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Abstract

In this study, we employ various ELECTRA-
Small models that are pre-trained and fine-
tuned on specific sets of languages for au-
tomatic punctuation restoration (APR) in au-
tomatically transcribed TV and radio shows,
which contain conversations in two closely re-
lated languages. Our evaluation data specifi-
cally concerns bilingual interviews in Czech
and Slovak and data containing speeches in
Swedish and Norwegian. We train and eval-
uate three types of models: the multilingual
(mELECTRA) model, which is pre-trained for
13 European languages; two bilingual models,
each pre-trained for one language pair; and four
monolingual models, each pre-trained for a sin-
gle language. Our experimental results show
that a) fine-tuning, which must be performed
using data belonging to both target languages,
is the key step in developing a bilingual APR
system and b) the mELECTRA model yields
competitive results, making it a viable option
for bilingual APR and other multilingual ap-
plications. Thus, we publicly release our pre-
trained bilingual and, in particular, multilingual
ELECTRA-Small models on HuggingFace, fos-
tering further research in various multilingual
tasks.

1 Introduction

In recent years, multiple automatic speech recogni-
tion (ASR) systems have been developed, becom-
ing integral to our daily interactions with technol-
ogy. These systems are now widely used in vir-
tual assistants, automated transcription tools, and
numerous other applications that convert spoken
language into text.

A key factor driving this widespread adoption
has been the development of advanced deep learn-
ing methods, particularly end-to-end (E2E) sys-
tems (Li, 2022). Unlike traditional ASR ap-
proaches that require separate stages for feature
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extraction, acoustic modeling, and language mod-
eling, E2E systems adopt a more streamlined archi-
tecture. They directly map audio inputs to textual
outputs, reducing complexity and often improv-
ing accuracy. This breakthrough has enabled the
creation of ASR models for many languages (Tosh-
niwal et al., 2017), broadening worldwide access
to speech recognition technology.

Despite these advancements, some ASR systems
still face significant challenges, one of the most
notable being the absence of punctuation marks
in their output. This limitation arises primarily
from the nature of training data, which sometimes
does not include punctuation information. Conse-
quently, some ASR models then produce a continu-
ous stream of words without the linguistic bound-
aries necessary for clear and structured text.

The lack of punctuation negatively impacts both
user experience and downstream tasks. For ex-
ample, in live captioning scenarios, the absence
of sentence boundaries can make text difficult to
read and understand, particularly in fast-paced or
complex dialogues. To solve this issue, modules
for automatic punctuation restoration (APR) are
usually employed at the output of many ASR sys-
tems. In most cases, however, these modules are
pre-trained for only one target language, prevent-
ing them from correctly formatting the output of
multilingual ASR systems (Li et al., 2022) that can
process data streams containing utterances in more
than one language.

2 Motivation for this work

This work focuses on a specific task of APR in
transcribed TV/R (TV and radio) streams contain-
ing speech in two similar languages. This phe-
nomenon occurs often in neighboring countries
(regions) where people speak a similar or mutually
intelligible language.
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For example, the Czech and Slovak Republics
formed one state, Czechoslovakia, between 1918
and 1992; many people born in one country now
live in the second one. The two languages are thus
similar in that native speakers of Czech understand
Slovak and vice versa. The situation is similar in
Scandinavia. Here, the population speaks many re-
lated languages and dialects, the most widespread
of which is the triplet comprising Swedish, Danish,
and Norwegian. Norwegian has many similarities
with the first two languages, so a native Norwe-
gian speaker can understand Danish and Swedish.
Therefore, a Norwegian TV program may often fea-
ture a person speaking Swedish or Danish. A third
example is the former Yugoslavia, which includes
mainly Croatia, Serbia, Bosnia and Herzegovina,
and Montenegro. The people living here speak
mutually intelligible languages belonging to the
western branch of the South Slavic languages.

TV/R programs in these regions containing
speech in more than one language are often bilin-
gual. These are typically interviews or talk shows
in which the invited person or presenter speaks a
different language from the invited guest. In the
Czech Republic, for example, there are many inter-
views with Slovak guests on the Czech television
station DVTYV. On Slovak television, on the other
hand, many Czech guests have appeared on the talk
show “Trochu inak s Adelou”. Another example is
the popular talk show Skavlan, broadcast on Nor-
wegian, Swedish, and Danish television between
2009 and 2021. The Norwegian presenter Fredrik
Skavlan invited various speakers of different Scan-
dinavian languages to the show.

Finally, it should be noted that the issue of tran-
scription and APR in bilingual streams also relates
to the task of live subtitling of various conferences
or social events. For example, it is common for a
conference held in the Czech Republic to feature
speakers of Czech and Slovak and vice versa.

3 Related work and our contribution

The first developed APR methods were purely sta-
tistical. Their biggest drawbacks were their heavy
dependence on the quality of the ASR output and
low robustness to words outside the system dictio-
nary. The latter problem is becoming increasingly
acute with the shift from dictionary-based ASR
models to end-to-end (E2E) systems.

In the next phase of development, recurrent neu-
ral networks (RNNs) have begun to be used (Kim,
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2019), which have shown significantly better per-
formance and allowed the incorporation of both
textual and prosodic features. However, their use
poses a challenge, especially regarding efficient
training data preparation. With the advent of at-
tention mechanism-based transformers, the BERT
architecture (Devlin et al., 2019) was among the
first used for APR. It outperforms the models with
LSTM (Hochreiter and Schmidhuber, 1997) and
BiLSTM layers (Tilk and Alumae, 2015) by more
than 30% (Polacek et al., 2023). All the previ-
ously mentioned models were pre-trained (and fine-
tuned) for only one language. However, in 2019,
multiple languages were combined during pre-
training to create the M-BERT (Pires et al., 2019)
model, which can understand the word-to-word
connections between languages and thus works for,
e.g., the speech translation task.

In this work, we take advantage of the
ELECTRA-Small architecture, which achieved bet-
ter results for the APR task than the BERT model in
our previous study (Polacek et al., 2023); we train
one multilingual model for 13 selected European
languages and two bilingual models Czech-Slovak
(CZ+SK) and Norwegian-Swedish (NO+SE) to en-
hance language modeling across closely related
languages by leveraging shared linguistic features.
We then investigate the performance of all these
models fine-tuned for APR on bilingual corpora
and compare their results to monolingual models
that are fine-tuned on the same data. For this eval-
uation, we utilize a dataset containing bilingual
Czech-Slovak and Norwegian-Swedish texts. Our
results show that pre-training and fine-tuning on
data belonging to both languages are necessary to
achieve the best performance and that the differ-
ence between the results of monolingual and bilin-
gual models increases with the bigger the language
difference. We also make public pre-trained multi-
lingual and bilingual models on the HuggingFace
platform (Wolf et al., 2020) under a CC-BY-4.0
license:

* Czech-Slovak bilingual model '.
+ Norwegian-Swedish bilingual model 2

» Multilingual model (mELECTRA) for main
European languages >

"https://huggingface.co/AILabTUL/BiELECTRA-czech-
slovak

Zhttps://huggingface.co/AILabTUL/BiELECTRA-
norwegian-swedish

*https://huggingface.co/AILabTUL/mELECTRA



In particular, we believe that a multilingual
model can be useful for the community since no
one has yet made the ELECTRA architecture in a
multilingual version public. Its training requires a
lot of data and significant computational resources.

4 Adopted bilingual & multilingual
models

As aforementioned, based on our previous re-
search in (Polacek et al., 2023), where we inves-
tigated multiple transformer-encoder model types
(Vaswani et al., 2017) for the APR task, the neural
network architecture adopted in this work corre-
sponds to the ELECTRA-Small model (Clark et al.,
2020). This model is complemented with a classi-
fication head consisting of one feed-forward layer
and one linear layer. The feed-forward layer takes
a feature vector of size 256 on input and produces
a feature vector of size 512 after passing through
the SELU(Klambauer et al., 2017) activation func-
tion. The second linear layer produces a probability
score for 4 classes (none, dot, comma, and question
mark).

4.1 Tokenization

For tokenization of all models, we employ the
SentencePiece tokenizer (Kudo and Richardson,
2018) with a vocabulary size of 30,525 as the au-
thors in (Polacek et al., 2023). The amount of data
used to create the vocabulary is the same for each
language and corresponds to the smallest amount
available, i.e., 3.75 GB for Portuguese (the size
of training data for each language is summarized
in Table 1). This approach ensures an equal data
distribution for all languages, mitigating token im-
balance. Note that all punctuation marks (e.g., pe-
riod, question mark, and comma) and numbers are
defined as separate tokens during tokenization.

The numbers in Table 2 and Table 3 for Czech
and Swedish, respectively, then underscore the ef-
ficiency of leveraging language similarity when
constructing tokenizers. For example, mixing Slo-
vak and Czech data to create single tokenizer just
slightly increases the total token count for the
Czech text corpus by 1.2%. Similarly, mixing Nor-
wegian and Swedish data to create a single tok-
enizer increases the token count on Swedish data
by 5.6%, which shows that Swedish and Norwe-
gian are slightly more distant languages than Czech
and Slovak.

At the same time, the multilingual tokenizer,
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which supports 13 languages, extends the token
count by just 32.1% on Czech data and by 33.5%
on Swedish data. These numbers suggest that the
multilingual tokenizer maintains a reasonable bal-
ance between flexibility for multiple languages and
efficiency for individual ones, making it well-suited
for multilingual applications.

4.2 Pre-training and data used

We followed the pre-training procedure outlined
for the ELECTRA model in (Clark et al., 2020),
adapting it for our multilingual setup. As men-
tioned, the multilingual model was trained using
data from 13 languages, with their representation
determined by the availability of language-specific
data to ensure a fair and meaningful comparison
with single-language models. This approach al-
lowed us to balance the model’s capacity to gener-
alize across multiple languages while preserving
its performance for individual languages.

The primary data source for each language was
transcriptions from TV/R broadcasts, which pro-
vide a rich and diverse representation of spoken
language. As a complement, smaller portions of
the dataset included newspaper articles and legal
texts. This data added variety and improved the
model’s understanding of different text domains.
Details of the pre-training data are shown in Ta-
ble 1. Note the total dataset size was 34.8 GB
for the Czech-Slovak (CZ+SK) model, 13.26 GB
for the Norwegian-Swedish (NO+SE) model, and
131.51 GB for the multilingual model.

Data preparation for pre-training involved care-
ful processing to ensure consistency. First, all to-
kenized samples (each containing sentences from
a single language) were combined into a unified
dataset. These samples were then shuffled across
languages to ensure balanced representation within
batches. This batching strategy facilitated the
model’s exposure to diverse linguistic patterns dur-
ing pre-training, helping it learn shared representa-
tions.

For both pre-training and fine-tuning, we used a
single NVIDIA H100 GPU (80 GB VRAM) and
16 GB of system RAM. The pre-training of each
ELECTRA-Small model took approximately 40
hours. Fine-tuning took about 6 hours per model.
All training was performed with mixed-precision
(FP16).



Language | SE | SL | SK | PT | PL | NO | IT | HR | FR | EN | DK | DE | CZ
Size [GB] || 429 | 6.82 | 10.9 | 3.75 | 11.1 | 897 | 941 | 142 | 15.7 | 7.24 | 433 | 10.9 | 23.9
Table 1: Summary of training data available for individual languages
Tokenizer | Number of tokens [% ] vak moderators, and Czech guests (from the talk
CZ 100.0 show “Trochu inak s Adelou’). This bilingual set
CZ+SK 101.2 is publicly available*,
Multilingual 132.1 For NO/SE evaluation, we also used monolin-

Table 2: Percentage of tokens for Czech data using
different tokenizers; CZ tokenizer is the 100% baseline.

Tokenizer | Number of tokens [ %]
SE 100.0
NO+SE 105.6
Multilingual 133.5

Table 3: Percentage of tokens for Swedish data using
different tokenizers; SE tokenizer is the 100% baseline.

S Experimental results

5.1 Evaluation metrics

To evaluate the model performance, we used the
F1 metric, a commonly used measure combining
precision and recall (Van Rijsbergen, 1979). This
metric was specifically calculated for classes rep-
resenting punctuation marks, such as commas, pe-
riods, and question marks, as these are critical for
assessing the model’s ability to predict punctua-
tion correctly. The evaluation utilized a weighted
average approach, where the contribution of each
class to the final F1 score was proportional to its
frequency in the dataset. This ensures that more
frequent punctuation marks, which have a greater
influence on the overall performance, also have a
greater impact on the final score.

To prevent distortion of the results, the "None”
class, representing the absence of punctuation, was
excluded from the evaluation. Since this class is
typically dominant in the dataset, it would dis-
proportionately inflate the F1 score, masking the
model’s true ability to predict punctuation marks
accurately.

5.2 Data used for evaluation

Our data for CZ/SK evaluation consists of man-
ually corrected transcripts of monolingual Czech
TV/R and Slovak TV/R news, bilingual interviews
with Czech moderators, and Slovak guests (from
station DVTV) and bilingual interviews with Slo-

gual Swedish and Norwegian TV/R news tran-
scripts. However, suitable transcriptions for the
bilingual scenario were unavailable, as those of
bilingual shows exist only in a variant translated
to one of the languages. To overcome this issue,
we created a synthetic dataset simulating bilingual
interviews on various topics: we utilized OpenAl’s
GPT-40 model (OpenAl, 2023) to generate artifi-
cial conversations. First, multiple interview top-
ics were selected, including sports, weather, trav-
eling, culture, gastronomy, hobbies, cooperation,
etc. Their generation was then initiated using the
prompt:

”Generate a conversation where one para-
graph is in Norwegian and the other
paragraph is in Swedish and alternate
like this. Write only the paragraphs and
generate a long interview. The topic is
[TOPIC]”

In total, we created 156 artificial interviews. The
resulting bilingual set is also made public?.

5.3 Effect of data size for fine-tuning

The first performed experiment investigates the ef-
fect of the amount of data used for fine-tuning. We
fine-tuned the model for APR using the methodol-
ogy described in our previous work (Polacek et al.,
2023), with the only difference in the amount of
data used. The results for the Czech ELECTRA
model are summarized in Table 4. They show that
only 100 MB of data is sufficient for achieving op-
timal performance. Note that this experiment was
performed on the Czech part of the development
set described in Section 5.2.

“https://owncloud.cesnet.cz/index.php/s/fHHf TnWK8D3202Q2
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Table 4: Results of APR after using datasets of various
sizes for fine-tuning

# tokens (data size) P[%] R[%] F1[%]
4.2M (25 MB) 74.0 68.8 71.3
8.4M (50 MB) 743 69.1 71.6
12.6M (75 MB) 753 731 74.2

16.8M (100 MB) 764 75.5 75.9
33.6M (200 MB) 74.8 743 74.5
50.4M (300 MB) 74.6 750 748
67.2M (400 MB) 75.6 755 75.5
84.0M (500 MB) 7477 74.6 74.6

168.0M (1000 MB) 75.0 74.2 74.6

252.0M (1500 MB) 754 752 75.3

336.0M (2000 MB) 744 744 74.4

420.0M (2500 MB) 749 749 74.9

For bilingual and multilingual models, we se-
lected 100 MB of text data for each language (i.e.,
200 MB in total for each bilingual model). To
mimic realistic scenarios such as bilingual debates,
we split the fine-tuning corpus into individual sen-
tences and randomly mixed them into batches. Ad-
ditionally, we applied a preprocessing step where,
in 50% of the samples, 1-3 words were removed
from the beginning and the end of the sequence.
This approach improves training data variability
and ensures that not all training sequences repre-
sent complete sentences.

5.4 Results on Czech and Slovak data

In Table 5, we report the results of the next per-
formed experiment: first, the SK model was fine-
tuned on Slovak data only (a), and the CZ model
was fine-tuned on Czech data only (b). Next, both
models were fine-tuned on a combined CZ+SK
dataset (c,d). Subsequently, the mELECTRA
model was fine-tuned on the same CZ+SK dataset
(e), and finally, the bilingual CZ+SK model under-
went fine-tuning on the same data (f).

The yielded results highlight the importance of
using data for fine-tuning from both languages in-
tended for inference. This fact follows from the
first and second rows, where fine-tuning for just
one language leads to a significant performance
drop for the second one. In other words, the SK
model (a) shows a 15.7% decrease in F1 score
on the CZ evaluation dataset compared to the SK
model fine-tuned on CZ+SK data (c), and the CZ
model (b) shows a 15.9% decrease in F1 compared
to the CZ model fine-tuned on CZ+SK data (d).
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These results also confirm that fine-tuning on both
languages yields a noticeable improvement in per-
formance. Furthermore, the results in Table 5 also
show very good performance of the mELECTRA
model, which, after fine-tuning on Czech and Slo-
vak data, yields just slightly worse F1 values than
the best-performing models pre-trained for a single
language.

pre-training fine-tun. | CZ F1[%] | SKF1[%]
(a) SK SK 59.9 71.2
(b)CZ CzZ 77.8 57.0
(¢c) SK CZ + SK 75.6 74.4
(dCcz CZ+ SK 76.2 72.9
(e) mELECTRA | CZ + SK 76.4 74.1
(f) CZ + SK CZ+ SK 76.0 73.1

Table 5: Comparison of various APR models on mono-
lingual Czech and Slovak datasets

The next experiment, see Table 6, presents the
results yielded on bilingual transcripts of TV/R
interviews. The obtained results reveal that the
performance of all evaluated models is similar, em-
phasizing the key role of fine-tuning, which enables
the models to adapt effectively to the specifics of
the target dataset and to mitigate differences arising
from pre-training. Notably, the mELECTRA model
(e), despite being pre-trained for many languages,
performs only 0.5% worse than the best model (f).
This small gap demonstrates, similarly to the previ-
ous experiment, the potential of a general-purpose
multilingual model, which can eliminate the need
for pre-training language-specific models for the
APR task.

pre-training fine-tun. | CZ+SK F1 [%]
(a) SK SK 62.9
(b)CZ Ccz 61.2
(c) SK CZ + SK 66.6
(d)yCcz CZ + SK 66.3
(e) mELECTRA | CZ + SK 66.2
() CZ + SK CZ + SK 66.7

Table 6: Comparison of various models on a bilingual
Czech/Slovak dataset

5.5 Results on Norwegian and Swedish data

Similar to the previous evaluations, we conducted
experiments using models pre-trained on a single
language (Norwegian or Swedish), on both lan-
guages (NO+SE), and using all available multilin-
gual data (mELECTRA). From Table 7, it is obvi-
ous that the performance on the language, which



was not used for fine-tuning, drops by 44.6% for
model (a) on Norwegian data and by 47.3% for
model (b) on Swedish data. On the contrary, the
use of both languages for fine-tuning yields signif-
icant improvements in performance for both lan-
guages. Specifically, model (c) has an F1 of 1.8%
higher on Norwegian data compared to the single-
language model (a). Similarly, under the same
conditions, model (d) achieved a 0.5% increase in
F1 over model (b). The mELECTRA model (e)
performed comparably to model (d) on Norwegian
data, while its accuracy on Swedish data was only
2.8% lower. The best-performing model (f) was
found to be only 2.2% less accurate than model
(c) on Norwegian data and 0.9% less accurate than
model (d) on Swedish data, demonstrating its com-
petitive performance across both languages.

pre-training fine-tun. | NOF1[%] | SEF1[%]
(a) NO NO 71.1 19.9
(b) SE SE 23.8 64.5
(c) NO NO + SE 72.9 52.3
(d) SE NO + SE 66.6 65.0
(e) mELECTRA | NO + SE 67.0 62.2
(f) NO + SE NO + SE 70.7 64.1

Table 7: Comparison of APR models on monolingual
NO and SE datasets

The last experiment presented in Table 8 shows
the results for the artificially created bilingual Nor-
wegian/Swedish dataset. Here, it is evident that
model (c) achieved the worst results and models
(d) and (e) yielded (as expected from the previous
experiment) similar F1 values of 71.6% and 71.7%,
respectively. The best results were obtained by us-
ing model (f). However, its F1 value of 74.2% is
just by 2.5% higher than that of the mELECTRA
model (e). This means that the model pre-trained
on all multilingual data proves good performance
not only for the Czech/Slovak data but also for
Norwegian/Swedish bilingual interviews.

pre-training fine-tun. | NO+SE F1 [%]
(a) NO NO 67.5
(b) SE SE 64.1
(¢) NO NO + SE 67.8
(d) SE NO + SE 71.6
(e) mELECTRA | NO + SE 71.7
() NO + SE NO + SE 74.2

Table 8: Comparison of various models on a bilingual
Norwegian/Swedish dataset
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6 Conclusion

This study demonstrates the necessity of fine-
tuning bilingual and multilingual models for APR
in bilingual ASR outputs. Our findings indicate
that as the difference between the two languages
increases, the need for fine-tuning using data be-
longing to both of them becomes crucial. Without
adequate fine-tuning, performance for the untrained
language drops significantly.

At the same time, we show that the more the lan-
guages differ from each other, the more important
the data for pre-training is. For the Czech/Slovak
data, there was almost no improvement with pre-
training on both languages, whereas, for the Norwe-
gian/Swedish pair, there was already a more than
2% improvement. In other words, using bilingual
data only for fine-tuning does not guarantee the
best results.

Furthermore, in specific cases such as Slovak,
fine-tuning of monolingual, bilingual, and multilin-
gual models on CZ+SK datasets resulted in perfor-
mance improvements compared to training solely
on SK data. This suggests that leveraging linguis-
tic similarities between closely related languages
can enhance model robustness and effectiveness
beyond single-language training.

Lastly, our study identifies a promising alterna-
tive in the use of a pre-trained multilingual model.
This type of model can achieve competitive perfor-
mance with only 100MB of fine-tuning data. This
efficiency makes multilingual models an attractive
solution for handling APR in bilingual as well as
monolingual streams.
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