text to a particular genre was calculated for each word in the large list. 
For each word, a 2 × 4 probability matrix of presence or absence of this word in texts of 
each of the four genres was calculated. Then, the mutual information was also calculated. 
10% of the words with the highest values of mutual information were selected. In this 
way, two lists were obtained: 6,091 words (including abbreviations with a dot) and 6,065 
words (excluding abbreviations with a dot).

Random subsamples of texts from the COHA corpus were used to train the models 
(similar to the bootstrapping procedure [22]). The model needs to work correctly with 
a wide range of percentage of texts of different genres, so the sample must contain 
examples in which these percentage vary within wide limits. The average size of text 
collections was set at 7 million words. First, the target percentages of texts of different 
genres were set for each example. To do this, random divisions of a unit segment into



Estimation of the Genre Composition of the English Subcorpus 275

4 parts were generated. After that, a random sample of texts of each type was selected 
to obtain the specified size. In this case, repeated selection of texts was allowed. Based 
on the corpus data, 1000 such random sets of texts were generated for each of the 15 
decades. This was done so that the model could be trained to work with data for the entire 
time interval of 1860–2009. A total of 15,000 random samples of texts were obtained in 
this way. For each of them, the relative frequencies for the given list of words and the 
percentage of texts of each of the four genres were calculated. 

2.4 Cross-Validation Procedure 

To control the reliability of the obtained results, a cross-validation procedure was used. 
We independently trained 15 models on different training subsets and compared the 
obtained results. The training subsets was divided into 6 groups, of which 4 groups were 
used each time to train the model, and 2 groups for testing it. There are 15 different 
ways to select 4 groups out of 6. Thus, we obtained 15 ways of division into a training 
and testing sets in a two-to-one ratio. Having trained a model independently on each 
of these subsets, for each example we obtained 6 models (out of 15) for which this 
example was in the test sample and was not used in the training process. This makes it 
possible to calculate the standard deviation of the obtained estimates. Moreover, one can 
additionally increase the accuracy for neural network models by averaging the outputs 
of those independently trained models for which the example was in the test sample. 

2.5 Linear Model 

Linear and neural network estimates of the genre composition were tested. In the linear 
model, the vector of estimates p(g) percentage of the genre g is sought in the form (1): 

p(g) = FH x(g ) (1)

Here F is an n × M matrix of relative frequencies of the selected words in each example, 
n is the number of words in the list, and M is the number of examples. x(g) denotes the 
n-dimensional vector of model coefficients for genre g, p(g) is the M-dimensional vector 
of estimates of the percentage of text for genre g in M examples. As the model has a 
high dimensionality, we use L2 regularization. Thus, the model coefficients are found 
by minimizing the following function: 

p(g) − FH x(g) 2 + λ x( g) 2
(2)

From here we obtain the formula for the model coefficients: 

x(g) = FH F + λI 
−1 

FH p(g) (3)
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2.6 Neural Network Model 

In addition to linear classifiers, we also used direct propagation neural networks (multi-
layer perceptron). The network input is a vector of word frequencies normalized to a unit 
sum (with dimensions from 6,065 to 60,910, depending on the selected list of words), 
and estimates of the percentage of texts of each of the 4 genres are taken from 4 outputs. 
The network architecture was chosen based on the results of preliminary experiments. 
For all classifiers, a network with 4 internal layers of 64 nodes with the ReLU activation 
function and the output layer of 4 neurons with softmax activation were used to ensure 
the total percentage of all genres equal to 100% [23]. Training was carried out according 
to the criterion of minimum mean square error. 

The training was performed by the Adam algorithm with a learning rate of 5 · 10–4, 
the L2 regularization weight was from 8.4 · 10–8 to 1 · 10–6 depending on the length 
of the word list. The stopping criterion was 30 steps without an absolute change in the 
mean square error by 1 · 10–6. Trying to increase the number of hidden layers and the 
number of neurons in the layer did not improve the quality of the model. Stochastic 
gradient descent was also tested as a training algorithm, and the dropout method [23] 
was used as a regularization method. However, all these algorithms provided slightly 
worse results. To build and train the described neural network, the TensorFlow and Keras 
machine learning libraries were used [24, 25]. 

3 Results 

3.1 Results for COHA 

All linear models showed high accuracy on the test set. Standard deviation of error for 
different models and genres is within the range 2.1–2.39%. At the same time, linear 
models independently trained on different subsets of examples show high degree of con-
sistency with each other. The correlation coefficients between the estimates for different 
models on the intersecting part of the test samples are within the range from 0.9991 to 
0.9996. Table 2 shows the root mean square difference in estimates of the percentage of 
texts of different genres obtained by different models (selected from 15 independently 
trained on different subsets of training examples). The table shows the results for 4 
groups of models that differ in the number of words in the list (see Sect. 2.3). 

Table 2. Root mean square differences of estimates on the intersecting part of test samples for 
independently trained models. 

Model (number of words) Root mean square difference, % 

60,910 0.54 

60,635 0.53 

6,091 0.76 

6,065 0.78
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Therefore, we further synthesized 4 linear models, in each case averaging the 
coefficients of the models independently trained on different subsets of the training 
set. 

Applying linear models not to specially generated random subsamples of texts but 
directly to COHA data by decades, we obtain even higher accuracy (see Table 3). From 
here on, the short designations of genres used in [20, 21] are adopted: FIC – fiction, 
MAG – popular magazines, NEWS – newspapers and NF – non-fiction books. 

Table 3. Standard deviation of linear estimates of percentage of texts of different genres in the 
COHA corpus, %. 

Model (number of words) FIC MAG NEWS NF 

60,910 0.078 0.096 0.064 0.046 

60,635 0.08 0.15 0.14 0.07 

6,091 0.29 0.18 0.21 0.07 

6,065 0.30 0.19 0.22 0.07 

Table 4. Standard deviation of neural network estimates of percentage of texts of different genres 
in the COHA corpus, %. 

Model (number of words) FIC MAG NEWS NF 

60,910 0.97 0.93 1.08 0.52 

60,635 0.97 0.57 1.25 0.50 

6,091 1.45 1.22 1.14 0.93 

6,065 1.61 1.31 1.47 0.99 

The standard deviations of the estimates in this case are lower than in the test sample 
because the corpus size varies over decades by 20–35 million words, and is thus much 
higher than that of the examples in the test sample. 

Neural network models showed slightly lower accuracy on the test sample (standard 
deviation varied from 2.41 to 2.76). Table 4 shows the standard deviations of neural 
network estimates based on the COHA corpus data over decades. 

Thus, it can be seen that on the COHA data, neural network models are somewhat 
inferior to linear models in accuracy. Of the four neural network models, the best results 
were shown by the model with the input vector dimension of 60,635 (the full list of words 
without abbreviations with a period). Figure 1 shows the estimates of the percentage of 
the texts of different genres for this model for 15 decades (1860–2009).
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Fig. 1. Percentage of texts of different genres in COHA. The curves show the percentage in 
accordance with the corpus markup; the markers show the values of the estimates obtained by the 
neural network model. 

3.2 Results for Google Books Ngram 

Having trained and tested the models, we applied them to the Google Books Ngram 
data. Frequency data on the words from the list were extracted from the corpus for each 
year from 1860–2019 and fed to the neural network input. Figure 2 shows the neural 
network estimates of the percentage of texts of different genres in the American English 
subcorpus of GBN. From here on, we show the results for the neural network model 
with an input vector dimension of 60,635, since it has the lowest range of estimates. 
Besides the smooth trends, the figure shows a response to such major events as the 1st 
and 2nd World Wars, as well as significant changes in the genre composition after 2008. 
The latter may be due to a change in the approach to replenishing the Google Books text 
collection. Increase in the percentage of fiction texts in the Russian subcorpus of GBN 
was found in [9], we revealed a similar effect in the English subcorpora. 

The actual genre composition of the GBN corpus is unknown. Therefore, one cannot 
directly find the accuracy of the obtained estimates. However, one can judge the accuracy 
indirectly, for example, by comparing the readings of several models. 

For each curve in Fig. 2, the interval of the most probable values is shown. For this, 
the standard deviations of the estimates obtained for 15 independently trained models 
were calculated and plotted on both sides of each curve. It is already clear from Fig. 2 
that despite the significantly larger size of the GBN corpus, the range of estimates for 
the GBN corpus is higher than for the COHA texts. The time-averaged values of the 
standard deviation of neural network estimates for the four GBN subcorpora are shown 
in Table 5. 

Comparing the values in Tables 4 and 5, one can see that the errors are quite large for 
the GBN corpus, especially for the percentage of non-fiction texts. The situation is even 
worse with linear estimates. For the GBN corpus, they lead to artifacts, in particular, 
in some cases they provide negative percentage values, especially for magazine and 
current-political texts.
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Fig. 2. Percentage of texts of different genres in the American English subcorpus of the Google 
Books Ngram corpus. 

Table 5. Standard deviation of the neural network estimates of the percentage of texts of different 
genres according to annual data of the Google Books Ngram corpus, %. 

Subcorpus FIC MAG NEWS NF 

Common English 0.30 0.64 0.84 2.01 

American 0.34 0.85 2.13 2.19 

British 0.29 0.63 1.01 1.30 

English Fiction 1.20 0.88 0.68 1.40

The question arises, what could be the reason for the decrease of accuracy for the 
GBN texts? Several assumptions can be made on this account. First, the creators of GBN 
and COHA used different text tokenization rules. In some cases, this may lead to a shift 
in the obtained frequencies. Further, the dot was always considered a separator in the 
GBN version, which, in particular, led to incorrect processing of abbreviations with a dot 
(abbreviations with a dot were processed correctly in COHA). Although abbreviations 
with a dot are included in the 3rd version of GBN, it is easy to see that there are many 
cases when the abbreviation and the dot were counted separately (for example, the word 
forms ‘Mr.’ and ‘Mrs.’). Apparently, for this reason, we did not obtain good results 
for the models whose word lists included abbreviations with a dot. Further, the GBN 
corpus contains book texts, and there are no news items as such. However, books on 
current political topics have a similar lexical composition, and the model classifies these 
texts accordingly. However, in the training sample this type of text was represented by 
a large number of short messages, and books from GBN that are close in topic are still 
significantly longer. Apparently, this can also be a source of errors. Another important 
reason may be that the model was trained on American English texts, and 3 out of 4 
GBN subcorpora also contain texts in British English. 
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3.3 Size of English Fiction Texts in Google Books Ngram 

Another way to judge the accuracy of the estimates of the genre composition of GBN is to 
compare the estimates obtained for different English-language subcorpora. A particularly 
favorable opportunity in this direction is associated with the presence of a separate 
subcorpus of English Fiction. Let us try to determine how many fiction texts in English 
are in GBN. It is natural to assume that the size of the corresponding subcorpus (see 
Table 1) provides an upper estimate for the number of fiction texts. However, as was 
said above, there is little doubt that this subcorpus also includes some non-fiction texts. 
Figure 3 shows the percentage estimates of texts of different genres in the English Fiction 
subcorpus. 

Fig. 3. Percentage of texts of different genres in the English Fiction subcorpus of the Google 
Books Ngram corpus. 

Fig. 4. Size of fiction texts in the Google Books Ngram subcorpora. 1 – size in the English fiction 
sub-corpus; 2 – estimated size of fiction texts in the English Fiction subcorpus; 3 – estimated size 
of fiction texts in the English Common subcorpus of Google Books Ngram corpus. 

By multiplying the percentage of fiction texts shown in this figure by the size of the 
subcorpus in a given year, we obtain the first estimate of the size of fiction texts in GBN.
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Below in Fig. 4, the corresponding dependence is marked by ‘2’, and the annual size of 
the English Fiction subcorpus is marked by ‘1’. An alternative estimate can be obtained 
either based on the percentage of fiction texts in the Common English subcorpus, or as 
the sum of the sizes of fiction texts in the American and British English subcorpora. 
The second option is questionable, since the size of the Common English subcorpus is 
significantly larger than the sum of the subcorpora of the two national variants of the 
English language. Thus, the curve marked by ‘3’ in Fig. 4 is obtained by multiplying the 
percentage of fiction texts in Common English by the size of this corpus in a given year. 

Thus, curve ‘1’ gives us an upper bound for the size of fiction texts, and curves ‘2’ 
and ‘3’ are obtained as a result of employing two methods of calculating the size of 
such texts. As can be seen, the two curves match well approximately between 1890 and 
1980, but there are significant discrepancies over the next three decades. If one sum 
up the data for the entire time interval 1860–2019, the total size of the English Fiction 
subcorpus for these years is 155.8 billion words, and the size of the Common English 
subcorpus is 1907.2 billion words. Thus, the percentage of fiction texts in these years 
should be no more than 8.17%. Summing up the estimates of the neural network model 
for the Common English subcorpus for 1860–2019 provides the percentage of fiction 
texts of 4.99%. Summing up the estimates of the neural network model for the English 
Fiction subcorpus yields a total size of fiction texts of 120.3 billion words, or 6.31% 
of the total size of the Common English subcorpus for the specified years. There is 
a certain discrepancy. Moreover, this discrepancy (by 1.32%) is close in value to the

Fig. 5. Percentage of texts of different genres in the Common English (upper figure) and British 
(lower figure) subcorpora of the Google Books Ngram corpus.



282 V. Bochkarev et al.

standard deviation of the percentage of fiction texts estimates determined by us above 
(see Table 5).

Fig. 6. Percentage of texts of different genres in the subcorpora of the 2nd version of Google 
Books Ngram. From top to bottom: Common English, American, British, English Fiction.



Estimation of the Genre Composition of the English Subcorpus 283

3.4 Plots for the Other Subcorpora 

At the end of this section, we present plots for the two remaining subcorpora of the 3rd 
version of GBN (Fig. 5), and for all four subcorpora of the 2nd version of GBN (Fig. 6). 
As can be seen, the nature of the curves for the 2nd and 3rd versions is generally similar, 
although the specific weight of various genres in these versions somewhat differs. When 
comparing the graphs, it should be borne in mind that the 2nd version provided data up to 
and including 2008. Therefore, the segment with large changes in the genre composition 
after 2008, which is typical of the 3rd version, is missing in Fig. 6. 

4 Conclusion 

The Google Book Ngram corpus, first published in 2009, has attracted much attention 
from researchers. Its English language subcorpora including texts of 16.6 million books 
published since 1470 have a total size of 2 trillion words. Due to its incredible size 
and coverage of a large time interval, the corpus is widely used in studies of culture, 
social psychology, and language evolution. However, there are also quite a few critical 
publications pointing out the limitations of Google Books Ngram. Apparently, the most 
serious limitation of the corpus is its genre imbalance and lack of information on the genre 
composition of the books included in the corpus. This seriously complicates researchers’ 
work. At that, the use of existing methods for solving the problem of genre identification 
is complicated by inaccessibility to the full texts of the Google Books Ngram corpus. 

In this paper, we presented an algorithm for estimating the genre composition of the 
Google Books Ngram corpus. To estimate the percentage of texts of different genres, we 
use data on relative frequencies for a large range of words (we conducted experiments 
with word lists including from 6 to 60 thousand words). Both linear models and multilayer 
feedforward neural networks were tested as predictors. To train the predictors, we used 
random subsamples of texts from the COHA corpus which are marked up by genres. 

Linear predictors provide estimates of the genre composition of COHA texts with 
very high accuracy, however, cope much worse with Google Books Ngram texts. Neural 
network predictors that are somewhat inferior to linear ones in accuracy on COHA texts, 
provide better estimates for Google Books Ngram. 

To assess the achieved accuracy, a cross-validation was performed by comparing the 
estimates of a group of models independently trained on different subsets of the training 
set. Based on the analysis, it can be assumed that the standard deviation of the neural 
network estimates obtained from annual data is no worse than 2–2.2%. A comparison of 
estimates of the size of fiction texts was also performed in two ways using the Common 
English and English Fiction subcorpora. The best match is obtained for the interval 
1890–1980. 

In addition to smooth trends, the constructed estimates of the genre composition of 
Google Books Ngram also show a response to major historical events such as World Wars 
I and II. It should also be noted that the genre composition has changed significantly 
since 2008, which may be due to a change in the approach to replenishing the Google 
Books text collection. The results obtained in the work may be useful for studies of 
language evolution and cultural changes based on Google Books Ngram data.
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Abstract. Audiovisual active speaker detection (ASD) in egocentric 
recordings is challenged by frequent occlusions, motion blur, and audio 
interference, which undermine the discernability of temporal synchrony 
between lip movement and speech. Traditional synchronisation-based 
systems perform well under clean conditions but degrade sharply in first-
person recordings. Conversely, face-voice association (FVA)-based meth-
ods forgo synchronisation modelling in favour of cross-modal biometric 
matching, exhibiting robustness to transient visual corruption but suffer-
ing when overlapping speech or front-end segmentation errors occur. In 
this paper, a simple yet effective ensemble approach is proposed to fuse 
synchronisation-dependent and synchronisation-agnostic model outputs 
via weighted averaging, thereby harnessing complementary cues with-
out introducing complex fusion architectures. A refined preprocessing 
pipeline for the FVA -based component is also introduced to optimise
ensemble integration. Experiments on the Ego4D-AVD validation set
demonstrate that the ensemble attains 70.2% and 66.7% mean Average
Precision (mAP) with TalkNet and Light-ASD backbones, respectively.
A qualitative analysis stratified by face image quality and utterance
masking prevalence further substantiates the complementary strengths
of each component.

Keywords: Face-voice association · Audiovisual active speaker 
detection · Egocentric recordings

1 Introduction 

Audiovisual active speaker detection (ASD) involves identifying the framewise 
speaking activity of a candidate speaker through the joint analysis of audio sig-
nals and temporally aligned face tracks [2, 11, 14, 20, 22, 27, 30]. Traditional ASD 
systems rely on modelling the temporal correspondence between speech in the 
audio signal and visual speech-related c ues—such as lip movement or cheek pos-
ture [11]—in the candidate speaker’s face track. These synchronisation-based
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
A. Karpov and G. Gosztolya (Eds.): SPECOM 2025, LNAI 16188, pp. 289–301, 2026. 
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approaches assume audiovisual alignment as a prerequisite for detecting speech 
activity; this assumption dominates modern methods [22, 24, 30, 33]. Extensions 
to this framework incorporate contextual cues pertaining to inter-speaker rela-
tionships [21, 24] and latent information describing the audible c ontext of each
scene [9], these extensions help to address multi-talker scenarios and environmen-
tal noise, respectively. However, such methods remain fundamentally contingent 
on the discernibility of audiovisual synchrony, resulting in these a pproaches still
being vulnerable to the challenges posed in egocentric settings [10, 15]. 

In egocentric recordings, e.g. captured by head-worn recording devices, such 
as smart or augmented reality (AR) glasses, synchronisation-based ASD perfor-
mance deteriorates significantly w hen compared to their performance on exo-
centric benchmarks [27]. This is largely attributed to the prevalence of visual 
occlusions, motion blur, and audio interference from o verlapping speech or envi-
ronmental noise [9, 10, 15, 17, 18, 33], all of which are common challenges in ego-
centric data. Since sychronisation-based methods require sustained discernable 
audio visual cues, these challenges significantly degrade their performance.

To circumvent these limitations, recent work by the authors of this paper has 
explored using face-voice association (FVA) for the task of ASD, as exemplified 
b y the Self-Lifting for Audiovisual Active Speaker Detection (SL-ASD) archi-
tecture [3]. Generally, FVA [7, 25, 28, 34] concerns the task of attributing pre-
segmented speaker-invariant utterances to visible identities using cross-modal 
biometric information rather than temporal alignment. The SL-ASD architec-
ture [3] builds upon this concept by adapting FVA [7] for ASD. This type of 
approach identifies and leverages transient high-quality facial frames to establish 
robust voice-face mappings, bypassing the n eed for fine-grained audiovisual cues
being consistently discernable. Prior work [3] has demonstrated robust perfor-
mance in the context of egocentric recordings achieving mAP scores close to the 
state-of-the-art despite using significantly less learnable parameters, exclusiv ely
for the task of ASD. However, it has been observed [3] that solely relying on face-
voice associations introduces two main limitations: face-voice associations falter 
during speaker-variant utterances (i.e. overlapping speech), and missed speech 
detections by the speaker-invariant front-end are harshly penalised when the 
pipeline is evaluated for ASD, holistically. These shortfalls are distinct to the lim-
itations o f synchronisation-based methods which struggle more with visual degra-
dation but typically have good recall when the speech signal is audible [9, 10, 19]. 
By leveraging the complementary strengths of these two paradigms, this w ork
extends the existing SL-ASD approach [3] and proposes a simple yet effective 
ensemble approach that combines the benefits of synchronisation-agnostic (i.e. 
FV A-based) and synchronisation-dependent methods of ASD.

More precisely, the presented system integrates two symbiotic components as 
an ensemble: (i) a synchronisation-based model t hat captures temporal audiovi-
sual correspondence [22, 30], and (ii) a speaker-invariant segmentation front-end 
paired with a FVA module, derived from prior work [3] but with refinements 
for enhanced ensemble performance. The proposed ensemble aggregates output 
probability sequences from both systems, via weighted averaging, which miti-
gates each component’s divergent failure modes. Although the ensemble mecha-
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nism is architecturally lightweight—requiring only a weighted mean fusion of two 
probability streams—its empirical efficacy demonstrates that synergistic modal-
ity insights can be leveraged without complex cross-model attention o r gating
networks. This simplicity encourages easier deployment on resource-constrained
wearable devices.

Contributions: 

1. A lightweight late-fusion ensemble method for ASD that combines synchro-
nisation-based and FVA-based models, i mproving robustness under visual
occlusion and audible noise.

2. A refined preprocessing pipeline for SL-ASD to optimise ensemble perfor-
mance.

3. Empirical validation on Ego4D-AVD: the ensemble achieves 70.2%  and  66.7% 
mAP for two synchronisation-based components (TalkNet and Ligh t-ASD),
marking a new state-of-the-art in the domain of egocentric ASD.

4. Qualitative analysis of performance including granular evaluations stratified 
by Face Image Quality Assessment (FIQA) and randomised utterance mask-
ing prevalence to demonstrate the vulnerabilities and strengths of each com-
ponent of the ensemble.

2 Methodology 

This section first provides a brief overview of the typical single-candidate syn-
chronisation-based paradigm used for ASD in Subsect. 2.1, and then describes 
the FVA-based approach to ASD used by this work in Subsect. 2.2. Finally, the 
details of the proposed ensemble method, which effectively combines the t wo
synergistic approaches, are presented in Subsect. 2.3. 

2.1 Synchronisation-Based Approach to Active Speaker Detection 

Conventional single-candidate ASD systems operate by assessing the temporal 
alignment between cues indicative of speech in a given face track signal and the
concurrent audio signal as illustrated in Fig. 1. 

A  face  track  VS = {VS,1,  .  .  .  ,  VS,T } is defined as a sequence of T contiguous 
bounding box face crops VS,t ∈ RH×W of height H and width W , centred on a 
single candidate speaker S and the concurrent audio signal is defined as a vector
of TA waveform samples a ∈ R

TA (note that TA differs from T due to frame rate
differences in audio and video modalities).

First, an audio encoder processes the audio signal a, and a video encoder 
processes face tracks VS , each producing an embedding with shared dimensions. 
Specifically, the audio branch yields FA ∈ RT ×d and the video branch yields 
FV ∈ RT ×d,  where  d is the embedding dimension of the respective encoders.
These two embeddings are then fused to create a single multimodal repre-
sentation FAV. Common fusion operations include channel-wise concatenation,
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Fig. 1. Typical synchronisation-based single-candidate approach to ASD [22, 30]. 

element-wise summation [22], or attention-based weighting [30]. Regardless, FAV 

encodes both audio and visual information at each video-frame.
Finally, a temporal decoder (e.g. a lightweight transformer or temporal convo-

lutional network) is applied along the T dimension of FAV to model longer-range 
dependencies in speech activity. A frame-wise classification head then produces 
probabilities indicating whether the candidate is active at each video-frame. This
pipeline—embodied by architectures such as TalkNet [30] and Light-ASD [22]— 
relies fundamentally on audiovisual synchrony, requiring high-quality lip motion 
and clean audio to be consistently available for accurate detection.

2.2 Face-Voice Association for Active Speaker Detection 

The face–voice association approach to ASD replaces the need for explicit audio-
visual synchronisation-based modelling by leveraging cross-modal biometric cor-
respondence. This paper follows prior work, specifically the SL-ASD architecture
[3], but deviates in terms of preprocessing implementation which has been opti-
mised by this study for the ensemble approach described in Subsect. 2.3. Hence, 
the  method  proposed  here  will  be  denoted  as  S  L-ASD†, which is outlined as
follows.

Front-End Segmentation and Embedding. Let C denote the set of video 
clips in a given dataset. First, an off-the-shelf speaker-diarisation front-end [4] 
is applied to the audio signal ac of each clip c, segmenting each clip into a 
set of speaker-invariant utterances. Each utterance uc,i is then embedded by a
pretrained speaker-recognition model [12] yielding an embedding uc,i ∈ RdS for 
all utterances, where dS is the embedding dimension of the speaker recognition 
model. Collectively, these embeddings form U = uc,i | c ∈  C,  i  =  1,  .  .  .   ,  Nc ,
where Nc is the number of utterances in clip c. For this segmentation, the Pyan-
note Audio diarisation model [4] is used because of its robust performance in the
task of audio-only diarisation [32].
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Additionally, every face-crop image VS,T in the dataset is embedded by 
a pretrained face-recognition model [29] yielding a hierarchical set of face-
recognition embeddings X = Xc,s | s ∈  Sc,  c  ∈  C  , where each matrix 
Xc,s =  [xc,s,1, xc,s,1, ..., xc,s,Tc,s

] contains face embedding vectors per speaker 
s in clip c and different Xc,s may be of different size due to variability of frames 
Tc,s per clip an d speaker. Sc is the set of visible identities in clip c, and Tc,s is
the number of frames for identity s in clip c.

Self-Lifting for Active Speaker Detection. During training, the audio com-
ponent of each batch consists of several speaker-embeddings uc,i sampled from 
U ensuring each utterance was taken from the same clip and spoken by the same 
identity (as per groundtruth annotation). During inference, since groundtruth 
annotation for utterance identity is not available, the audio component of each 
batch is simply a single speaker embedding. For both training and inference, 
the visual component of each batch comprises Xc,s |  ∀s ∈  Sc, ,  wh  ere c refers
to the clip from which the speaker embedding(s) in the audio component of the
batch were taken from. Each component of the batch is then fed through the rel-
evant branch of the pretrained Self-Lifting [3]  model,  resulting  in  U ∈ RNu×d 

and Xc ∈ R|Sc|×(maxs∈Sc Tc,s)×d, from the audio and visual branches, respec-
tively. Here, Nu denotes the number of utterances in the audio component of 
the batch, which is set to 1 during inference. To account for variable visual 
quality—common in egocentric footage—a lightweight transformer encoder is 
applied over each sequence dimension (frame dimension) for each visible iden-
tity in Xc. Through its self-attention mechanism, low-quality frames (e.g. blurred 
or occluded) are d own-weighted, and the resulting sequence is mean-pooled to
produce a single quality-aware face-recognition embedding for each identity in
the visible component of the batch, resulting in Xc ∈ R

|Sc|×1×d.
Finally, cross-modal association scores are computed by measuring similarity 

between the embedded utterance and each aggregated face-recognition embed-
ding in the video component of the processed batch, as illustrated in Fig. 2. 
Specifically, scaled dot-product cross-attention is used to produce a matching 
probability that a given utterance was spoken by each visible identity. This pure 
face–voice association pipeline thus attributes each speech segment to the most
likely visible identity, relying only on biometric consistency rather than audio-
visual synchrony.

2.3 Ensembling Synchronisation-Based and FVA-based Approaches 
to Audiovisual Active Speaker Detection 

While synchronisation-based (cf. Subsect. 2.1) and FVA-based approac hes
(cf. Subsect. 2.2) offer complementary strengths, each exhibits vulnerabilities 
under challenging audiovisual conditions when used in isolation. To mitigate 
these limitations, an ensemble strategy is employed which fuses predictions from
both paradigms by averaging their respective probability sequences.

Let psync ∈ [0, 1]T denote the frame-level speaking probabilities predicted 
by a synchronisation-based model for a given face track. Let passoc ∈ [0, 1]T
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Fig. 2. SL-ASD† framework. Colours indicate modality. Bars adjacent to faces on the 
right indicate probability of a face-voice match.

denote the probability sequence derived from the FVA-based model for the same 
hypothesis track as in psync.  Forming  passoc is acheived by projecting the face-
voice matching probability uniformly across all concurrent frames in each face 
track that temporally overlaps with the given utterance. The final ensemble 
prediction pens is then computed via framewise weighted mean averaging, where
α is a mixing coefficient determined empirically:

pens = αpsync + (1 − α)passoc. (1) 

This late-fusion scheme requires no additional training and yields a probability 
sequence that integrates both dynamic synchronisation cues and cross-modal bio-
metric consistency. The resulting ensemble consistently outperforms either c on-
stituent method when used in isolation, particularly in scenarios with degraded
visual quality or non-frontal faces (cf. Subsect. 4.1). 

3 Experiments 

This section briefly introduces the egocentric Ego4D dataset used in this work
in Subsect. 3.1, the implementation details in Subsect. 3.2, and the evaluation 
metrics used throughout in Subsect. 3.3. 

3.1 Ego4D Dataset for Egocentric Audiovisual Diarisation 

The Ego4D dataset [15] comprises egocentric video recordings, totalling 572 
unique clips each lasting five minutes in duration, some of which were captured 
simultaneously. The data was obtained using various wearable devices using
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1080p video. The audio signals are standardised to a single-channel in 16 kHz 
format. Video-frames were recorded at 30 Hz. The dataset reflects real-world 
conditions – featuring fluctuating lighting, frequent occlusions, and continuously 
changing viewpoints – making it a particularly demanding testing scenario for 
ASD. Ego4D-AVD is divided into three non-overlapping folds: 379 clips for train-
ing, 50 for validation, and 133 for testing. Because test labels are withheld, the 
original training set w as further split by this work into 110 clips for model
training and 23 for development, preserving the reserved validation set for final
evaluation. Splits were created to ensure that no individual appears in more than
one fold.

3.2 Implementation Details 

Synchronisation-Based Models. For this component of the ensemble two 
different ASD systems were used as baselines, namely TalkNet [30] and Light-
ASD [22]. These architectures were implemented under the exact configurations 
and hyperparameters specified in their original manuscripts apart from the train-
ing duration. Each model was trained independently 10 times for 30 epochs, and 
the checkpoint achieving the best performance on the development-set of Ego4D 
was s elected. Finally, the selected checkpoints were employed to generate the
synchronisation-based predictions incorporated into the ensemble.

Self-Lifting for Audiovisual Active Speaker Detection. The SL-ASD† 
implementation was similar to that described in [3]. Specifically, the front-
end utterance segmentation was performed on a clipwise basis using the
Pyannote.audio-speaker-diarization-3.1 system [4] to extract speaker-invariant 
utterances. Speaker-recognition embeddings were obtained from t hese utter-
ances using the ECAPA-TDNN [12] model, pretrained on VoxCeleb2 [8]. Face-
recognition embeddings were extracted from all face-track frames in the dataset
via Inception-V1 [29] pretrained on VGG-Face2 [5]. For finetuning of the Self-
Lifting audio and video encoder branches, the model was instantiated w ith the
implementation described in its original manuscript [7], except the number of 
cluster centroids, which was reduced to 50 to better reflect the number of dis-
tinct identities present in Ego4D. In the ASD adaptation (SL-ASD [3]), all orig-
inal framework parameters were frozen, and only the transformer encoder, the 
cross-attention module, and the feed-forw ard layer were trained explicitly for
ASD (cf. Fig. 2). During training, each batch’s audio component comprised all 
utterances for a single clipwise identity, while its video component included all 
face-track frames for every visible identity in the clip; during validation and 
inference, the audio component was limited to single utterances. Optimisation 
was carried out using Adam with an initial learning rate of 1× 10−5, decayed by
a factor of 0.2 every 5 epochs, and a single transformer layer with four attention
heads was employed for both the encoder and cross-attention.
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Face Quality Assessment. To perform a granular evaluation of the vari-
ous approaches to ASD considered by this work (cf. Subsect. 4.2), a method 
to quantify the visual quality of the frames in each face-track was employed. 
In analogy to the well-established domain of Face Image Quality Assessment
(FIQA) [16, 23, 31], the per-frame recognisability of the candidate speaker was 
inferred via the confidence score produced by the pretrained M ulti-task Cas-
caded Convolutional Neural Network (MTCNN) face detector [35]. Specifically, 
every cropped face image in a groundtruth track was passed through MTCNN, 
and the resulting detection probabilities were recorded. These per-frame scores 
were then averaged to yield a single, track-level quality metric.

3.3 Evaluation Metrics 

For holistic evaluation, each system is evaluated for ASD using the C artucho
object detection mAP metric [6], which is in alignment with the mAP protocol 
established by the PASCAL VOC2012 challenge [13]. This evaluation strategy 
is consistent with the framework adopted by t he Ego4D audiovisual diarization
challenge [15] and is widely employed in recent ASD research [9, 10]. Owing to 
the absence of ground truth annotations for the test folds in Ego4D, all results 
are reported on its validation folds, in accordance with prevailing conventions
in the literature [1, 2, 9, 20, 24, 33]. The validation fold is exclusively reserved for 
testing purposes and are not used during model dev elopment. For the evaluations
presented in Subsect. 4.2, the problem is reformulated as a binary classification 
task, with metrics computed using the scikit-learn [26] implementation of a verage
precision.

4 Results 

4.1 Comparison with State-of-the-Art Methods 

To assess the efficacy of the proposed ensemble, its performance is ev aluated
holistically against leading ASD systems. Table 1 summarises mAP and parame-
ter counts for each method on the validation fold of the Ego4D-AVD benchmark.

When fused via weighted averaging, the synchronisation-based TalkNet 
model in conjunction with the face–voice association-based SL-ASD† model yield 
a combined mAP of 70.2%, outperforming both individual baselines (TalkNet: 
51.0%; SL-ASD: 60.7%) by a substantial margin. Crucially, this gain cannot be 
attributed merely to increased model capacity. This is illustrated by compar-
ing the performance of an ensemble of two synchronisation-based approaches 
(TalkNet + Light-ASD) of 64.1% with that of Light-ASD + SL-ASD† of 66.7%. 
While the f ormer yields a significant improvement over its respective baselines, it
still exhibits weaker performance than the latter, despite requiring significantly
more learnable parameters. This indicates that combining synchronisation-based
approaches with FVA-based approaches leverages truly complementary cues.

Moreover, the TalkNet + SL-ASD† ensemble establishes a new state of the
art, surpassing the recent LoCoNet [33]  model  by  1.8% absolute mAP while
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Table 1. Comparison with state-of-the-art ASD systems on the validation fold of 
Ego4D.“ASD Params. [M]" denotes the number of learnable-parameters each system 
uses exclusively for the task of ASD. All values a re taken from published literature
except ensemble approaches. SL-ASD† indicates the modified implementation of SL-
ASD [3] 

Model Ensemble mAP [%] ASD Params. [M]

TalkNet [ 15] ✗ 51.0 15.1 
Light ASD [10] ✗ 54.3 1.0 
SL-ASD [ 3] ✗ 59.7 0.4 
SPELL [ 18] ✗ 60.7 > 22.5 

LoCoNet [ 33] ✗ 68.4 33.5 
Light ASD + TalkNet ✓ 64.1 16.1 
Light ASD + SL-ASD†✓ 67.1 1.4 
TalkNet+SL-ASD† ✓ 70.2 15.5 

using fewer than half of its learnable parameters exclusively dedicated to ASD. 
This demonstrates that simple late fusion of heterogeneous ASD paradigms can 
yield superior a ccuracy-efficiency trade-offs compared to monolithic architec-
tures, even those that effectively leverage contextual information.

4.2 Qualitative Analysis 

To further investigate the hypothesis that FVA-based models leverage informa-
tion complementary to that of synchronisation-based approaches, a stratified 
evaluation was conducted. F ace tracks were grouped into discrete bins based on

Fig. 3. Comparison of synchronisation-based (TalkNet [30] pink bar), FVA-based ( SL-
ASD [3], green bar), and ensemble-based (blue bar) approaches to ASD, evaluated on 
strata of equal size (each comprising tracks with similar average face quality scores). 
Lower face quality scores indicate tracks with greater visual distortion or occlusion.
Irregular face quality score incrementation is due to a non-uniform distribution of
trackwise visual quality.
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their average face quality scores, enabling a detailed analysis of model perfor-
mance under varying degrees of visual degradation, including factors such as
blur, occlusion, and suboptimal lighting conditions.

The results of this evaluation, shown in Fig. 3, reveal that synchronisation-
based models, as speculated [3, 9, 10], exhibit a significant decline in performance 
as face quality deteriorates. This sensitivity is attributed to their reliance on pre-
cise visual cues—particularly lip movements and cheek posture [11]—that must 
be consistently discernible throughout the duration of the face track. In con-
trast, the FVA-based model, SL-ASD†, demonstrates a more stable performance 
across all quality bins. Its robustness stems from the ability to identify and utilise 
even a limited number of high-quality frames within a sequence. The transformer 
encoder within SL-ASD† effectively down-weights lo w-quality frames and empha-
sizes those that are most informative for identity recognition. This mechanism
allows the model to maintain reliable speaker attribution despite transient visual
distortions.

Conversely, Fig. 4 conveys the effect of audio degradation on each approach. 
As the probability of randomised utterance masking is increased, only a modest 
reduction in average precision is exhibited by the synchronisation-based model, 
owing to its ability to leverage cross-modal information, in this case video, when 
the audio is obscured. By contrast, a steeper decline is observed for the face– 
voice association–based SL-ASD†, since uninterrupted utterance segments are 
required by its speaker-invariant front-end for robust speaker embedding extrac-
tion. Crucially, higher overall performance across all masking levels is main-
tained by the ensemble approach, which leverages both streams to compensate
for audio distortions that would otherwise impair face–voice association. These
findings further substantiate that synchrony-dependent and synchrony-agnostic
paradigms leverage complementary information for ASD.

Fig. 4. Comparison of three approaches to ASD on the Ego4D validation set:
synchronisation-based (TalkNet [30], pink bar), FVA-based (SL-ASD [3], green bar), 
and ensemble-based (blue bar) methods. The evaluation is performed with randomised 
masking applied specifically to utterance regions within the audio signals, simulating
various levels of audio signal degradation.
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5 Conclusion 

In this work, a lightweight late-fusion ensemble for ASD was proposed, com-
bining synchronisation-based and FVA–based models to enhance robustness 
under visual occlusion and audio interference. The preprocessing pipeline of 
SL-ASD was refined to optimise its integration within the ensemble, leading 
to consistent performance gains. Empirical validation on the Ego4D-AVD vali-
dation set demonstrated that the ensemble attains 70.2%  and  66.7%  mAP  when  
paired with TalkNet and Light-ASD backbones, respectively—establishing a new 
state-of-the-art in ASD. Finally, a qualitative analysis stratified by face quality 
and utterance masking prevalence was conducted, revealing the complementary 
strengths and failure modes of each model component. Collectively, these find-
ings substantiate that simple yet principled fusion of synchrony-dependent and
synchrony-agnostic streams can reliably mitigate modality-specific degradations
in challenging egocentric scenarios.
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Abstract. The study of speech in different emotional, psychophysiological and 
cognitive states is an important task for the development of speech systems. Cog-
nitive load is the load on a person’s cognitive system when performing a task. 
This paper analyses speech characteristics and facial features that can serve as the 
markers of cognitive load. Previous research revealed that cognitive load is asso-
ciated with increasing fundamental frequency (F0), laryngealization, narrowing 
F0 range, changing articulation rate. Cognitive load can also be recognized using 
head pose, eye gaze and facial expressions. Two experiments were conducted in 
order to study speech and facial movements under cognitive load. During the first 
experiment, the participants played a driving simulator game and answered gen-
eral knowledge questions simultaneously. Audio and videosamples were recorded. 
The information about action units (facial muscle movements) was obtained using 
Open Face 2.2.0. The results revealed that the most frequent visual characteristics 
of cognitive load are turning eyes to the right (AU62) and dimpler (AU14, the 
contraction of the buccinator muscle). In the second experiment, three episodes of 
a talk show were studied. The interviewer was driving a vehicle and conducting an 
interview as a dual task. The results showed that the most common visual mark-
ers of cognitive load are AU01 (inner brow raising), AU02 (outer brow raising), 
AU05 (upper lid raiser), AU10 (upper lip raiser), AU15 (lip corner depressor). 
The findings in both experiments suggest that cognitive load could be recognized 
by movements in the eye area and lip area. 

Keywords: Phonetics · Speech Acoustics · Phonetic and Visual Markers of 
Cognitive Load · Facial Action Coding System 

1 Background 

1.1 Cognitive Load and Working Memory 

Detecting cognitive load via speech and visual characteristics in a non-invasive way is 
an essential task in modern times, when people are overwhelmed with various kinds 
of information on a regular basis. Cognitive load might lead to particularly adverse 
consequences in human-operated systems (such as vehicles, call centres or air traffic 
control centres). These problems can be tackled by the automatic recognition of cognitive 
load and appropriate adjustment to the user’s physical and emotional condition. For 
example, an automatic system may simplify output data for a user’s request or paraphrase 
instructions for a certain procedure in less complex terms.
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One of the most perspective ways to detect the presence of the cognitive load is 
testing the speech and facial expressions when speaking. It is possible to communicate 
with the operators or the drivers and detect the change in speech characteristics and 
simultaneously mimics. The constant presence of the phones with cameras makes it an 
easy task. 

According to J. Sweller, the founder of cognitive load theory, cognitive load refers 
to the load on a human’s cognitive system during task performance. It also represents 
the amount of data that needs to be simultaneously held in working memory in order to 
complete a task [1, 2]. 

Working memory (also known as short-term memory) is responsible for the tempo-
rary storage and processing of information. The main component of working memory is 
‘central executive’ that regulates the rest of working memory constituents [3] (Fig. 1). 

Fig. 1. The model of working memory [3]. 

Visuo-spatial sketchpad is the part of working memory which process visual and 
spatial stimuli. Visual data implies objects’ appearance (e.g., colours, sizes, shapes) 
whereas spatial information refers to an object location in relation to other items and 
with navigation (spatial orientation) [3]. 

Acoustic and verbal data is stored in and processed by phonological loop. This 
working memory component can keep information only for short periods of time, but 
rehearsing sound sequences mentally helps to hold them in storage [3]. 

The fourth part of working memory is called ‘episodic buffer’. Its function is stor-
ing multidimensional information related to various senses (such as visual and sound 
information, taste, smell). Episodic buffer also enables interaction between several 
components of working memory, each of which process data from different sources. 

Since working memory has a limited processing capacity, it is essential to control 
cognitive load level in order to perform a task effectively [3].
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The Types of Cognitive Load. J. Sweller identifies the following types of cognitive 
load: intrinsic, extraneous and germane [1, 3]. 

Intrinsic cognitive load depends on the complexity of the task which is determined 
by the level of element interactivity. Intrinsic cognitive load is also influenced by the 
learner’s background knowledge and experience. 

Extraneous cognitive load is not related directly to the complexity of the task. This 
type of cognitive load is concerned with the method of presenting information to learners 
and instructing them how to complete the task. 

Germane (effective) cognitive load is closely connected to intrinsic load. The function 
of germane load is directing cognitive resources to activities relevant to the task so 
that a learner is not distracted by extraneous activities. However, extraneous load (the 
presentation of learning material and instructional procedures) can affect germane load. 
This type of load is also related to motivation. If an increase in motivation is directly 
linked to learning, it leads to an increase in germane cognitive load. In contrast to the 
other types of cognitive load, augmenting germane load has a favourable impact on 
learning. 

The present research focuses on germane cognitive load because the experiment 
consists of the main task (driving using a simulator) and a dual task (answering 
questions). 

1.2 The Speech Markers of Cognitive Load 

There are different methods of measuring cognitive load, including the analysis of voice 
and speech. 

The increase of cognitive load leads to a higher rate of opening and closing of vocal 
folds. As a consequence, subglottal pressure rises and, therefore, fundamental frequency 
(F0) increases. Cognitive load can also be characterized by laryngealization (creaky 
voice). Regarding formant values, previous research did not reveal any regularities in 
their changes under cognitive load [4, 5]. 

Huttunen et al. [6] conducted a research on the cognitive load in military pilots’ 
speech during a training session in a flight simulator. The findings showed that cognitive 
load can be accompanied by increasing mean F0, narrowing F0 range and increasing 
voice intensity (loudness). Yap [5] revealed that cognitive load can be marked by different 
parameters depending on the level of cognitive load. For example, high cognitive load 
is associated with a higher speech tempo, while medium and low levels do not generally 
cause speech tempo to change significantly. 

Berthold and Jameson [7] defined cognitive load as the effort made in order to 
perform the main task and an additional task simultaneously. The participants of their 
experiment were asked to solve the problem with the car by talking to a mechanic on 
the phone. The primary task was communicating with a mechanic. Simultaneously, the 
subjects were repairing the car, looking for the necessary tools, talking to other people. 

In the introduction to their paper, Berthold and Jameson summarize phonetic markers 
of cognitive load mentioned in previous works. It is reported that the number and duration 
of pauses increases and articulation rate (as well as speech tempo) lowers under cognitive 
load. The cognitive load recognition system presented by Berthold and Jameson is based
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on the features mentioned. Müller et al. [8] studied the effect of cognitive load on 
articulation rate under various conditions (namely, time pressure and multitasking). The 
main task for the participants of their experiment was to ask questions to an electronic 
assistant. The questions were related to the images appearing on the screen. A dual task 
was to navigate in a simulator. It was found that time pressure can lead to an increase 
of articulation rate, whereas dual task performing can result in a lower articulation rate. 
Thus, it can be concluded that speech under cognitive load can be characterized by the 
following features: 

1. Increased F0 
2. Narrowed F0 range 
3. Increased intensity 
4. Laryngealization 
5. Formant shifts 
6. Speech tempo and articulation rate variations. 

1.3 Visual Characteristics of Cognitive Load 

Research on visual markers of cognitive load is essential as cognitive load can be 
associated with head pose, eye movements and facial expressions. 

As stated in Khavylo et al. [9], the micro-movements of facial muscles might serve 
as indicators of cognitive load. During the experiment, the subjects were asked 100 
questions in total. Half of the questions were labeled as ‘complex’ and another half 
as ‘simple’. The experiment sessions were filmed. A model for evaluating question 
complexity was developed. To determine complexity, the following variables were used 
for every question and for every muscle: the time of thinking, facial movement variance 
before and after the answer, the time of answering. The average accuracy of 95,7% 
was achieved. This suggests that facial muscle movements can be reliable markers of 
cognitive load. 

The previous research also detected changes in the amplitude of muscle movements 
before answering which were not due to articulation processes. These periods of mimic 
activity before answers are considered to be indicators of cognitive load [10]. 

For describing and classifying facial expressions, FACS (Facial Action Coding Sys-
tem) is widely used [11]. This system allows to describe facial expressions in terms 
of action units. Action units denote facial muscle movements that form a certain facial 
expression. FACS is utilized for the recognition of human’s mental and physical condition 
(in particular, for cognitive load detection). 

Action units extraction from visual data can be performed using OpenFace [12]. This 
tool is designed for facial expression analysis. It enables detecting facial landmarks, 
recognizing action units, tracking head pose and eye gaze. 

There is some previous research on using visual data to enhance speech recognition. 
Ivanko et al. [13] developed the RUSAVIC (Russian AudioVisual Speech in Cars) dataset. 
It contains speech samples and audio recordings. The recordings were taken in various 
noise levels. The participants were asked to pronounce the most frequent commands to 
an in-car voice assistant. They also read aloud letters of the Russian alphabet and digits. 

Ivanko et al. [13] state that drivers’ speech recognition is essential because using 
hands to operate navigation system might lead to distraction and, consequently, to traffic
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accidents. However, detecting drivers’ physiological and mental state (including cog-
nitive load) is also a vitally important task. The probability of human error, which is 
a common cause of car accidents, rises with decreasing cognitive abilities. Cognitive 
resources in turn can be affected by stress, fatigue and other psychological and physical 
conditions. 

2 The Preliminary Experiment (Stroop Test) 

2.1 Materials and Methods 

The aim of the preliminary experiment was to compare speech under cognitive load and 
without cognitive load. 

The Stroop test [14] was used as a main task causing cognitive load. This is a 
psychological test which allows to evaluate an individual’s ability to process two stimuli 
presented simultaneously. The reaction to one stimulus should be inhibited if it impedes 
the processing of another stimulus [15]. 

Seven female students aged from 20 to 25 were presented words denoting colour 
names in which the font colour did not match the word meaning. The primary task was 
to read aloud the font colour name. Therefore, the ability to process verbal information 
(reading the word and understanding its meaning) was inhibited in order to process visual 
stimuli. As a dual task, the subjects answered questions related to their field of studies. 
The speech samples were recorded at the recording studio. 

To record speech without cognitive load, participants were asked to read aloud a 
phonetically representative text. The total duration of the recordings was 49 min 42 s. 

The F0 values and the duration values of vowels, consonants (sonorants and frica-
tives) and laryngealized segments were calculated using scripts from the SpeCT (The 
Speech Corpus Toolkit for Praat). The duration values obtained were rounded to the 
nearest whole number. 

2.2 Results 

The results of the Stroop test experiment are presented in Tables 1, 2, 3 and 4. The sounds 
with the most noticeable differences in duration under the two conditions are listed in 
the following tables. 

Table 1. The duration values of stressed vowels under cognitive load and without cognitive load. 

Under cognitive load (ms) Without cognitive load (ms) 

/i/ 87 67 

/a/ 119 82 

/o/ 96 51
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Table 2. The duration values of unstressed vowels under cognitive load and without cognitive 
load. 

Under cognitive load (ms) Without cognitive load (ms) 

/ɨ/ 132 78 

/a/ 178 68 

/i/ 331 65 

Table 3. The duration values of sonorants under cognitive load and without cognitive load. 

Under cognitive load (ms) Without cognitive load (ms) 

/m/ 119 99 

/n/ 207 52 

Table 4. The duration values of fricatives under cognitive load and without cognitive load. 

Under cognitive load (ms) Without cognitive load (ms) 

/s/ 201 89 

/s’/ 324 146 

/ž/ 175 71 

It was revealed that the duration of unstressed vowels was greater under cognitive 
load by 120 ms on average. However, these differences were statistically significant 
solely for the /i/ vowel in post-nuclear parts of phonetic words. The duration values of 
stressed vowels were also higher under cognitive load (on average, by 36 ms). As in 
the case of unstressed vowels, the results were not always statistically significant. A 
significant difference was found only regarding the /a/ vowel. 

Sonorants and fricative consonants also had a longer duration under cognitive load. 
On average, the duration of fricatives was by 120 ms greater when the speakers experi-
enced cognitive difficulties. The duration values of sonorants were higher by 85 ms, on 
average. Nevertheless, these results were not statistically significant. 

The duration of laryngealized segments was also greater under cognitive load (on 
average, by 115 ms). 

Regarding F0, the participants frequently produced rising or falling-rising intonation. 
The F0 range was, on average, by 4 semitones narrower under cognitive load than in 
reading non-final phrases in the text.



308 V. Evdokimova and M. Maksimova

3 The Driving Simulator Experiment 

3.1 Materials 

The purpose of the driving simulator experiment was to study both acoustic and visual 
markers of cognitive load as well as their interplay. 

Sixteen subjects participated in this experiment, six male and ten female. The 
participants were aged from 19 to 52, with an average age of 33. 

The subjects played a driving simulator game (“City Car Driving” [16]) on a com-
puter and simultaneously answered general knowledge questions. Some of the questions 
required listing of certain objects as a response (e.g., “What cities that start with the let-
ter ‘R’ do you know?”), while others implied a detailed answer (“Describe the water 
cycle”). 

In total, sixteen video fragments were recorded using a smartphone (one recording for 
each participant) with FullHD 1920x1080 screen resolution (mp4 format). The duration 
of the recordings varied from 7 to 13 min. The total duration of the material was 2 h 46 
min. 

3.2 Methods 

The videos obtained were processed using OpenFace [12] (version 2.2.0). The frequency 
and intensity values of action units were extracted from the recordings. Facial gestures in 
the videos were also manually annotated using ELAN as the face area was not properly 
detected by OpenFace in some cases. The sound files were transcribed automatically 
using WEBMAUS Basic. The resulting orthographic and phonetic transcriptions were 
corrected manually using Praat. Acoustic parameters were obtained using SpeCT (The 
Speech Corpus Toolkit for Praat) scripts. The duration values of sounds were rounded 
to the nearest whole number (Figs. 2, 3 and 4). 

Fig. 2. The visualization of facial landmarks, eye gaze and head pose using OpenFace 2.2.0.
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Fig. 3. Facial gesture annotation using ELAN. 

Fig. 4. Orthographic and phonetic annotation using Praat. 

3.3 Results 

Speech Parameters. The differences between sound duration with and without cog-
nitive load are presented in Tables 5, 6 and 7. The sounds with the most noticeable 
differences in duration under the two conditions are listed in the following tables. 

The differences in duration under the two conditions were the greatest in stressed 
vowels. The changes in the duration of consonants were smaller than those in the dura-
tion of vowels. Thus, cognitive load can probably be detected more effectively by the 
differences in the duration of vowels.
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Table 5. The duration values of stressed vowels under cognitive load and without cognitive load. 

With cognitive load (ms) Without cognitive load (ms) 

/i/ 179 52 

/a/ 162 90 

/o/ 118 72 

Table 6. The duration values of unstressed vowels under cognitive load and without cognitive 
load. 

With cognitive load (ms) Without cognitive load (ms) 

/ɨ/ 121 37 

/u/ 91 56 

/a/ 101 69 

Table 7. The duration values of sonorants and fricatives under cognitive load and without 
cognitive load. 

With cognitive load (ms) Without cognitive load (ms) 

/s/ 124 70 

/š/ 130 82 

/s’/ 129 88 

/l’/ 98 55 

The changes in stressed and unstressed vowels (except /a/ in post-nuclear segments) 
with and without cognitive load were statistically significant. The differences between 
the duration values were statistically significant for all the consonants listed in Table 7 
except /š/. 

Action Unit Frequency. The findings based on manual annotation showed that cogni-
tive difficulties when answering the questions were most frequently marked by averting 
eyes up to the right (AU62 + AU63, according to the FACS) or down to the right (AU61 
+ AU63). In the majority of cases, averting eyes to the right was accompanied by turn-
ing head in the same direction. The frequency values of action units found by means of 
OpenFace are outlined in Table 8. 

As shown in Table 8, cognitive load is generally accompanied by movements in the 
eye area and in the lip area. Dimpler, that draws lip corners back to the teeth, demonstrated 
the highest frequency. Regarding AU25 (lips part), this action unit might not be a reliable 
indicator of cognitive load as it might be attributed to articulation processes.
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Table 8. The seven most frequent action units (recognized automatically). 

Action unit number Action unit name Average frequency, % 

AU14 Dimpler 66 

AU05 Upper lid raiser 41 

AU04 Brow lowerer 39 

AU10 Upper lip raiser 37 

AU45 Blink 36 

AU25 Lips part 31 

AU02 Outer brow raiser 24 

Action Unit Intensity. The intensity values of action units obtained automatically are 
presented in Table 9. 

Table 9. The seven action units with relatively high intensity values (recognized automatically). 

Action unit number Action unit name Average intensity 

AU07 Lid tightener 0.912 

AU14 Dimpler 0.846 

AU10 Upper lip raiser 0.659 

AU04 Brow lowerer 0.621 

AU25 Lips part 0.566 

AU17 Chin raiser 0.512 

AU26 Jaw drop 0.464 

As shown in Table 8 and Table 9, certain facial movements (namely, AU14, AU10, 
AU04 and AU25) show relatively high values in both frequency and intensity. Dimpler 
(AU14) was in the second place in frequency and remained in the second place in 
intensity. Upper lip raiser (AU10) was the fourth most frequent action unit. Regarding 
intensity, it maintained its relative position among other action units to some extent since 
it is in the third place in intensity. A similar situation is observed for brow lowerer (AU04). 
On the contrary, upper lid raiser (AU05) was considerably frequent but demonstrated a 
relatively low intensity. In addition, the most intensive action unit, AU07 (lid tightener) 
did not show a high frequency value. Therefore, action unit intensity does not always 
correlate with frequency. 

Both tables suggest that cognitive load can be detected on the basis of facial gestures 
in the eye area and in the lip area. Dimpler, upper lip raiser and brow lowerer appear to 
be the most significant characteristics due to their high frequency and intensity.
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4 The Analysis of a Driver’s Speech and Mimics in the Wild 

4.1 Materials 

To study speech when driving and simultaneously talking in real-life conditions, three 
episodes of a talk show were analyzed. In each episode, the presenter is driving a car and 
interviewing the guest who is in the front seat next to him. Some parts of the interviews 
are set in the studio environments. 

4.2 Methods 

Firstly, all the fragments set in the car were separated from the scenes shot in the studio. 
Secondly, the scenes in which the driver is speaking were extracted from those fragments 
(FullHD 1920 × 1080 screen resolution, mp4 format). The total duration of the materials 
was  2  h  42  m  in.

The resulting videos were processed using OpenFace 2.2.0. As in the driving sim-
ulator experiment, action units were extracted from the video recordings. The driver’s 
facial expressions when driving and speaking at the same time were compared to his 
facial expressions in all the scenes showing him driving (regardless of whether he is 
speaking simultaneously or not). His speech characteristics when holding an interview 
in the car and in the studio were compared (Fig. 5). 

Fig. 5. The visualization of facial landmarks, eye gaze and head pose of a driver. 

Sound tracks were extracted from the videos. The sound files were transcribed auto-
matically using WEBMAUS Basic. The resulting orthographic and phonetic transcrip-
tions were corrected manually using Praat. Acoustic parameters were obtained using 
SpeCT (The Speech Corpus Toolkit for Praat) scripts. The duration values were rounded 
to the nearest whole number. 

4.3 Results 

Speech Parameters. The results regarding duration values in the driver’s speech are 
presented in Tables 10, 11 and 12. The sounds with the most noticeable differences in 
duration under the two conditions are listed in the following tables.
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Tables 10, 11 and 12 show that the duration of vowels and consonants increased 
when performing driving and speaking simultaneously. The mean differences between 
sound durations under the two conditions were generally higher than the results of 
the Stroop test experiment indicated. When performing a dual task, the duration of 
stressed and unstressed vowels was higher by 177 and 141 ms respectively compared 
to the interviewer’s speech in the studio. The difference between the duration values of 
sonorants under the two conditions was, on average, 132 ms. Regarding fricatives, only 
one sound of this type (/z/) showed lengthening in the presence of high cognitive load. 

Table 10. The duration values of stressed vowels under cognitive load and without cognitive load. 

Driving and speaking (ms) Speaking (ms) 

/a/ 214 85 

/o/ 302 82 

/ɨ/ 236 54 

Table 11. The duration values of unstressed vowels under cognitive load and without cognitive 
load. 

Driving and speaking (ms) Speaking (ms) 

/a/ 164 43 

/i/ 177 53 

/ɨ/ 233 54 

Table 12. The duration values of sonorants and fricatives under cognitive load and without 
cognitive load. 

Driving and speaking (ms) Speaking (ms) 

/m/ 187 56 

/n/ 174 42 

/z/ 213 74 

Unlike the findings of the Stroop test experiment, these results were statistically 
significant in most cases. The differences between stressed vowels /o/ and /ɨ/ when 
speaking in the studio and speaking while driving showed high statistical significance. 
The differences between unstressed vowels /i/ (in post-nuclear parts of phonetic words) 
and /a/ (in pre-nuclear and post-nuclear segments) were also statistically significant,
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likewise the differences in the duration of the sonorant /m/. However, the results regarding 
the sounds /n/ and /z/ were not statistically significant. 

Action Unit Frequency. The frequency values of action units obtained from all the 
scenes that show the interviewer driving regardless of whether he is speaking simulta-
neously or not are presented in Table 13. The frequency values for action units when 
driving and speaking simultaneously can be seen in Table 14. 

As shown in Table 13 and Table 14, the most frequent action unit in both situations 
was AU14 (71% when driving overall and 67% when driving and speaking simultane-
ously). Other action units with relatively high frequency under both these conditions 
were AU01, AU02, AU05, AU10, AU15 which are movements in the eye area. There 
seem to be no significant differences in the relative frequencies of different action units 
in Table 13 and Table 14. 

Table 13. The action unit frequency values averaged for all the driving scenes. 

Action unit number Action unit name Average frequency, % 

AU14 Dimpler 71 

AU05 Upper lid raiser 54 

AU15 Lip corner depressor 43 

AU01 Inner brow raiser 40 

AU10 Upper lip raiser 39 

AU02 Outer brow raiser 38 

Table 14. The action unit frequency values averaged for the fragments with simultaneous driving 
and speaking. 

Action unit number Action unit name Average frequency, % 

AU14 Dimpler 67 

AU02 Outer brow raiser 47 

AU05 Upper lid raiser 43 

AU01 Inner brow raiser 42 

AU10 Upper lip raiser 41 

AU15 Lip corner depressor 37 

Dimpler (AU14) also showed the highest frequency in the simulator experiment. 
The frequency of this action unit in the first experiment was similar to its frequency 
for speaking in real-life driving conditions (66% and 67% respectively). Nevertheless, 
some differences are observed between the results of the two experiments. Regarding
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the talk show fragments in which the interviewer was driving and speaking, AU01 and 
AU02 (inner and outer brow raising) demonstrated relatively high frequency values 
of 42% and 47% respectively. These values are approximately twice as high as the 
frequencies of these action units in the simulator experiment, which were 21% and 24%. 
Since driving in real conditions probably induces higher cognitive load than playing a 
simulator game, this difference may indicate that brow raising can serve as an indicator 
of a more significant cognitive load. 

Action Unit Intensity. The results regarding the intensity of action units in all the 
driving scenes are shown in Table 15. 

Table 15. The action units with the highest average intensity values (averaged over all the 
fragments set in the car). 

Action unit number Action unit name Average intensity 

AU14 Dimpler 1.401086 

AU10 Upper lip raiser 1.027073 

AU25 Lips part 0.840993 

AU17 Chin raiser 0.799847 

AU26 Jaw drop 0.706391 

AU04 Brow lowerer 0.680125 

The intensity values of the action units observed while driving and speaking 
simultaneously are listed in Table 16. 

Table 16. The action units with the highest average intensity values (averaged over the fragments 
in which the driver is operating the vehicle and speaking). 

Action unit number Action unit name Average intensity 

AU14 Dimpler 1.167815 

AU10 Upper lip raiser 1.014202 

AU17 Chin raiser 0.611325 

AU25 Lips part 0.541910 

AU04 Brow lowerer 0.529352 

AU26 Jaw drop 0.488872 

As shown in Table 15 and Table 16, the set of the most intensive action units was 
the same for driving overall and for speaking while driving. For both conditions, these 
action units were positioned in relation to each other in ascending order nearly in the 
same way. The only difference was in the order of AU04 and AU26. In Table 15,  AU26
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preceded AU04, whereas AU04 preceded AU26 in Table 16. When a dual task (speaking) 
was performed, the action unit intensity was generally lower compared to all the driving 
scenes in total. This might suggest that facial expressions become less noticeable at 
higher levels of cognitive load. 

5 Conclusion 

Phonetic and visual characteristics of cognitive load were studied. The findings showed 
that under cognitive load the durations of both vowels and consonants increase while 
F0 range becomes narrower. Laryngealized segments also demonstrate higher duration 
under cognitive load. When speaking and driving simultaneously, which induces higher 
cognitive load, sound durations increased to a greater extent compared to the Stroop test 
experiment. It might suggest a direct correlation between sound duration and cognitive 
load level. 

Regarding visual parameters, it was revealed that cognitive load can be recognized by 
muscle movements in the eye area and in the lip area. Dimpler, upper lip raiser and brow 
lowerer demonstrated relatively high frequency and intensity values in both experiments. 
Dimpler was the highest and the most intensive characteristic in the majority of cases, 
which can mean that this action unit is one of the most reliable markers of cognitive load. 
However, the results of the two experiments differed from each other in some respects. 
Inner and outer brow raising were much more frequent in real-life driving conditions 
while performing a dual task compared to the driving simulator experiment. Therefore, 
these facial gestures could probably be typical of higher cognitive load levels. 
Disclosure of Interests. The authors have no competing interests to declare that are relevant to 
the content of this article. 
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Abstract. This study deals with the neural correlates of internet meme percep-
tion using EEGs with a focus on prefrontal brain regions associated with complex 
cognitive and emotional processing. Twenty-one adult subjects watched memes 
and control stimuli with congruent and incongruent text-image pairs presented 
sequentially to isolate the periods of cognitive insight. Wavelet analysis revealed 
a specific pattern of brain activity around the fifth second of stimulus presenta-
tion—approximately one second after the image onset—within the alpha (11– 
14 Hz) and beta (22–28 Hz) frequency bands. This activity was localized in both 
the orbitofrontal and dorsolateral prefrontal cortices and was significantly notice-
ably more manifested for memes than for control stimuli. These results suggest 
that memes trigger neural responses associated with insight and semantic reinter-
pretation. Additionally, a language-dependent effect was observed: memes in Rus-
sian evoked greater dorsolateral prefrontal activity, while English memes entailed 
stronger orbitofrontal activation. These findings indicate that meme comprehen-
sion activates distinct neural mechanisms depending on the linguistic and cultural 
context of the viewer. 

Keywords: Internet Memes · EEG · Wavelet Transform · Insight · Humor 
Processing · Prefrontal Cortex · Orbitofrontal Cortex · Dorsolateral Prefrontal 
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1 Introduction 

Memes constitute a phenomenon that has gained significant influence over the manner 
of communication and mode of thinking in the modern world, and, what matters even 
more, it affects patterns of global international communication and, eventually, decision
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making, which leads to a conclusion that the importance of understanding the underly-
ing nature of memes is exceptionally high and underestimated. Therefore memes should 
be regarded (and are treated in this paper) as the subject of a comprehensive scientific 
study the outcome of which will eventually become necessary for the prevention of dire 
consequences that may result from the global collective subconscious mind spinning out 
of control. While pure linguistics, mathematics or information science sometimes can 
afford being merely descriptive and more a matter of art rather than science, understand-
ing of the phenomenon of memes can be deemed as important as that of the dangers 
that have emerged lately from the over-development of artificial intelligence. This is 
especially so because of the convergent and mutually fostering nature of the two, with 
the memes often being generated with the help or even by artificial intelligence, and 
the memes integrating human intelligence into artificial intelligence and not vice versa. 
Images and ideas in the generated memes are suggestive, which may mean, among all 
other aspects, that the way of thinking of the human recipients of memes may well be 
guided (or misguided) by that of artificial intelligence. This issue will probably become 
a prominent theme in our future studies. In our present-day research we concentrate on 
the phenomenon of the meme itself, on the insight in its inner neurophysiological and 
cognitive mechanisms that are the cause of its vast influence. 

In the meantime, there is not even a consistent definition of what the meme is, 
leave alone understanding the reasons of the effects it causes. What can be clearly 
observed, however, is that these effects are at least noticed. “What’s in a meme? The 
Internet proffers almost an infinity of answers, mostly by way of examples, which go 
on to teasingly court and taskingly contort definition in myriad ways, leaving meming 
an enigmatic signifier—and memes sublime objects—to say the least … Conceptually 
born into this world as an eminently adaptable element, it has to be remembered that this 
entails not only being adaptable to new conditions, but adaptable by them: the Internet 
(with its ads and apps) has, transformationally and irrevocably, adapted the meme” [3, 
17, 18]. 

Now that the meme became a subject of scientific studies, these studies had to be 
assigned a domain. In our previous research we defined “memetics as an interdisciplinary 
field of knowledge, including, as an object of study, methods of transmitting network 
information with concise monocode or polycode (creolized) ministructures character-
ized by maximum network virality and popularity” [18, p. 80]. The term can also refer 
to the subject of this field, the memes in general in the context of scientific studies. 
From our point of view, the memetics completely coincides with the functions of social 
network discourse (SND) in an enlarged sense of the word. Mention should be made of 
the main distinctive features of SND, which are also significant for understanding the 
specific nature of memetics in digital communication. Identification of the verbal and 
paraverbal aspects of the formation and functioning of the SND in the global electronic 
media environment is based on its definition as a special electronic macropolylogue, 
taking into account the following types of categories of form, content and functional
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weight[17]: a) electronic macropolylogue of a special SND form: distant; mediated; 
real-time (online) and delayed (offline); single-vector - multi-vector; monochronic -
polychronic; b) electronic macropolylog with special SND content: monotopical - poly-
topical; information-rich (high context) - not information-rich (low context); provoking 
controversy, specific actions and deeds - not provoking controversy, specific actions and 
deeds; c) electronic macropolylogue with a special SND function: informing, containing 
the message sender’s point of view; influencing, containing special linguistic means of 
influencing the recipient of the message; encouraging, with a specific goal to commit 
specific actions and deeds (particularly destructive ones, this type is implemented accord-
ing to the scheme “stimulus → pragmatic reaction in the form of a specific destructive 
action”), manipulating the consciousness of the recipient; intended for a target limited 
group of users - for an unlimited number of users; d) electronic macropolylogue with 
SND that considers factors influencing the specifics of communication: psychological 
and physiological (for example, age, gender, pathological, emotional, etc.); ethnic; socio-
economic; political and geopolitical; confessional; culturological; pragmatic; moral and 
ethical. Currently, memetics is analyzed mainly in connection with social and political 
topics, for example, in [2, 4, 10–14, 28] and others. In the above studies, polycode memes 
are the content dominant, including various manifestations of the real political life of a 
particular country. It should be emphasized that the data obtained showed the relevance 
of the meme as a pedagogical and sociological means of observation [26]. In memetics, 
there is a wide use of various codes that characterize SND types [16]. These can be 
images of chess pieces in the traditional style or images of animals, images of paintings 
and sculptures in the classical style. A special type of monocode and polycode memetics 
includes the image of a person belonging to a certain class indicative of his/her social 
status: celebrities from the artistic world, famous politicians (persons of public interest). 

The most “visited” are the meme-segments of the Internet in English, German and 
Russian. The exchange of information (in chats) using memetics is the preferred means of 
SND, as it makes it possible to respond promptly to various events with respect to morals 
and choices of today’s youth. The study we conducted on the material of three language 
segments of the Internet (Russian-language, German-language and English-American 
language) [18–22] demonstrated the huge information potential of communication in 
relation to the young users of these segments. Memetics-based SND made it possible for 
users to instantly respond to the most significant events in the world, as well as in their 
own language area. In this regard, we also studied that cognitive and neurophysiological 
re-coding of the processes in the brain reinforced by the constant and long-term use of 
the same foreign language stimuli-patterns, which leads to a change in the behavioral 
reactions of Internet users in the process of virtual network communication, as well 
as real communication [23]. Previously, we also collected a large-scale multimodal 
polycode linguistic database of memes using Big Data processing technologies and a 
deep annotation system for polycode texts [24]. 

In our previous pilot work [25] neurophysiological correlates of textual modulation 
of perception of visual stimuli using English and Russian-language memes and control 
stimuli were identified using instrumental neuroimaging methods. Memes constitute 
a very particular cross-cultural phenomenon, which is a combination of textual and
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illustrative information, and their effect on the functional state of the brain appears to be 
little studied. By demonstrating the textual and illustrative part of the memes separately 
and registering the EEG, we discovered how the text modulates the subsequent perception 
of the drawing by activating the mechanisms of visual attention. Reading the text in the 
native language caused a greater response of theta activity in the associative sensory 
areas of the cortex, which is associated with a better understanding of the meaning of the 
text. At the same time, the perception of illustrations to English-language memes caused 
a greater response of theta and alpha rhythms in most of the considered areas of the 
cortex, which reflects the processes of memory, emotional reaction and the involvement 
of large neuronal resources for the integration and understanding of the whole image of 
the meme. 

Given these preliminary results, we hypothesized that internet memes evoke distinct 
neural responses in the prefrontal cortex, reflecting processes of insight and recontextual-
ization, which differ from those evoked by control stimuli with congruent or incongruent 
text-image pairs. We further expected language-dependent differences, with native and 
non-native meme processing engaging various prefrontal regions. The aims of the study 
were to identify the temporal and spectral characteristics of meme-related EEG activity, 
localize it within prefrontal areas, and compare neural responses to memes in Russian 
and English. 

2  Metho  d

2.1 Participants 

A total of 21 individuals aged between 18 and 35 years participated in the study. None 
had a history of neurological or psychiatric ailments, hearing or vision impairments 
(corrected vision was allowed), traumatic brain injury within the prior three years, or 
were taking antidepressants at the time of the study. Additionally, participants completed 
a baseline English proficiency test and psychological screening questionnaires to exclude 
symptoms of depression and high anxiety (Beck Depression Inventory and Spielberger 
State-Trait Anxiety Inventory) on the day of the experiment. Only subjects with B1–B2 
level of English proficiency and no signs of depression according to the Beck scale 
were included in the sample. The study was conducted at the Center for Cognitive 
Psychophysiology, Institute of Higher Nervous Activity and Neurophysiology, Russian 
Academy of Sciences (IHNA & NPh RAS), and involved healthy adult volunteers. The 
study protocol was approved by the Ethics Committee of the IHNA & NPh RAS. 

2.2 Stimuli 

The first stage of the study involved choosing suitable stimuli. Internet memes of a 
particular format were sourced online: a piece of text that presented a new context and 
altered the interpretation of an accompanying image. A total of 215 meme-format images 
served as stimuli (top text in a framed box, image beneath), divided into six categories:
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Memes: 

• 45 Russian-language memes (text + image) – Memes RU ;
• 35 English-language memes (text + image) – Memes EN ;

Control Stimuli: 

• Description matches: 

– 40 Russian-language congruent control stimuli (image with contextually matching 
description) – Description matches RU; 

– 35 English-language congruent control stimuli – Description matches EN; 

• Description mismatches: 

– 30 Russian-language incongruent control stimuli (image with unrelated descrip-
tion) – Description mismatches RU; 

– 30 English-language incongruent control stimuli – Description mismatches EN. 

Memes were chosen to allow for separate, sequential presentation of the text and 
image on screen. This was necessary to temporally separate the perception of the text 
from the viewing of the image, enabling precise EEG synchronization with both events. 
Another condition was that the text alone had to be contextually incomplete; the image 
was required to complete the humorous intent. Neither the text nor the image per se should 
convey a full joke or be humorous in isolation. To ensure homogeneity of the stimulus 
set, images had to consist of a single photograph—comics or multi-frame illustrations 
were excluded. For the pilot experiment, 45 English-language and 35 Russian-language 
memes were chosen. 

As control stimuli, photographs commonly used in memes were selected. Each image 
was paired with a contextually relevant but non-humorous description. Thus, 40 control 
stimuli with Russian descriptions and 35 with English descriptions (Description matches 
RU/EN) were created. Another category of control stimuli consisted of images paired 
with unrelated descriptions in Russian and English (Description mismatches RU/EN). 
Since memes typically contain a non-literal relation between image and text (often 
forming an allegory), these incongruent control pairs helped to distinguish memes from 
entirely mismatched content. Text and image were presented sequentially to capture the 
brain’s response to each component separately. First, the text was shown for 4 s while 
the image remained blurred, followed by the image for 4 s with the text blurred (see 
Fig. 1).
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Fig. 1. Experimental paradigm: sequence of stimulus presentation and example stimuli for each 
category. 

2.3 Experimental Procedure 

First, the subjects signed informed consent and data processing agreements, then com-
pleted the preliminary English proficiency test. The experiment was conducted in a 
room isolated from external stimuli. Stimulus presentation and experimental design were 
implemented using Presentation software (Neurobehavioral Systems Inc.). A 64-channel 
EEG cap (actiCHamp, Brain Products GmbH, Germany) was applied. Calibration tri-
als were recorded with eyes open and closed, followed by pseudo-randomized visual 
stimulus presentation. First, the meme’s textual component was presented on a gray 
background for 4 s, then the corresponding image for another 4 s was shown. Each 
stimulus pair was separated by a 3–5 s inter-stimulus interval. In the control conditions,
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the context description appeared first for 4 s, followed by the matching or mismatching 
image for 4 s (Fig. 1). 

Fig. 2. International electrode placement system. 

2.4 EEG Recording 

A 64-channel EEG was recorded using a DC amplifier (BrainAmp by Brain Products 
GmbH, Germany) and Ag/AgCl electrodes arranged according to the international 10–20 
system, with FCz as the reference (Fig. 2). Data were sampled at 512 Hz; the impedance 
level was maintained below 15 kΩ. A low-pass filter at 70 Hz, high-pass filter at 1 Hz, 
and notch filter at 50 Hz were applied. The recorded EEG data were analyzed with the 
MNE-Python software package. Preprocessing steps included band-pass filtering (1– 
35 Hz) and artifact removal using Independent Component Analysis (ICA). Independent 
components were computed using the “infomax” algorithm. Topographic maps were 
generated from the demixing matrix coefficients to identify the spatial distribution of 
each component across the scalp model. 

2.5 Wavelet Analysis of EEG 

Following preprocessing, time-frequency analysis was performed with the Morlet 
wavelet transform. Signal epochs were segmented according to stimulus onset mark-
ers. A 1-s baseline interval immediately preceding the stimulus onset was used. Wavelet 
maps were averaged individually for each electrode and stimulus category. The resulting 
three-dimensional wavelet maps had frequency bands along the y-axis, covering four 
standard EEG rhythms: theta (4–7 Hz), alpha (8–13 Hz), lower beta (14–24 Hz), and 
upper beta (25–35 Hz). The x-axis represented time from the stimulus onset (0 s) to the 
end of the image presentation (8 s). The transition from text to image occurred at the 
4-s mark. Wavelet data were then averaged across two cortical regions: the orbitofrontal
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cortex and the dorsolateral prefrontal cortex, yielding a set of 3D wavelet maps for each 
stimulus category in both regions. 

2.6 Statistical Analysis 

Statistical analyses were performed using MNE-Python and Statistica (StatSoft). The 
main approach used to compare wavelet maps generated for stimulus categories was a 
non-parametric cluster-based permutation test for paired samples. This method involves 
combining data from different conditions into a single dataset, followed by random 
reassignment of trials into new subsets and the calculation of the test statistic for each 
permutation. Multiple reiteration of this process allows for the construction of a reference 
distribution, against which the observed test statistic is compared. Clusters with p < 0.05 
were considered statistically significant. 

3 Results 

3.1 Comparison of the Three Stimulus Categories Regardless of Language 

The permutation test indicated notable differences when analyzing the “memes” category 
in comparison to the two control stimulus categories at the fifth second of stimulus 
presentation. These differences were identified in the 11–14 Hz and 22–28 Hz frequency 
bands (the second harmonic), in both the orbitofrontal and dorsolateral prefrontal cortices 
(see Fig. 3; the significant cluster is marked with a yellow frame). 

3.2 Comparison of the “Meme” Category in English and Russian 

In the subsequent phase, we analyzed the cluster identified previously, which focused 
on meme perception and not observed for control stimuli. We compared its activation 
across the two language conditions (Russian and English) in both the orbitofrontal and 
dorsolateral prefrontal cortices. At the fifth second of stimulus presentation, meme per-
ception in Russian triggered significantly greater amplitude activity in the dorsolateral 
prefrontal cortex, whereas meme perception in English showed significantly greater 
amplitude activity in the orbitofrontal cortex (see Fig. 4).
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Fig. 3. Three-dimensional wavelet maps illustrating the dynamics of brain activity in the 
orbitofrontal and dorsolateral prefrontal cortices during the perception of the textual (1–4 s) and 
visual (4–8 s) components of the stimulus. Averaged maps are shown for the three stimulus cat-
egories (averaged across languages): control stimuli with congruent descriptions, incongruent 
descriptions, and memes. Clusters that differ noticeably from the control stimuli during meme 
perception are shown in yellow frames.
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Fig. 4. Three-dimensional wavelet maps illustrating the dynamics of brain activity in the 
orbitofrontal and dorsolateral prefrontal cortices during the perception of the textual (1–4 s) and 
visual (4–8 s) components of the stimulus. Averaged maps are shown for memes in Russian (top 
panels) and English (bottom panels). Regions showing greater amplitude activity for each language 
category, within the previously identified cluster, are shown in yellow frames. 

4 Discussion 

The aim of the present study was to identify distinct patterns of brain activity linked to 
the perception of internet memes, as opposed to control stimuli, within two regions of 
the prefrontal cortex involved in higher-order cognitive processing. The control stim-
uli – including either congruent or incongruent descriptions – were introduced to distin-
guish the general effect of text-image incongruity from the more complex mechanism of 
insight-based humor, where the text generates a new interpretative context for the image. 
To pinpoint the temporal dynamics of insight formation, we separated the presentation 
of textual and visual components. We hypothesized that insight – the recognition of 
the hidden, often humorous meaning – would occur approximately 0.5 s after the onset 
of the visual stimulus. Our findings supported this assumption: specific neural activity 
patterns emerged around the fifth second of stimulus presentation, which corresponded 
to about one second after the image was revealed. These patterns were notably absent 
in control conditions.
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This observed activity was localized in both the orbitofrontal cortex (OFC) and the 
dorsolateral prefrontal cortex (DLPFC). These findings align with previous studies ana-
lyzing these regions in the processing of humor, insight, and emotional evaluation. The 
OFC has been associated with reward processing and affective valuation [8], including 
the appreciation of humor [29], while the DLPFC plays a central role in cognitive con-
trol, integration of abstract information, and restructuring of mental representations—all 
critical for insight-driven problem solving [6, 9]. Interestingly, language-specific differ-
ences were observed in the distribution of this insight-related activation. Russian memes 
evoked greater DLPFC activity, whereas English memes evoked greater activation in 
the OFC. A potential explanation for this distinction is that processing a meme in one’s 
native language (Russian, in this case) involves more extensive cognitive elaboration and 
conceptual integration - processes typically mediated by the DLPFC. In contrast, when 
processing memes in a second language (English), subjects may rely more on emotional 
and heuristic processing, which leads to increased involvement of the OFC, which is 
known for its role in rapid affective evaluations and integration of socially relevant cues 
[1, 27]. 

This dissociation may also reflect differential cognitive strategies depending on lan-
guage proficiency. Non-native language processing has been shown to reduce emotional 
resonance and increase cognitive load [15]. As a result, the participants may rely more 
heavily on affectively salient cues in the image, processed predominantly by the OFC, 
instead of integrating text and image conceptually. Moreover, the observed oscillatory 
activity in the alpha and beta frequency bands aligns with existing evidence linking 
these bands to semantic integration, attentional engagement, and cognitive flexibility. 
Alpha desynchronization have been commonly linked to increased task engagement and 
semantic access [7], while beta-band increases have been linked to the maintenance of 
current cognitive sets and top-down control mechanisms [5]. The appearance of the sec-
ond harmonic in the beta range may suggest increased demand for recontextualization 
and reinterpretation during meme comprehension. 

Together, these findings support the notion that memes are not simply humorous 
images but rather complex cognitive stimuli that activate variation in neural activation in 
various language conditions also highlights the interaction between linguistic processing 
and higher-order cognition in the perception of culturally-nuanced visual humor. 

5 Conclusion and Future Work 

The results of the conducted research at this stage contain very valuable results, which 
in the future can be expanded, supplemented and more deeply interpreted from the 
position of experimental cognitive science of human speech behavior, the peculiarities 
of perception and interpretation of speech stimuli, containing a variety of structures of 
linguistic features of the speech signal, the degree of complexity of the linguistic material, 
etc. Thus, this stage of our research fully reflects the feasibility of further experiments, 
taking into account the degree of knowledge of a foreign language, the technique of 
instrumental analysis, the age and nationality of the subject, etc. In the future, it would be 
possible to also take into account the factor of the degree of emotionality of the subjects, 
etc. The development of the features of memetics that we have begun is advisable from
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the point of view of various branches of science in general, starting with the patterns 
of communication, appeal to foreign languages, the degree of their knowledge, the 
emotions accompanying meme chatting, the features of recoding real speech from the 
native language into foreign languages, the emotional state of communicants, etc. 
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Abstract. This paper explores the application of T5 models for Saudi 
Sign Language (SSL) translation using a novel dataset. The SSL dataset 
includes three challenging testing protocols, enabling comprehensive 
evaluation across different scenarios. Additionally, it captures unique 
SSL characteristics, such as face coverings, which pose challenges for 
sign recognition and translation. In our experiments, we investigate the 
impact of pre-training on American Sign Language (ASL) data by com-
paring T5 models pre-trained on the YouTubeASL dataset with models 
trained directly on the SSL dataset. Experimental results demonstrate 
that pre-training on YouTubeASL significantly improves models’ p erfor-
mance (roughly 3× in BLEU-4), indicating cross-linguistic transferability
in sign language models. Our findings highlight the benefits of leverag-
ing large-scale ASL data to improve SSL translation and provide insights
into the development of more effective sign language translation systems.
Our code is publicly available at our GitHub repository (https://github. 
com/signforall/t5-training-scripts). 

Keywords: Sign language translation · LLMs · T5 · Saudi sign
language

1 Introduction 

Sign languages (SLs) are rich, fully developed natural languages that serve as the 
primary means of communication for Deaf communities worldwide. Unlike spo-
ken languages, SLs utilize visual-gestural modalities: hand shapes, movements, 
facial expressions, and body language, to convey meaning. According to recent 
estimates, more than 70 million Deaf people use SL, and there are over 300 dis-
tinct SLs in use globally, reflecting the diverse cultural and linguistic heritage of
Deaf communities1. 

1 https://www.handtalk.me/en/blog/nteresting-facts-about-sign-languages/. 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
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In many countries, there is increasing recognition of the need for inclusive 
communication in public and private institutions such as banks, hospitals, and 
schools. Effective communication between the Deaf community and these insti-
tutions is essential for ensuring equitable access to critical services. For instance, 
in healthcare settings, the presence of qualified SL interpreters has been shown 
to significantly improve patient understanding and s atisfaction, while in educa-
tional environments, SL is the preferred language for many Deaf students to learn
complex concepts in their native tongue (see NAD Position Statement on Health
Care Access for Deaf Patients, 20202). Similarly, financial institutions and gov-
ernment agencies are progressively adopting SL interpretation services to better 
serve Deaf clien ts, highlighting the importance of culturally and linguistically
appropriate communication.

One of the main challenges in sign language translation (SLT) is the scarcity 
of training data, particularly for sign languages that are underrepresented in 
publicly available resources. Recent research has explored SLT in a multilingual 
context by leveraging corpora from multiple sign languages ( SLs), which not only
helps address the data scarcity issue but also allows models to exploit shared
linguistic structures, leading to improved translation quality [16]. This challenge 
is especially pronounced for under-resourced sign languages like Saudi Sign Lan-
guage (SSL), primarily used by the Deaf community in Saudi Arabia. SSL is 
characterized by unique region-specific gestures, non-manual markers (such as 
facial expressions and body movements), and syntactic structures that reflect 
both cultural influences and elements of spo ken Arabic. Unlike Unified Arabic
Sign Language, a standardized system used across many Arab countries, SSL
has developed independently, resulting in distinct grammar and vocabulary. For
instance, [1] demonstrates that SSL follows unconventional sentence structures 
and word orders, differing from the broader Arabic SL standard, while [15]  high-
lights unique non-manual markers and syntactic patterns that further differen-
tiate SSL from other Arabic SL variants.

The main contributions of this paper are as follows: Firstly, we propose a pro-
cessing pipeline directly tailored for sign language videos. Secondly, we demon-
strate the effectiveness of pre-training on a different SL to improve g eneraliza-
tion performance. We explore this idea by applying it to Saudi Sign Language
(SSL), leveraging the ASL dataset YouTubeASL [17] to pre-train a T5-based SLT 
model. We then compare the results with a model trained from scratch. Using 
a pose-based approach that omits the appearance of signers, o ur findings show
that cross-lingual pre-training significantly enhances performance, highlighting
its potential for low-resource SLs.

2 Related Work 

Sign Language Translation has advanced through b oth gloss-based
approaches [2, 4, 23], which use glosses - structured linguistic representations of 
signs - for improved alignment, and gloss-free approaches [8, 21, 22], which aim
2 https://shorturl.at/tQ1De. 
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Table 1. Dataset splits with details on number of sentences (Sents), minutes (Min),
seen sentences/signers, etc.

Split Sents Min Seen Sent s Seen Signers # Samples # Signers Gender 
Train 24,111 2,017.82 1,900 16 4F, 12M 
Test 1 200 16.65 x x 100 2 1F, 1 M
Test 2 1,297 107.95 x 100 11 3F, 10M 
Test 3 3,783 337.33 x 1,900 2 1F, 1 M

to learn direct mappings from visual features to text. While gloss-based meth-
ods benefit from explicit supervision, recent gloss-free approaches have become 
increasingly popular by utilizing multimodal learning tec hniques. The advance-
ment of Large Language Models (LLMs) has further improved gloss-free SLT,
as seen in [11, 14, 18], by the use of better pre-trained textual representations t o
improve translation accuracy.

While studies about SSL like have focused on recognition rather than full 
translation, multilingual corpora such as [7] have shown the potential for cross-
lingual adaptation. Bilingual transfer methods, like the ones used in [10], show 
a high added value when using high-resource SLs to i mprove translations for
lower-resource ones.

Several large-scale datasets are being used for SLT training [3, 5, 16, 17]. How-
ever, privacy concerns and high annotation costs limit their scalability. In [14], 
the authors take this issue on by introducing self-supervised pre-training on
anonymized videos, and [11] uses hierarchical visual encoders and multimodal 
tuning to find better s ign language representations without gloss supervision.

Transformer architectures, such as the Text-to-Text Tr ansfer Transformer
T5 [13], have demonstrated significant effectiveness in SLT due to their encoder-
decoder structure and multilingual capabilities. Studies [6, 20] have demonstrated 
T5’s adaptability to multimodal input. Our work builds on this, using T5 as 
an SLT baseline w hile addressing the data limitations of SSL by employing
multilingual transfer learning.

3 Data  

The dataset used in this study is the Saudi Sign Language corpus, which belongs 
to under-resourced SLs. In comparison with datasets such as YouTubeASL [17], 
the number of recorded hours is significantly lower. However, one key advantage 
of SSL is that it enables a thorough assessment of model generalization.

3.1 Dataset Composition 

The SSL dataset comprises 2,000 unique sentences, representing common expres-
sions in the deaf community, spanning everyday communication and specialized
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domains (banking, law, education, healthcare, emergency services, and trans-
portation). The original sentences are in Arabic and were translated into English 
for our experiments, as T5 and T5 v1.1 only support English. For mT5, which is 
multilingual, b oth the original Arabic sentences and the translated English sen-
tences were used. The temporal distribution of the data is illustrated in Fig. 1, 
which highlights variations in sentence l ength and signing duration.

Fig. 1. Histogram of Signing Duration and Word Length.

Eighteen signers participated in the recording, with 13 males and 5 females, 
resulting in a higher male representation. Notably, female signers’ faces were
intentionally obscured (e.g., with masks or veils), while male signers’ faces
remained visible.

3.2 Data Splits 

The dataset is divided into train and multiple test splits (Table 1). Each test 
scenario is designed to assess the model’s ability to handle varying degrees of 
data exp osure and distribution shifts. The test scenarios are as follows:

Test 1: This test is designed to assess the model’s generalization ability to 
entirely unseen data. While the unseen sentences are unseen as a whole, they 
are composed of words seen during training. It evaluates the mo del’s performance
on both unseen sentences and signers, providing a measure of its robustness to
novel input during inference.

Test 2: In this scenario, the model is tasked with generating translations for 
unseen sentences, but with signers it has encountered during training. This eval-
uates the model’s ability to generalize to new, out-of-distribution sentences while
leveraging prior knowledge of familiar signers and their signing styles.

Test 3: This test examines the model’s performance on sentences it has been 
exposed to during training, but they are performed by unseen signers. This serves 
to gauge how well t he model can generalize to the variety of ways people sign
the same words.

The split highlights the key advantages of the dataset, as it provides more 
insight into model performance and generalization. Contrary to prior works, the 
splits enable direct measurement of whether the model is sensitive to signer
appearance (Test 1 and Test 3) and word order (Test 1 and Test 2).
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3.3 Key Challenges and Limitations 

Besides the challenging test splits, the SSL dataset presents a few challenges; 
some of them specific to SSL, and some of them are more general. The challenges
in the data are as follows:

– Face Occlusion: The covering of female faces may limit the model’s ability 
to learn important features from the lips or signs that rely on facial expression,
such as question marks.

– Gender Imbalance: The dataset includes SL data from 18 signers, with a 
notable gender imbalance (more male signers than female)

– Unbalanced Data Across Domains: While the dataset spans multiple 
domains, the distribution of sentences across these domains may not be uni-
form.

4 Methods 

4.1 Video Preprocessing 

SL datasets vary in recording conditions. Some, like How2Sign [5], are captured 
in controlled environments with a single signer centered in t he frame. Others,
such as YouTubeASL [17], contain videos recorded in the wild, where signers may 
appear at different distances from the camera, in varying positions, or alongside
multiple people.

To standardize the data, we first preprocess the videos to ensure that the 
signing individuals are centered in the frame, have a normalized size, and that 
all videos h ave the same resolution across the dataset. Additionally, we extract
pose features during this step.

Our preprocessing pipeline consists of multiple steps. First, we use lightweight
YOLOv8-nano [9] to detect the rough body pose of all individuals in the frame. 
To simplify processing, we discard videos with multiple people, as tracking mul-
tiple individuals and identifying the signer throughout the video introduces com-
plexity and potential misalignment between signing and translations. This step
is utilized for the YouTubeASL dataset.

Next, we define the signing space, which in SL linguistics refers to the area
where signing occurs. Inspired by [2], we represent this as a box centered between 
the shoulders, with a height and width four times the shoulder distance. If body 
pose keypoints fall outside this box, we expand it to include them. To create a 
stable bounding box for the entire video, we compute the signing space for each
frame and take the median of the coordinates; this mitigates fluctuations caused
by detection errors.

We then refine the signer’s pose using MediaPipe [12], a more precise model 
for body, hand, and facial keypoints. MediaPipe performs better when the signer 
is centered in the frame, which especially benefits face and hand detection. Using 
the updated body keypoints, we adjust the signing space. In some cases, it is
also necessary to determine the handedness of detected hand keypoints based on
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the Euclidean distance between wrist keypoints from the body p ose and hand
pose predictions.

For each hand, we obtain 21 keypoints. For body pose, we start with 33 
keypoints but remove those corresponding to legs, as they are not essential for 
translation, leaving 25 keypoints. Lastly, w e extract a dense face mesh con-
taining 478 keypoints, from which we select 37 keypoints3 that represent facial 
features. In total, we extract 104 keypoints. Figure 2ashows the individual key-
points extracted for the body, face, and hands. Figure 2billustrates the subset of 
keypoints used i n our model.

Fig. 2. We use only a subset of the keypoints extracted by MediaPipe. (a) shows all 
keypoints extracted by the individual MediaPipe models for the body, face, and hands. 
(b) shows the subset of keypoints that are used as input to our model.

Additionally, we apply normalization to all keypoints. For hand and face 
keypoints, we use local normalization, which involves creating a square bounding 
box around them to maintain the aspect ratio and then normalizing them to a 
range of –1 to 1. This provides a focused view of facial expressions and hand 
gestures. For body pose, we u se global normalization, where all keypoints are
normalized relative to the sign space, ensuring that all keypoints inside the
sign space fall within the range of –1 to 1, see Fig. 3. Global pose normalization 
provides an overall view of the body pose and the relationships between different
body parts.

3 As defined in the YouTubeASL paper [17]. 
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Fig. 3. Video preprocessing based on sign space. (a) illustration of sign space in i nput
frame, (b) cropped and padded frame.

Finally, we crop and pad frames to a square, resize them to a fixed resolution, 
and save them alongside the extracted keypoints. This preserves aspect ratios 
while removing unnecessary visual clutter, such as background. Simply resizing 
large videos to a smaller resolution without cropping the background could result 
in the loss of fine details in hand and face gestures. To reduce the sequence length,
we remove every other frame, resulting in a preprocessed input consisting of 208-
dimensional landmark vectors at half the original frame rate.

4.2 Model 

Inspired by the YouTubeASL baseline approach, we used a similar, slightly mo d-
ified version of the T5 [13] encoder-decoder transformer language model. Instead 
of the traditional approach of using a sequence of textual tokens as the input, 
we rather embed each 208-dimensional keypoint vector in the encod er using a
single learnable linear layer. We experiment with three different T5 architec-
tures: T5-base, T5v1.1-base4 for English and mT5-base [19] for both English 
and  Arabi  c texts.

4.3 Training Pipeline 

Our training pipeline follows a two-stage approach: pre-training on the YouTube-
ASL dataset and fine-tuning on the SSL dataset. This allows the model to first 
learn general sign language features from a large, diverse dataset (YouTubeASL) 
and then specialize on the target domain (SSL). The model was evaluated on
three distinct test sets.
Pre-training. In the pre-training stage, the model was trained on the YouTube-
ASL dataset, a large-scale collection of SL videos paired with textual transla-
tions. This step enables the model to learn general SL features from a broad
4 https://github.com/google-research/text-to-text-transfer-transformer/blob/main/ 

released_checkpoints.md. 
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set of examples, which are crucial for transferring knowledge to the smaller SSL 
dataset. Since the original YouTubeASL paper [17] doesn’t provide a training 
and validation split, we randomly sampled our own split with a ratio of 9:1 
in such a way that the clips from the same source video can not be in both 
the training and validation subsets. We initialized the model with pre-trained 
T5-base weights, originally trained on textual data, and adapted it to process 
208-dimensional keypoint vectors by embedding them into the encoder via a lin-
ear layer. The sequence-to-sequence framework was employed, where the encoder
processed linearly mapped keypoint sequences and the decoder generated tex-
tual output. The results of the pre-trained models on the How2Sign dataset can
be found in Table 2. 

Table 2. How2Sign evaluation of our models pre-trained on YouTubeASL w ithout any
further fine-tuning on How2Sign.

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 
T5-Base 22.21 3.91 1.49 0.62 
T5v1.1-Base 24.52 4.54 1.71 0.72 
mT5-Base 25.17 4.78 1.79 0.75 

Fine-Tuning. After pre-training, the model was fine-tuned on the SSL dataset 
to adapt to the specific characteristics of the English American Sign Language 
from YouTubeASL to the Arabic Saudi Sign Language. Fine-tuning helps bridge 
the gap between the general features o f American and Saudi sign language.
During this stage, the model was trained on keypoint-text pairs from the SSL
dataset using the same sequence-to-sequence framework.
Evaluation. To evaluate the performance of our model, we examine its robust-
ness and generalization across three distinct test scenarios, as outlined in Table 1. 
For each testing scenario, we are providing the standard BLEU, BLEURT, and 
RO UGE-L scores.

5 Experiments 

5.1 Pre-training 

In the pre-training stage, we have trained T5-base, T5v1.1-base, and mT5-base 
models for a total of 200,000 training steps. The pre-training stage was conducted 
using 4 AMD MI250x GPU modules, split into 8 GCDs for each model. The T5-
base model demonstrated efficient training with a learning rate of 0.001, while 
the T5v1.1-base and mT5-base models were trained with a smaller learning rate 
of 0.0004. For the pre-training, we use an effective batch size of 256 samples. Since
mT5-base is a larger model, we use half the per-device batch size and double
the gradient accumulation step to fully utilize our GPUs. We use Adafactor to
optimize the model’s parameters.
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5.2 Fine-Tuning 

For fine-tuning, we conducted two rounds of experiments using three models 
trained on the English transcription: T5, T5v1.1, and mT5. The first round 
used the base model weights, and the second round used the weights pre-trained 
on YouTubeASL. The mT5 model was fine-tuned twice: once with the original 
Arabic transcription and once with translated English transcription using Google 
Translate, similar to T5 and T5v1.1. This resulted in a total of eight experiments. 
All fine-tuning experiments were conducted on 8 NVIDIA A100-80GB GPUs. 
The learning rate was set to 0.001 with the AdamW optimizer and a linear LR
scheduler, with a batch size of 16 per GPU (128 in total). For mT5, the batch
size was reduced to 4, using gradient accumulation of 4 to mitigate memory
issues. A weight decay of 0.01 was applied, and the models were trained for 100
epochs.

Table 3. Relevant metrics for different T5 model variants across three test scenarios.

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 24.05 9.59 4.96 2.73 –1.23 22.1 
T5v1.1-Base 26.16 9.25 4.39 1.59 –1.26 24.33 
mT5-Base (Eng) 23.63 8.32 3.98 1.46 –1.21 21.36 
mT5-Base (Ar) 10.84 2.99 1.28 0.72 – 11.03 

(a) Test-1: Unseen Signers – Unseen Sentenles 

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 24.46 9.14 4.53 2.01 –1.24 22.22 
T5v1.1-Base 26.87 11.25 6.05 2.78 –1.21 25.17 
mT5-Base (Eng) 26.72 10.53 5.42 2.79 –1.22 24.44 
mT5-Base (Ar) 13.30 4.28 1.64 0.66 – 13.91 

(b) Test-2: Seen Signers – Unseen Sentences 

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 84.07 81.09 80.59 80.37 0.53 82.67 
T5v1.1-Base 88.46 86.27 85.84 85.75 0.66 87.25
mT5-Base (Eng) 87.76 85.62 85.22 85.16 0.64 86.71
mT5-Base (Ar) 85.54 84.27 83.99 83.87 – 85.53

(c) Test-3: Unseen Signers – Seen Sentences
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Table 4. Relevant metrics of T5 model variants initialized with YouTubeASL pre-
trained weigh ts, evaluated on three test protocols.

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 35.89 17.33 11.14 7.48 –0.89 33.34 
T5v1.1-Base 34.76 16.79 10.05 5.56 –0.98 31.5 
mT5-Base (Eng) 33.50 16.07 9.77 5.66 –1 30.72 
mT5-Base (Ar) 16.75 5.40 1.86 0.81 – 16.79 

(a) Test-1: Unseen Signers – Unseen Sentences 

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 35.78 17.53 10.34 5.72 –0.89 33.15 
T5v1.1-Base 35.59 16.96 9.92 5.23 –0.93 32.68 
mT5-Base (Eng) 32.92 14.85 8.52 4.74 –1.02 30.6 
mT5-Base (Ar) 18.16 6.37 2.66 1.47 – 17.94 

(b) Test-2: Seen Signers – Unseen Sentences 

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEURT ROUGE-L 
T5-Base 95.17 94.02 93.78 93.67 0.86 94.4 
T5v1.1-Base 94.50 93.16 92.83 92.58 0.85 93.97 
mT5-Base (Eng) 94.64 93.44 93.19 93.04 0.85 94.09 
mT5-Base (Ar) 92.97 92.37 92.42 92.48 – 92.53 

(c) Test-3: U nseen Signers – Seen Sentences

5.3 Results 

The results of fine-tuning on the original base models’ weights computed using 
SarceBLEU, BLEURT, and ROUGE-L metrics are shown in Table 3, while the 
results for fine-tuning on YouTubeASL’s checkpoints are presented in Table 4. 
Since BLEURT is a trained metric and was not trained on Arabic, the results 
were not computed for the model fine-tuned on Arabic data. The tables demon-
strate a clear increase in the scores across all test sets, supporting our claim that 
incorporating a large-scale sign language dataset during pre-training enhances 
the model’s generalization across different and unseen languages. Notably, the 
results for Test-3 are significantly higher than those of the first two tests, as the 
sentences in the latter were unseen during training. Additionally, the consistent 
improvements across BLEU-1 to BLEU-4 and ROUGE-L indicate better word 
capture a nd phrase construction, noting the lower BLEU-4 scores compared to 
BLEU-1, as it focuses on longer phrases.
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The results show that mT5 models trained on Arabic transcriptions perform 
poorly compared to those trained on English. This may be due to mT5 be ing 
trained on the mC4 dataset, where the representation of Arabic is smaller than 
that of English [19]. Additionally, both tables reveal that mT5 models trained 
on English transcriptions consistently outperform those trained on Arabic. This 
suggests that translating non-English labels into English during mT5 training 
could i mprove model p erformance.

6 Conclusion 

This paper tested the effectiveness of T5-based models for the Saudi Sign Lan-
guage translation task using a novel dataset. In our experiments, we compared 
two main training protocols - direct training and pre-training on the large-scale 
American Sign Language (ASL) dataset. The SSL dataset incorporates three 
different testing protocols, which allowed us to systematically evaluate general-
ization across unseen signers and sentences. Additionally, the challenges posed by 
SSL-specific features, such as face coverings and unique grammatical structures, 
directly increase translation difficulty. Our results confirm the cross-linguistic 
transferability of sign language translation models and highlight the effective-
ness of leveraging pre-training to overcome data scarcity issues in low-resource
sign languages like SSL.

We would like to focus on two main research directions in our future work. 
Firstly, testing of different input modalities. In this paper, we utilized only pose 
as an input modality; for example, the DINO or MAE features can also encode 
relevant information. In fact, we were able to conduct some preliminary exper-
iments with the DINO modality. However, we did not reach a ny satisfactory 
results with them. We argue that this can be caused by the fact that the dataset is 
relatively small, and therefore, m odels are not able to fully leverage the strength
of the deep features.

Secondly, improvements in the preprocessing pipeline. In the current prepro-
cessing pipeline, we entirely omit frames with multiple persons, resulting in less 
data for the training. Additionally, we would like to test different types of nor-
malization, which seems to play a critical role in the quality of the preprocessing 
pipeline as demonstrated in [2]. 
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