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Abstract

Regional variation was a limiting factor for
automatic speech recognition (ASR) before
large language models. With the new technol-
ogy, speech processing becomes more general,
which opens the question of how to use data in
similar languages such as Croatian and Serbian.
In this paper, we analyse model performance
in the currently available train-test scenarios
with the goal of better understanding the mu-
tual interference of these two languages. Our
findings suggest that better performing models
are not very sensitive to the regional variation.
Models trained from scratch in one of the lan-
guages can give good results on both of them,
while fine-tuning large pre-trained multilingual
models on smaller data sets does not give the
expected results.

1 Introduction

For a long time, automatic speech recognition
(ASR) was only possible in very limited domains
targetting a particular speaker and a particular topic.
This lack of generalisation was famously captured
in the comedy sketch Voice Activated Elevator1 by
the BBC Scotland Burnistoun show first aired in
2009. The sketch shows two persons trying to ac-
tivate a lift by pronouncing the number 11. Since
the system does not react, they guess that the prob-
lem is their Scottish accent and try to mimic other
accents (“American”, “English”) with no success.
The sketch captures not only the limitations of the
ASR technology at that time but also important
societal implications of these limitations.

Regional variation in the ASR performance is
certainly present in all languages, but it has not
been extensively studied as this kind of research is
particularly demanding in terms of resources (both
data and computing) and study design (represen-
tative sampling), while it is hard to isolate factors
that determine the performance.

1https://www.bbc.co.uk/programmes/p00hbfjw

Figure 1: Geographical locations of the four Mak na
konac data parts. HR1: Croatian, Zagreb, Northern vari-
ety spoken in the administrative centre. HR2: Croatian,
Split, Southern variety spoken in a major city. SR1:
Serbian, Belgrade, Northern variety spoken in the ad-
ministrative centre. SR2: Serbian, Niš, Southern variety
spoken in a major city.

New ASR technology that employs large mod-
els trained on large amounts of data (thousands of
hours of transcribed audio) seems to have reached
the level of generalisation that makes multi-purpose
ASR viable. In particular, the multilingual model
Whisper (Radford et al., 2023) has become a uni-
versal reference, able to process various languages,
including Croatian and Serbian, without any ad-
ditional training. Since this model is released as
open-weights, it can also be fine-tuned and thus,
in theory, more precisely adapted for a particular
language and variety.

The possibility of fine-tuning an already well-
performing model to reduce its error rate on a given
variety is clearly tempting, but the success is not
guaranteed. The main problem is a mismatch be-
tween the size of the model and the size of the
data available for any single variety, this even if
we leave aside the problem of computing resources
needed to employ a large model.

The goal of our study is to start an exploration
towards a better understanding of what happens in
various train-test scenarios involving similar but
distinct languages and their variants. We focus

https://www.bbc.co.uk/programmes/p00hbfjw
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on the case of Croatian and Serbian as two lan-
guages that both belong to the same macro lan-
guage, BCMS (for Bosnian, Croatian, Montenegrin
and Serbian). The crucial question for macrolan-
guages is whether the data in one variety can be
used to train or improve ASR models in all vari-
eties. Through several recent projects, Croatian
and Serbian have been equipped with the neces-
sary resources to start investigating this problem,
making them an interesting case study potentially
relevant to many other similar languages.

2 Related Work

Regional variation is, to some degree, addressed in
in the case of Arabic and Swiss German, which are
both famous for their regional diversity.

While Modern Standard Arabic (MSA) has been
the main focus of research in the case of Arabic
(Dhouib et al., 2022), dialect variation is starting to
attract more attention in recent studies (Mubarak
et al., 2021; Alharbi et al., 2024; Al-Fetyani et al.,
2021; Al Ali and Aldarmaki, 2024; Djanibekov
et al., 2025). What emerges from these studies
is considerable variation in the ASR performance
across dialects. While dialect-specific fine-tuning
can help, this applies only if there is enough data
(over 800 hours of transcribed speech). Also the
impact of data availability does not seem to be
straightforward. For instance, the performances
tend to be better on the Syrian variety than on the
Saudi or Egyptian one although the latter two are
far better represented in the available data and mod-
els (Djanibekov et al., 2025).

Interesting dialectal patterns can be seen in the
studies on Swiss German too: ASR performances
are the worst for the Wallis variant while they are
the best for the Grisons variant. This same out-
come was achieved by two independent studies
that evaluated very different ASR systems trained
on different data sets. The first evaluation (Nig-
matulina et al., 2020) was performed in 2020 with
a Swiss-German Kaldi (Povey et al., 2011) recipe
trained on the ArhciMob corpus (Samardžić et al.,
2016; Scherrer et al., 2019). The second evaluation
was performed in 2022 (Schraner et al., 2022) with
a multilingually pre-trained XLS-R model (Babu
et al., 2021) fine-tuned on other Swiss German data,
including SDS-200 (Plüss et al., 2022) and a Swiss
local parliaments corpus (Plüss et al., 2021), and
tested on the STT4SG-350 data set (Plüss et al.,
2023). Both of these variants are geographically

Data
part

Source Language Region Size

HR1 Radio
Student

Croatian Zagreb 5h

HR2 TV Croatian Split 5h
Dalmacija

SR1 Peščanik Serbian Belgrade 5h

SR2 Južne
vesti

Serbian Niš 5h

Table 1: Summary of the data key features.

peripheral, but one of them seems to be easier for
ASR models than the other.

Until recently, the performance of speech-to-
text models on Croatian and Serbian was rarely
reported. A Kaldi recipe for Serbian (Popović et al.,
2015) showed a large performance drop on the out-
of-domain test set. In the past few years, however,
considerable progress has been made in data de-
velopment (Ljubešić et al., 2024a,c,b; Rupnik and
Ljubešić, 2022a), which enabled model training
and testing initially on Croatian (Ljubešić et al.,
2022) and more recently on Serbian (Sagić, 2023).
These data sets contain over 3000 hours of automat-
ically aligned transcribed audio for Croatian and
almost 1000 hours for Serbian.

The project Mak na konac (Samardžić et al.,
2024) resulted in a new test set consisting of 20
hours of speech sampled from four media sources
and manually transcribed. This data set targets
specifically regional variation which makes it espe-
cially suitable for our analysis.

3 Data

The Mak na konac data set (MNK) (Samardžić
et al., 2024) is composed of four parts of equal size
(5 hours of audio each), two representing Croatian
(HR) and two Serbian (SR) varieties. As shown in
Figure 1, each data part represents one region. In
addition to the administrative centres (Zagreb and
Belgrade), both language varieties are represented
with a Southern variety (Split and Niš). All data
sources listed in Table 1 are interview-type TV
or radio programmes featuring one host and one
guest speaker, with the exception of Radio Student
hosted by two presenters.

This is a multi-reference data set, where each
segment of speech is aligned with multiple text ref-
erence options created to cover known variability



244

Model Pre-training Training / Fine-tuning
WhisperV Multilingual None
WhisperS WhisperV Serbian, around 70h: Flores ASR (multilingual Eastern

Europe without Croatian) + Serbian Common Voice +
JuzneVesti-SR

WhisperSJV WhisperV Serbian, around 120h: Flores ASR (multilingual Eastern
Europe without Croatian) + Serbian Common Voice +
Serbian “Juzne vesti” Serbian Common Voice + Unknown
Serbian

Transducer None Croatian, 1816 hours, ParlaSpeech.v1
CTC None Croatian, 1816 hours, ParlaSpeech.v1
W2V2XLSR Multilingual only audio: BABEL, Multilin-

gual LibriSpeech, CommonVoice (no Croat-
ian), VoxPopuli (no Serbian)

Croatian, 300 hours, ParlaSpeech.v1

W2V2Slavic Multilingual only audio: VoxPopuli (no Ser-
bian)

Croatian, 300 hours, ParlaSpeech.v1

Table 2: Summary of key features of the models tested in the MNK project.

in speech transcription. In some options, elements
of speech (repetition, fillers) are included in the ref-
erence transcript, while they are excluded in others.
Further options are created by a different treatment
of numbers and abbreviations. As an example, Ta-
ble 4 shows how such a reference would look like
in English. Taking the best score out of all options
when evaluating models has the effect of neutral-
ising irrelevant variation and enables comparing
models trained on different data. This is especially
important when comparing solutions based on off-
the-shelf models because the user has no control
over the selection of pre-training data.

The audio part of the MNK test data is available
online on Hugging Face.2 The multi-reference tran-
script is not publicly available, to prevent model
contamination, but researchers can obtain an evalu-
ation report on a submitted output of a model.

4 Models

We analyse the performance of seven freely avail-
able models:

• WhisperV: multilingual Whisper large-v3,
which is pre-trained on 1 million hours of
weakly labelled data and 4 million hours of
pseudo-labelled data, produced with its prede-
cessor, Whisper-large-v2. It is capable of auto-
matically determining the language of the in-
put speech as well as translating input speech
into a variety of languages. In this setting, the
model is applied on the Mak na konac data in
a zero-shot fashion.

• WhisperS and WhisperSJV: two variants of
2https://huggingface.co/datasets/classla/mak_

na_konac/viewer/default/SR1?row=4

the WhisperV model fine-tuned on transcribed
Serbian audio. The first variant is fine-
tuned on Mozilla Common Voice 13 and
Google Fleurs and the ASR training data set
for Serbian JuzneVesti-SR v1.0 (Rupnik and
Ljubešić, 2022b). The second variant has 50+
hours of unspecified Serbian data added to
the training set. Both of these models can be
considered fine-tuned towards Serbian since
Common Voice did not contain Croatian at
the time of fine-tuning.

• Transducer and CTC are parts of NVIDIA’s
NeMo toolkit. The main difference between
the two variants is that Transducer takes previ-
ously generated letter as input at the next step,
while CTC does not (it combines the acoustic
and the language model in a more traditional
way). In both of these settings, the models that
were trained from scratch on Croatian parlia-
mentary data set ParlaSpeech-HR (Ljubešić
et al., 2022).

• W2V2XLSR and W2V2Slavic are models
based on the wav2vec2 architecture. This
means that they are first trained on large quan-
tities of unlabelled audio alone then continued
training on labelled data. The former is pre-
trained on multilingual partially labelled text
and speech datasets (XLS-R), while for the lat-
ter, the VoxPopuli Slavic labelled data (Wang
et al., 2021) are used. For our study, it is im-
portant to note that the VoxPopuli data set is
part of both settings and that it contains only
Croatian without Serbian. Both of these mod-
els are finally fine-tuned on a subset of the
Croatian ParlaSpeech-HR data set.

https://huggingface.co/datasets/classla/mak_na_konac/viewer/default/SR1?row=4
https://huggingface.co/datasets/classla/mak_na_konac/viewer/default/SR1?row=4
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Segment ID Whisper Whisper Whisper Transducer CTC W2V2 W2V2
V S SJV XLSR Slavic

170918_13_14 r1 [0.286, [0.429, [0.429, [0.571, [0.571, [1.000, [0.857,
r2 0.143, 0.286, 0.286, 0.429, 0.429, 0.857, 0.857,
r3 0.125, 0.500, 0.250, 0.375, 0.375, 0.750, 0.714,
r4 0.000] 0.375] 0.125] 0.250] 0.250] 0.625] 0.500]

170918_14_15 r1 [0.429, [0.286, [0.714, [0.857, [0.857, [0.857, [0.857,
r2 0.400] 0.400] 0.300] 0.300] 0.300] 0.300] 0.300]

170918_15_16 r1 [0.111, [0.000, [0.556, [0.667, [0.556, [0.556, [0.556,
r2 0.091] 0.182] 0.455] 0.364] 0.455] 0.364] 0.455]

170918_16_17 r1 [0.100, [0.100, [0.100, [0.300, [0.400, [0.100, [0.300,
r2 0.100] 0.100] 0.100] 0.300] 0.400] 0.100] 0.300]

170918_17_18 r1 [0.222, [0.111, [0.222, [0.556, [0.667, [0.444, [0.444,
r2 0.455, 0.364, 0.455, 0.455, 0.545, 0.636, 0.545,
r3 0.111, 0.000, 0.111, 0.444, 0.556, 0.333, 0.333,
r4 0.364, 0.273, 0.364, 0.364, 0.455, 0.545, 0.455,
r5 0.100, 0.200, 0.100, 0.400, 0.500, 0.300, 0.300,
r6 0.333, 0.417, 0.333, 0.333, 0.417, 0.500, 0.417,
r7 0.000, 0.100, 0.000, 0.300, 0.400, 0.200, 0.200,
r8 0.250] 0.333] 0.250] 0.250] 0.333] 0.417] 0.333]

Table 3: The first five entries in an evaluation report. Each entry contains multiple WER scores (one for each
reference option r1–rn) for one audio segment. The best scores are in bold. The full evaluation report for all data
parts contains around 11’000 of such entries.

r1 We’re gonna meet on the 20th of December.
r2 We’re gonna meet on the twentieth of December.
r3 We are going to meet on the 20th twentieth of De-

cember.
r4 We are going to meet on the twentieth of December.

Table 4: An English illustration of a multi-reference
data set. Some versions (r1, r2) are more literal and
some (r3, r4) more standard. In some versions (r1, r3)
the number is written as a digit, while in others (r2, r4)
they are spelled out.

These models can be divided into three groups
depending on whether they are pre-trained and used
in zero-shot testing (WhisperV), pre-trained and
fine-tuned for a specific variant (WhisperS, Whis-
perSJV, W2V2Slavic and W2V2XLSR to some de-
gree) or trained from scratch (Transducer and CTC).
The latter option allows more control over the train-
ing data and fitting the models more closely to the
target, but these models are smaller and might not
capture all the nuances that can be accommodated
by the pre-trained models that are bigger. On the
other hand, the bigger models require much more
data to be trained, which is why they cannot be
trained for any single language (except English)
specifically.

A few notes are due on fine-tuning. The only
model that is not specifically fine-tuned for any
Croatian or Serbian target data is WhisperV, al-

though it is obvious that some Croatian and Serbian
data are included in its, highly multilingual, train-
ing set given mid-tier performance on these lan-
guages. Two models (WhisperS and WhisperSJV)
are said to be fine-tuned towards Serbian, but some
of the fine-tuning data might have already been in-
cluded in the pre-trained model as well. The other
models are trained on Croatian data (recordings
of the Parliament sessions). Transducer and CTC
are trained from scratch on Croatian data, while
W2V2XLSR and W2V2Slavic are fine-tuned on
a portion of the the same Croatian data. The lat-
ter two models are pre-trained on multilingual and
Slavic data respectively. A summary of the models’
key features is given in Table 2

The models are initially tested in the Mak na
konac project (Samardžić et al., 2024), which has
also provided the multi-reference gold standard.
The full evaluation reports created in the original
evaluation are large tables that contain meta-data
and CER (character error rate) scores in addition to
the WER (word error rate) scores shown in Table 3.
For the current study, we use only some parts of
these reports, the WER scores. We extract the
best WER score for each model for a given audio
segment and calculate the average best score for
each model and each data part. This allows us to
observe regional variation in best WER scores per
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model.
Our analysis is performed on the evaluation re-

ports for the seven models listed in Table 2 sepa-
rately for the four data parts described in Table 1.
The first five lines of one of the analysed evalua-
tion reports is shown in Table 3. For each audio
segment (ID in the first column) and each tested
model, we obtain an array of WER scores (here
rounded up to three decimal places). For example,
the model WhisperV obtains eight scores on the
segment 170918_17_18 depending on the overlap
between the model output and each reference op-
tion. The number of scores per audio segment and
per model can go over 70 depending on the pres-
ence of numbers and abbreviations, but also on the
length of the utterance.

5 Results and Discussion

Figure 2 shows the average best WER score for
each model and each data part.

5.1 Zero-Shot Whisper Wins, for Now

It turns out that, somewhat surprisingly, the best
performing model overall is WhisperV, followed
by the two models trained on Croatian (Transducer
and CTC), while the worst performance is obtained
with the two W2V2 models fine-tuned on Croatian.
It seems that the currently available data for both
Croatian and Serbian do not reach the level that is
needed to see the benefit of training and fine-tuning
specific to the target variety, as it could be seen in
Arabic. This might change very soon but, for now,
zero-shot use of pre-trained Whisper gives the best
results on both Croatian and Serbian.

5.2 Regional Patterns

The only settings that show regional variation are
the two versions of Whisper fine-tuned on Serbian
(WhisperS and WhisperSJV). In these cases, fine-
tuning does not improve the results for Serbian
compared to the zero-shot setting, but it does spoil
the performance on Croatian. We also note that
one part of the data used for fine-tuning comes
from the same source as the SR2 data part. Al-
though there is no data overlap, one would expect
to see more benefits of fine-tuning on the same data
source. In reality, the difference in favour of the
zero-shot setting increases on SR2 compared to
SR1, which remains puzzling. It looks like fine-
tuning resulted in overfitting to the specific data set
used for fine-tuning, so the model became more

sensitive to any variation.3 Nevertheless, the drop
in the performance is bigger on Croatian.

5.3 Training From Scratch Better Than
Fine-Tuning

The only case where zero-shot Whisper does not
give the best performance are the two models
trained from scratch on Croatian (Transducer and
CTC) and tested on HR2. This said, these mod-
els show much more variation across data parts
with a considerable performance drop on the other
Croatian part (HR1), even bigger than on the two
Serbian parts. Still, their performance remains su-
perior to all fine-tuned settings on Croatian and bet-
ter than the two W2V2 models on both languages.
These results suggest that training from scratch is
a better way for reaching good performance on a
target variant at the expense of some generalisa-
tion. Fine-tuning large models on smaller data sets
seems to result in strong overfitting preventing im-
provements even on similar data and reducing the
transfer across variants.

5.4 Style Variation Rather Than Regional

Another outcome that is unexpected is overall bet-
ter performance on Southern variants (HR2 and
SR2) than on the ones spoken in the two adminis-
trative centres (HR1 and SR1). Given the biases
in the population size and overall media presences
in favour of the central variants, one would expect
that they are better represented in the data available
for training and fine-tuning models, which, in turn,
should lead to better results. Still the pattern is
the opposite. The difference is more pronounced
in the case of Croatian (HR1 vs. HR2) than in
the case of Serbian (SR1 vs. SR2). The data part
that seems the hardest for all the models is HR1,
while HR2 seems the easiest for all models except
the two Whisper variants fine-tuned on Serbian
(WhisperS and WhisperSJV). All models trained
and fine-tuned on Croatian data perform worse on
HR1 than on the two Serbian parts.

This naturally raises the question of what makes
HR1 harder than HR2 for all the models regardless
of the training/fine-tuning settings. The fact that the
source of the data is a radio programme with two
hosts and a rather informal conversational setting
might be a part of the answer as this might intro-
duce more dynamics in the interactions and more

3Note also that the performance reported on the Hugging
Face repository (Sagić, 2023) is much better than what we ob-
serve, which might also be interpreted as a sign of overfitting.
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Figure 2: Average best WER scores on the four parts of the MNK data set. The dark bars on the top (error) show the
WER, the light bars in the bottom show the complement (1-WER), which can be seen as word accuracy.

small speaker overlaps. Modern ASR models are
rather robust to such overlaps, but they still might
be impacted. Other explanations might be obtained
from the metadata (e.g. the speakers’ demograph-
ics) and data analysis (e.g. lexical diversity), which
remain outside of the scope of our current analysis.

One feature that can be extracted from our data
is the level of variability of the WER scores. If we
count the number of distinct WER scores assigned
to the models, this can show how variable reference
transcripts were in each data part. For example, the
total number of scores assigned to WhisperV in
Table 3 is 18 and the number of distinct scores is
14. Table 5 shows the counts of distinct scores for
all data parts. Indeed, model performance seems
correlated with the level of variability in the data:
the number is the highest in HR1, followed by SR1,
then SR2 and HR2. We see the same ranking in
the overall model performance. This means that at
least some differences in the model performance
can be explained by the presence of elements of
speech, numbers and abbreviations in the data sets,
which can be associated with styles of speech rather
than geographical regions.

6 Conclusion and Future Work

In this paper, we have studied different scenarios of
training and fine-tuning speech-to-text models on
Croatian and Serbian with the goal of understand-
ing whether the two variants need to be separated
to achieve better overall results.

Our findings suggest that regional variation does
play a major role in model’s performance in the
currently available data and model settings. Com-

Model HR1 HR2 SR1 SR2
WhisperV 380 250 323 250
WhisperS 406 257 315 249
WhisperSJV 427 281 331 268
Transducer 397 266 331 280
CTC 412 272 362 282
W2V2XLS-R 429 273 349 303
W2V2Slavic 436 264 336 302
Average (rounded) 412 266 335 276

Table 5: The number of distinct WER scores per model
and data part.

posing a large data set that contains both Croatian
and Serbian seems to be the best way to achieve
good scores on both languages. With additional
Serbian data added to the Croatian set, training
from scratch might give better scores than zero-
shot use and fine-tuning multilingual pre-trained
models.

The performance of fine-tuned models in the
settings analysed in our study was clearly worse
than the other two options (training from scratch
and zero-shot testing). While this is a consistent
pattern in our findings, the potential of fine-tuning
a large pre-trained model is still to be clarified in
future work. For this, we will need to evaluate
models trained from scratch and fine-tuned on the
same amount of data.

Limitations

To study the impact of regional variation on the
performance of ASR models on Croatian and Ser-
bian, we used a balanced data set representing four
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variants. However, the model training and fine-
tuning settings could not be controlled due to lim-
ited resources. As a consequence, our settings are
not fully comparable. On one hand, we do not
have results of the Whisper model fine-tuned on
Croatian to compare it with the one fine-tuned on
Serbian. On the other hand, we have no results
showing what happens if we train from scratch on
Serbian or on a combination of Croatian and Ser-
bian. Finally, W2V2 models are fine-tuned only
on Croatian. Observing all the settings in a fully
comparable way would make our conclusions more
sound, but the partial observations that were possi-
ble by reusing existing information already show
interesting patterns that can be helpful for design-
ing fully comparable settings in future studies.

Another limitation of our study is leaving aside
the question of model response time, which is an
important issue in speech processing. Most of the
models that we analysed are likely to respond too
slowly for a practical application. With the avail-
able data, we could not analyse this aspect in detail,
but we could show that models trained from scratch
can outperform large pre-trained models, which is
an interesting point for future research taking into
account practical aspects such as response time as
well.

Finally, our study is performed on data and mod-
els that were available at the time of the original
evaluation. In the meantime, new data sets were
published increasing significantly the size of avail-
able data for both Croatian and Serbian. Also a few
new models are emerging as good candidates for
studies such as ours. We believe that, despite this
limitation, our insights can inform future studies
regarding the factors to be tested with new data and
models.
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Nikola Ljubešić. 2024. Mak na konac: A multi-
reference speech-to-text benchmark for croatian and
serbian. Institute of Contemporary History.

Yves Scherrer, Tanja Samardžić, and Elvira Glaser.
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