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Abstract
The rise of large language models has boosted speech and language technologies; however, where transcripts
of audio data are limited, the performance of current technology is not yet satisfactory. One common strategy to
tackle data scarcity is leveraging pseudo-labels, for example automatically transcribing data with a pre-trained
ASR. One critical issue of this approach is assessing the quality of the automatic transcriptions, that may be rather
bad for low-resourced languages. While several filtering approaches exist in literature, they typically work with
decent pre-trained ASR models but may fail otherwise. In this work we propose a phonetic-based ranking, enabling
an effective selection with controllable computational resources; the resulting subset of pseudo-labels serves as
additional material for fine-tuning the source ASR models. Experiments on common benchmarks in three low-
resource languages demonstrate the effectiveness of the proposed approach, yielding up to a 3-point reduction in WER.

Keywords: low-resource language, speech recognition, weak supervision, phonetic transcription, pseudo-

labeling, data filtering
1. Introduction

Recent years have seen remarkable progress
in language and speech technologies, fueled by
breakthroughs in deep learning and the growing
availability of large-scale datasets (Prabhavalkar
et al., 2023). In particular, the emergence of self-
supervised representation learning methods has
substantially reduced the dependence on anno-
tated data (Ericsson et al., 2022). Despite these
advances, low-resource scenarios (i.e. data avail-
ability and manual annotations are limited) con-
tinue to pose significant challenges for systems de-
ployed in production environments (Lam-Yee-Mui
et al., 2023), which traditionally rely on large-scale
speech corpora for effective training. Additionally,
the process of collecting and manually transcrib-
ing spoken language data remains both resource-
intensive and costly (Yu et al., 2024; Gaido et al.,
2024). Given the vast linguistic diversity across the
globe, the development of speech recognition tech-
nologies tailored for underrepresented languages
and specialized domains has become increasingly
crucial in broadening access to these modern com-
putational tools for a wider range of users.

A widely adopted strategy to mitigate data
scarcity in ASR is transfer learning (Lam-Yee-Mui
etal., 2023; Zhou et al., 2024), which harnesses the
knowledge of large-scale corpora to improve model
performance in low-resource tasks and languages
by exploiting multilingual and cross-lingual similar-
ities (Farooq et al., 2023; Yu et al., 2023; Pifieiro-
Martin et al., 2024). Data augmentation (Bartelds
et al., 2023; Lu and Li, 2024) offers a compelling
strategy to enhance model generalization to un-

seen data by artificially expanding the training data
set through various techniques. Generally, unla-
beled speech data are available in relatively large
quantities, even for underrepresented languages,
making its use increasingly viable for augmenting
speech datasets with pseudo-labels automatically
generated using a pre-trained ASR. Typically popu-
lar models exhibit transcription performance below
20% WERSs and this can guaranty on average reli-
able quality for weakly supervised training; however,
for low resource languages, the resulting WERs
may be higher than 50% - e.g. (Radford et al., 2023)
presents tables highlighting specific datasets or lan-
guages that exhibit particularly WERs - and in this
case the strategy may fail.

In this study, we propose an approach for as-
sessing the quality of pseudo-labels by leverag-
ing multilingual phonetic transcribers and analyz-
ing phonetic units rather than graphemes; we use
the terms pseudo-labeling and weak supervision
interchangeably. Previous research has demon-
strated the effectiveness of multilingual alphabets
in the development of multilingual ASR systems
for low-resource languages using models trained
from scratch (Liu et al., 2020; Schultz and Schlippe,
2014; Yusuyin et al., 2024; Lee et al., 2025). Ad-
ditionally, selecting the most informative subsets
of data for fine-tuning foundation models based
on error metrics has been shown to be effective in
active learning-based ASR approaches (Riccardi
and Hakkani-Tur, 2005; Long et al., 2013; Fu and
Ru, 2019) as well as in vision applications (Mariya
etal., 2019; Paul et al., 2021; Sorscher et al., 2022).
Therefore, we investigate the application of this ap-
proach to select subsets of utterances from an un-
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labeled dataset that meet the quality requirements
for effective model training.

Additionally, we assess the usefulness of these
weakly-labeled, filtered speech datasets in the con-
text of European languages (Gaido et al., 2024; Rao
Koluguri et al., 2025), where notable disparities
in recognition performance have been observed
across official languages. We pursue this direction
by moving into the phonetic domain to better ex-
plore cross-lingual similarities. Specifically, we rank
automatic transcripts based on estimated accuracy
using representations derived from the International
Phonetic Alphabet (IPA). These rankings are then
used to select the most promising utterances, aim-
ing to balance the trade-off between the quantity of
training data and the quality of the labels.

In summary, the contributions are as follows. a)
Starting from automatic transcripts obtained with a
state-of-the-art ASR, we present a filtering scheme
that ranks the automatic transcripts (i.e. pseudo
labels) based on an estimate of their accuracies
using representations based on IPA. These rank-
ings are then used to select the most promising
utterances, balancing the trade-off between the
amount of training data and the quality of the la-
bels. The method may be applied to any lan-
guage, particularly in case of very low ASR
performance, and it does not require high com-
putational resources. b) on three standard ASR
benchmarkswe show that our selection methods
allow to increase the ASR performance in three
low-resource languages: Lithuanian (It), Maltese
(mt) and Slovenian (sl) for which ASR performance
is worse than other EU languages, or the labeled
audio resources are scarce, gaining approximately
2 to 3 WER points.

1.1.

The use of weak supervision, or pseudo-labels,
obtained by automatically transcribing unlabeled
audio data with a pre-trained ASR has been ex-
plored in several works to target data scarcity (Attia
et al., 2025; Shao et al., 2025; Damianos et al.,
2025; Rangappa et al., 2025a; Cheng et al., 2024).
Iterative pseudo-labeling (IPL) (Xu et al., 2020;
Likhomanenko et al., 2023) consists of iteratively
refining the ASR model and, therefore, the qual-
ity of the transcript. Another line of work investi-
gates training strategies specifically designed for
pseudo-labels as in (Higuchi et al., 2022), which
also operate in an iterative fashion, and (Ling et al.,
2022; Gao et al., 2023) or transfer learning from
similar high-resource languages (San et al., 2024).

Another popular direction involves filtering the
weak-labels in order to retain only the most ac-
curate ones. This can be achieved by predicting
errors in the transcriptions by comparing the output
of different systems (Ali and Renals, 2018, 2020;
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Chowdhury and Ali, 2023; Bhogale et al., 2024), im-
plementing some heuristics and using confidence
measures as in (Tang et al., 2022; Bhogale et al.,
2024) or relying on word-ratio and perplexity dis-
tribution metrics (Rangappa et al., 2025b). These
approaches typically rely on decent accuracy of
the pseudo-labels whose WER may be around 20-
25%.

The method proposed in this paper falls into the
last category, namely, it is a filtering approach that
can be applied in combination with iterative training
or other methods specifically designed for pseudo-
labels. Unlike the approaches mentioned above,
our method has several advantages. First, does
not need preliminary training, meaning that no
additional training data is required to rank the tran-
scripts. Second, it does not rely on information
from the ASR system (e.g., confidence scores), al-
lowing the ASR to be treated as a black-box off-the-
shelf component. Third, the method is language-
independent. Fourth, it uses computationally
lightweight IPA recognizers, which are more ef-
ficient than approaches that require two or more
ASR engines. Finally, our filtering strategy is par-
ticularly effective for low-resource languages,
where initial models often perform poorly because
the IPA model can leverage cross-lingual informa-
tion.

2. Methodology

Our proposed approach is depicted in Figure 1.
We use fine-tuned versions of whisper-large-
v3 to automatically transcribe the unlabeled data,
generating the pseudo labels. Given the input audio
sequence s and the Whisper (word-based) ASR
engine W we obtain the automatic transcripts iy :

by = W(s). (1)

In order to estimate the quality of the transcripts, we
leverage the availability of (multi-lingual) pre-trained
models that exploit cross-lingual representations
and are capable of generating phonetic-based hy-
potheses (i.e. sequences of IPA symbols) (Xu et al.,
2022; Taguchi et al., 2023). In this work, we use
the model wav2vec-1v-60-espeak-cv-ft' de-
scribed in (Xu et al., 2022). The model is based
on Wav2vVec?2, which is fine-tuned on multilingual
data to produce IPA symbols as output (Taguchi
et al., 2023). From s we can therefore obtain the
sequence of IPA symbols pg:

pe = E(s), (@)

where E is a phonetic transcriber (Bernard and
Titeux, 2021). Since this model learns phonetic

"https://huggingface.co/facebook/
wav2vec2-1lv-60-espeak-cv-£ft
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Figure 1: Pipeline for training data selection. Each audio sample is transcribed with two pipelines; the
edit distance between the two resulting phonetic sequences (PER) is used to rank the data.

representations, it operates more at the acoustic
level. Therefore, we can assume that its output is
less dependent on both the specific language and
the specific domain. Note that, in principle, more
than one ASR system could be used to produce [y
or pg, thus generating several alternate hypotheses
to combine and, consequently, improving the auto-
matic selection process and the final performance
as in (Ali and Renals, 2018, 2020; Chowdhury and
Ali, 2023; Bhogale et al., 2024). However, decod-
ing large amounts of unlabeled data with current
ASR systems is extremely costly and time consum-
ing. Moreover, if their quality is very low, as in
low-resourced settings, their comparison is often
not useful.

Using an open-source phonemizer? P, we con-
vert the transcript into IPA symbols:

pw = P(lw) (3)

and evaluate the similarity between the two pho-
netic sequences through the edit distance. This
results in a Phone Error Rate (PER) associated
with each weak transcript:

e(lw) = PER(D(pw, pE)) (4)

where D is the edit distance. We speculate that
the PER correlates with the quality of the automatic
transcriptions and can be used to rank them.

As a preliminary analysis of the efficacy of our
proposed method, Table 1 reports the Pearson
Correlation Coefficients (PCC) that measures the
correlation between the PERs introduced above
(i.e. measuring the edit distance between the hy-
potheses produced by the two models) and the
actual CERs measured on labeled datasets (the
transcribed Vox Populi test sets for Lithuanian and
Slovenian and the MASRI test set for Maltese, see

2https://github.com/bootphon/
phonemizer

Table 1: Agreement, measured as Pearson Corre-
lation coefficients (PCC), between real CERs ob-
tained with whisper-large-v3 and our PERs (the pro-
posed quality estimator), obtained on the labelled
test set of Vox Populi for Lithuanian and Slovenian,
and on the MASRI test set for Maltese (first row).
The second row reports the PCCs beetween the
actual CERs and the CERs estimated using two
ASR transcripts (i.e. with two different ASR models:
Whisper and MMS).

It mt sl
097 090 0.86

whisper-large-v3 vs.
wav2vec2-lv-60-espeak-cv-ft
whisper-large-v3 vs.
mms-1b-fl102

0.98 0.86 0.89

Section 3.1 for details on these corpora). Note
the rather high correlation between our estimator
and the actual CER of the transcript, which con-
firms that the proposed phonetic ranking is effec-
tive. As a comparison, we also report the PCCs
with an estimator based on two diverse ASR mod-
els (i.e. whisper-large-v3 and the popular
Meta’'s MMS, mms—-1b-£1102, trained in 102 lan-
guages %), which is a reasonable alternative. On
average, the correlations obtained with the pho-
netic model are slightly better than those obtained
by using two ASR engines. However, even if corre-
lations are similar, using an auxiliary ASR model is
extremely time-consuming, whereas the phonetic
model is very fast and computationally efficient.
Therefore, in this work, the filtering mechanism is
based on this phonetically-based comparison.
Finally, PERs associated with the different sen-
tences can be used to select the weak labels fol-
lowing two approaches: a) sentences are selected
according to a given threshold, leveraging a trade-

Shttps://huggingface.co/facebook/
mms—1b—-£1102
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off between quality and quantity, or b) ranking the
transcribed utterances to select the top-K, in case
a given amount of training data is necessary. In
the next section, we experimentally demonstrate
the effectiveness of this ranking method.

3. Experimental Setup

3.1. Datasets

We evaluate the proposed approach considering
three public datasets that cover many European
languages: Common Voice 19 (CV) (Ardila et al.,
2020), FLEURS (FL) (Conneau et al., 2023), and
VoxPopuli (VP) (Wang et al., 2021). Specifically,
three European languages are selected for which
limited amounts of public labeled training data are
available and for which the performance of cur-
rent publicly available multilingual ASR systems is
rather low (if compared against other more repre-
sented languages): Lithuanian (It), Maltese (mt)
and Slovenian (sl). Statistics related to the three
datasets for the languages under analysis are re-
ported in Table 2.

The reported volumes confirm that unlabeled ma-
terial is often available in quantity. Even if VP does
not include a transcribed section for Maltese, we
are particularly interested in the language due to the
very low performance of current multilingual mod-
els. Therefore, we also consider the MASRI (test)
corpus (Hernandez Mena et al., 2020). It consists
of YouTube videos belonging to the University of
Malta channel (1 hour) and is gender balanced; the
audio transcription was performed by the MASRI
Team at the University of Malta.

3.2. Implementation

As ASR baseline, we consider the whisper-
large—-v3 model (Radford et al., 2023): a pop-
ular state-of-the-art multilingual speech recognizer
trained on 99 languages. Greedy search is used
as the decoding strategy in the experiments.

Figure 2 shows our approach: Whisper is first
fine-tuned on CV and FL training sets, for each lan-
guage. Then, the resulting fine-tuned model is used
to transcribe the unlabeled VP data, which also un-
dergo phoneme recognition. The most promising
unlabeled VP data, using the PER selection pro-
cedure, are then used to augment the CV and FL
training sets and fine-tune again the original Whis-
per model.

As a preliminary analysis, Table 3 reports the
performance (as Word Error Rate, WER%) of the
baseline model (first row) on both CV and FL evalu-
ation sets. It is evident that the WERs for the three
languages we are focusing on are not satisfactory,
particularly compared to the performance reported

Table 2: Statistics for Common Voice, FLEURS and
VoxPopuli in hours and minutes (hh:mm). Com-
pared to high-resource languages, the labeled au-
dio material is very limited while the availability of
unlabeled data is vastly greater (Wang et al., 2021).
For Common Voice we consider the official parti-
tions.

CommonVoice (CV)

Train Dev Test
It 10:11 06:33 07:08
mt 02:23 02:05 02:19
sl 01:20 01:22 01:25
FLEURS (FL)
Train Dev Test
It 09:45 01:10 02:58
mt 09:54 01:29 03:32
sl 07:45 00:53 02:16

VoxPopuli (VP)

Transcribed  Unlabelled

It 01:28 14404:00
mt - 9083:00
sl 09:39 11331:00

Unlabelled-VP

¥
oo
/

S
o
XY X
¢

Weakly transcribed-VP

L

Figure 2: Whisper is fine-tuned on CV and FL train-
ing sets. The new model is used to transcribe the
unlabelled VP data. The selected transcripts aug-
ment CV and FL training sets to fine-tune again the
Whisper model.

CV+FLEURS train

B8-8
e IS
fine-tune

whisper+FT (CV-FL)

fine-tune

in high-resource languages, where WERs are typi-
cally much lower than 10% % for these datasets.
As mentioned in Sec. 1, one common approach
is to specialize the multi-lingual model to a given
language with labeled data. This is in fact benefi-
cial, as shown in Table 3. Starting from the original
Whisper model, full fine-tuning (FT) or adapting (us-
ing default LoRA transformations on the query and
value projection layers of the self-attention mecha-
nism) on the CV training set improves performance
even using a very small amount of training data
(less than 1.5 hours for Slovenian, for example).
However, the procedure shows model brittleness,
since improvements on FL are negligible or even
negative, and LoRA is not always effective. In gen-
eral, fine tuning the model may improve the per-
formance, but WERs are largerly far from that of
high-resourced languages and there is room for
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Table 3: WER (%) on CV and FL with Whisper
models: whisper-large-v3, whisper-large-v3 fine-
tuned on CV, whisper-large-v3 adapted with LoRA
on CV and whisper-large-v3 fine-tuned on CV and
FT.

Ccv FL

whisper-large-v3 31.1 25.3

It +FTon CV 17.2 240
+ LoRA on CV 19.8 28.1

+ FT on CV-FL 155 22.6
whisper-large-v3 829 743

mt FT on CV 283 32.6
+ LoRA on CV 76.6 68.9

+ FT on CV-FL 14.7 16.6
whisper-large-v3 18.8 20.6

sl +FTon CV 16.1  26.2
+ LoRA on CV 11.8 22.2

+ FT on CV-FL 15.9 23.8

further improvement

These experimental results highlight the neces-
sity of exploring strategies to enhance the effec-
tiveness of multilingual models in low-resource lan-
guage settings, particularly by leveraging the avail-
ability of unlabeled audio data. Henceforth, we
define the model fine-tuned on both CV and FL
as the baseline. Given the contrastive findings ob-
served with LoRA in the preceding experiments,
the remainder of this paper focuses exclusively on
full fine-tuning.

3.3. Selection of weakly supervised data

Using the quality predictor described in Section 2,
we select different volumes of VP data to be used
to supplement the initial training set. Table 4 il-
lustrates the data volumes selected according to
different PER thresholds: with higher values, the
amount of weakly supervised material increases at
the expense of the expected quality of the associ-
ated transcripts.

Table 4: Data selection on the VP unlabeled
dataset, based on automatic PER-based ranking:
data volumes selected according to different PER
thresholds for the three languages.

PER % It mt sl
25 43h 7m 87h
30 640h  200m 1191h
35 3168h 64h  3906h
40 7059h 576h 6400h
45 9932h 2153h  7845h
50 11243h  4006h 8531h

As expected, very different subsets across lan-

guages are created for a given threshold. The very
different quality of the transcriptions combined with
the capabilities of both the phonetic model and the
phonemizer induce very specific phonetic distances
on the three languages. Note that the Maltese sub-
sets are considerably smaller compared to the other
two. While after fine tuning on CV and FL Whisper
largely improves for Maltese on the related test sets
(14.7% and 16.6% WER as reported in Table 3),
performance is probably still low for VP which leads
to selecting smaller amount of data for a given PER
in comparison with the other languages. Note that
the proposed quality estimation method correlates
well with the actual WER on the transcribed part of
VP as reported in Table 1, so we can reasonably
assume that the fine-tuned model does not work
well on VP. Given these augmented training sets,
the Whisper model is fine-tuned again using CV,
FL and the weak labels from VP.

3.4. Fine-tuning setup

We experiment with different values of the PER
threshold to estimate the best trade-off between
quantity and quality. The popular transformers li-
brary (Wolf et al., 2020) is used for the experiments,
which are carried out on a NVIDIA H100 GPU. The
learning rate and batch size are set to 0.00005 and
32, respectively; Adam with weight decay is used
as optimizer; the best checkpoint is selected on
the FL development set, using the Character Error
Rate (CER) as metric.

4. Results

We initially focus on Maltese, as it is the language
with less data and poorer baseline performance.
First, we further experimentally validate our pre-
liminary observations in Table 1 on the correlation
between the PER and the transcription usefulness
completing the entire pipeline. We select 100 hours
of automatic VP transcripts for fine-tuning, either
randomly or using our PER-based quality estimator.

The results reported in Table 5 confirm that se-
lecting training samples with the lowest PER for
fine-tuning is appropriate, as it consistently outper-
forms random selection. This is particularly evident
on the MASRI test set for which no training data is
used at all. On both CV and FL test sets, for which
labeled training data are available and have been
used to fine-tune the model, the improvement is
smaller, but consistent.

Having assessed the usefulness and potential of
the proposed approach, we investigate the trade-
off between quantity and quality of the weak labels.
Table 6 reports the results obtained by selecting
different amounts of training data on Maltese. The
results confirm the validity of our approach on all
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Table 5: WER (%) achieved on the Maltese evalua-
tion sets selecting 100h of VP automatic transcrip-
tions randomly or using our proposed approach.

selection method CVitest FLtest MASRI test
random 15.5 15.6 51.6
PER-based 133 145 33.5
(proposed)

test sets. The selection procedure adds training
material that consistently improves the resulting
fine-tuned model. Although a certain degree of
adaptation to the dataset is observable, WERs, in
particular on MASRI, confirm the positive impact
of the augmentation strategy, which improves the
WER from 45.2% to 33.0% using a value of PER
threshold equal to 35%, which corresponds to fur-
ther 64 hours of training data (see Table 4).

As mentioned above, the improvement is more
evident in MASRI because both FL and CV data
have already been utilized in the first fine-tuning
step. Nevertheless, significant WER improvements
are observed also on both CV and FL tests sets:
from 14.7% to 13.6% and from 16.6% to 15.1%,
respectively with PER threshold equal to 35%. Note
also that there seems to exist an optimal quality-
quantity trade-off: selecting data of lower quality
(i.e. PER higher than 40%) deteriorates the perfor-
mance.

Table 6: WER (%) results on Maltese: the amount
of weakly supervised VP portion is selected based
on PER. Whisper+FT-CV-FL represents the model
fine tuned on CV and FL (i.e., no weak label aug-
mentation).

PER (%) th CVtest FLtest MASRI test
Maltese

whisper-large-v3

+ FT on CV-FL 14.7 16.6 45.2
30 14.5 14.3 34.0
35 13.6 15.1 33.0
40 14.2 16.3 38.4
45 14.3 16.6 39.9
50 14.8 16.6 43.5

To further investigate the impact of transcription
quality, we generated new transcripts using a better
model fine-tuned on proprietary data by the MASRI
Project (Hernandez Mena, 2023) .

Given the quantity and type of data in the MASRI
dataset, this model is expected to generate better
weak labels than our model (only) fine-tuned on
CV and FL. Figure 3 illustrates that augmenting
the training material with this transcript results in
improved models (the yellow curve is consistently

below the red curve). Since the transcripts are
of higher quality, the same PER threshold selects
more training material (for instance, PER 35% cor-
responds to 295h instead of 64h), leading to better
WERs.

However, also this curve exhibits a local min-
imum, indicating that using all transcripts is not
optimal for fine-tuning. This suggests a trade-off
between audio quantity and transcript quality.

60 : : :
—e— whisper-large-v3+FT-CV-FL
50 whisper-large-v3+FT-MASRI

30 35 40 45 50
PER threshold (%)

Figure 3: WER results on MASRI test set with
whisper-large-v3 fine-tuned on a training set
which includes CV, FL, and different portion of VP.

To complete the experimental analysis, we ex-
amine the remaining two languages under investi-
gation. The results, presented in Table 7, demon-
strate a consistent pattern, indicating that an opti-
mal data quantity — corresponding to a 25% PER
— yields superior performance across multiple
datasets and languages. In the case of Lithuanian,
the initial WERs are recorded at 15.3%, 22.6%,
and 35.2%. Incorporating selected VP data into
the training material improves performance in all
three test sets, resulting in WERs of 15.5%, 19.5%,
and 33.1%.

Similarly, for Slovenian initial WERs are 15.9%,
23.8%, and 34.6% whilst after fine-tuning with addi-
tional 87 hours (i.e., threshold 25) we obtain 13.4%,
20.4%, and 27.7%, respectively. Note that this
trade-off corresponds to 43 and 87 hours for Lithua-
nian and Slovenian, respectively, which aligns with
the 64 hours trade-off observed for Maltese.

Finally, Figure 4 provides a comprehensive sum-
mary of the key findings presented so far, illustrating
the progressive improvements in WER. The analy-
sis considers the Whisper baseline, the fine-tuned
models trained on the initial small dataset, and
the additional enhancements introduced by the pro-
posed data selection method for weakly supervised
training. For this evaluation, we adopt the optimal
PER threshold, determined from the MASRI and
VP transcribed out-of-domain test datasets.

The results indicate that only a relatively small
amount of additional training data is required to
achieve significant model improvements: in our
setup, the largest performance gains are observed
with Slovenian (87 hours), Lithuanian (43 hours),
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Table 7: WER results on Lithuanian and Slovenian
test sets with fine-tuned whisper models, where the
amount of weakly supervised VP portion is selected
based on PER.

PER % th CVitest FL test Ve
transcribed
Lithuanian
whisper-large-v3
+ FT on CV-FL 153 226 35.2
25 15.5 195 33.1
30 16.1 20.8 33.4
35 17.4 22.8 35.0
Slovenian
whisper-large-v3
+ FT on CV-FL 15.9 23.8 34.6
25 134 20.4 27.7
30 14.9 23.4 30.3
35 17.9 24.4 30.8

and Maltese (64 hours). A more granular investi-
gation is necessary to further evaluate the precise
trade-off between data quantity and transcript qual-

ity.

5. Conclusion

In this work, we have investigated a data selection
mechanism based on a ranking strategy based on
phonetic comparison between a multilingual phone
model and a Whisper model. The quality of the tran-
script is then estimated and in turn used to select
a suitable subset as additional training material.

In an ASR scenario for low-resource European
languages, we have shown the effectiveness of
weakly supervised training on unlabeled data in
three different languages (Maltese, Lithuanian, and
Slovenian). We proved that this selection improves
the resulting fine-tuned model, also in comparison
with a model fine-tuned on a small labeled dataset;
it is particularly useful when the quality of pseudo-
labels is expected to be low, making it especially
suitable for low-resource languages that typically
exhibit suboptimal ASR performance.

As expected, the optimal data volume varies
according to the target language and the source
model used to generate the automatic transcrip-
tions. More interestingly, our study shows that a
small percentage of the initial unlabeled dataset
allows us to obtain consistent improvements across
datasets.

Promising future directions are the study of other
phonetically driven techniques for data selection
and the use of other cross-lingual phone-base
models tailored for the languages under investi-

80 |- -

60 [ =
40 |CV test |

20 |- *

. h |
Lithuanian Maltese Slovenian
| | |

80 |- -
60 - y

40 | FL test
ol | N
0

Slovenian

Lithuanian Maltese
| |

60 [ =
40 1 VP transcribed

WER (%)

WER (%)

20 | y
0

WER (%)

Lithuanian Slovenian

I Bwhisper-large-v3
I0+FT on CV-FL
00+FT on CV-FL-VP

Figure 4: WERs on Common Voice test and
FLEURS test using whisper-large-v3 and the
corresponding fine-tuned models using CV, FL and
VP portions automatically transcribed and selected
via the proposed method.

gation (Kim et al., 2025), as well as a more so-
phisticated distance or clustering strategy to better
accommodate phonetic units.

6. Ethics Statement and Limitations

All experiments in this work were conducted us-
ing publicly available speech corpora that are dis-
tributed for research purposes. No personally iden-
tifiable or private data was collected or used. We
carefully reviewed the terms of use and data docu-
mentation for each dataset to ensure compliance
with their intended scope and ethical guidelines.
Our study focuses on audio data selection and
pseudo-labeling methods for ASR; transcripts were
generated automatically from publicly released
models and were used solely for research on
weakly supervised learning techniques.
Specifically, the VoxPopuli corpus was employed
as the source for pseudo labels; it consists of
recordings of European Parliament proceedings,
featuring speakers who are predominantly fluent
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and articulate, and who operate within a formal and
controlled acoustic environment.

We acknowledge that this limited demographic
and stylistic diversity introduces potential biases in
the resulting models. The relatively high quality of
speech, professional context, and restricted linguis-
tic and cultural variability may not reflect real-world
speech conditions such as spontaneous conversa-
tion, diverse accents, or variable recording qual-
ity. Consequently, the findings derived from this
dataset may not be generalized to broader popula-
tions or less formal speech domains.

Future work should incorporate more heteroge-
neous and representative datasets to mitigate these
limitations and better evaluate the robustness of
weakly supervised ASR approaches.

This research does not involve new data collec-
tion or interventions in the datasets. All results
are shared according to the principles of responsi-
ble Al research, emphasizing reproducibility, trans-
parency, and respect for the rights to data usage.
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