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Abstract

This paper investigates approaches for the
IWSLT low-resource track, Track 1 (speech-
to-text translation) for the Maltese language,
focusing on data augmentation and large pre-
trained models. Our system combines Whisper
for transcription and NLLB for translation, with
experiments concentrated mainly on the transla-
tion stage. We observe that data augmentation
leads to only marginal improvements, primar-
ily for the smaller 600M model, with gains up
to 0.0026 COMET points. These gains do not
extend to larger models like the 3.3B NLLB,
and the overall impact appears somewhat incon-
sistent. In contrast, fine-tuning larger models
using QLoRA outperforms full fine-tuning of
smaller models. Moreover, multi-stage fine-
tuning consistently improves task-specific per-
formance across all model sizes.

1 Introduction

Despite increasing advances in multilingual tech-
nologies, the development of speech translation
(ST) systems for low-resource languages contin-
ues to pose significant challenges. Maltese, though
an official language of the European Union, ex-
emplifies these difficulties. Currently, there are
approximately 200 language resources available
for Maltese, a relatively small amount, especially
compared to the availability of resources for lan-
guages spoken in more populous countries (Rosner
and Borg, 2022). With fewer than one million
speakers and a scarcity of both transcribed speech
and parallel text corpora, Maltese remains under-
resourced in the context of speech and language
processing. This paper describes our approach to
the IWSLT 2025 Low-Resource Shared Task for
the Maltese-English language pair.

Speech translation involves two main compo-
nents: transcription and translation. For transcrip-
tion, we primarily fine-tune Whisper (Radford
et al., 2022), while for translation, we fine-tune

NLLB (Team et al., 2022). For the larger NLLB
model, we also incorporate QLoRA (Dettmers
et al., 2023), one of the best parameter-efficient
fine-tuning methods, to accommodate resource con-
straints (Han et al., 2024). However, we treat tran-
scription mainly as a supporting infrastructure and
focus the majority of our experimentation on the
translation component.

Data augmentation techniques have become in-
dispensable in machine translation, particularly
for addressing the challenges posed by limited
parallel data in low-resource languages (Hamed
et al., 2023). The term "low-resource" refers to
the limited availability of data for one of the lan-
guages—in this case, Maltese. A common strategy
to mitigate this issue is data augmentation (Tang
and Lepage, 2023; Takahagi and Shinnou, 2023),
which aims to reduce the likelihood of the model
encountering completely out-of-distribution data
during translation (Wei et al., 2020; Wang et al.,
2018).

Unlike most approaches that augment data by
generating similar text, the method proposed in
(Sanchez-Cartagena et al., 2021) introduces auxil-
iary tasks such as token swapping, sentence re-
versal, and the insertion of UNK tokens to en-
hance model performance. We found this approach
promising and adapted it slightly. Specifically, we
fine-tuned the NLLB model in two stages: first
on both auxiliary tasks and the main translation
task, and then on the main task alone to finalize the
model.

2 System Overview

Our speech translation pipeline comprises three
main components: transcription, machine trans-
lation, and data augmentation. Each component
is optimized to address the specific challenges of
low-resource translation settings.
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Figure 1: illustrates our end-to-end training pipeline for the translation task. The process begins with the official
training data (MASRI + CV Train), which is split into 80% for training and 20% for evaluation. The data is further

passed through a data augmentation module.

2.1 Dataset

For this study, we restrict our training data to the
official dataset released for the IWSLT 2025 shared
task, which consists of approximately 14 hours
of speech data. In addition to this, we leverage
the pretrained capabilities of Whisper (Radford
et al., 2022) and NLLB (Team et al., 2022), both
of which were trained on large-scale multilingual
corpora. However, we do not incorporate any ex-
ternal datasets beyond what was used during the
pretraining of these models.

2.2 Data Splitting and Evaluation Strategy

The dataset is divided into training and validation
sets using an 80:20 split. Each speech instance is
aligned with its corresponding transcription, and
each transcription is paired with a translation from
Maltese to English. The Whisper model is fine-
tuned using the speech-transcription pairs to per-
form automatic speech recognition. Separately,
the NLLB models are fine-tuned on the Maltese-
English text pairs for machine translation. It is
important to note that the NLLB models operate
exclusively on text and do not utilize any speech
data during training.

For evaluation, we use the development set. Eval-
uation is conducted on both individual components
and the complete end-to-end pipeline. Specifically,

we assess transcription and machine translation
quality independently, as well as the overall per-
formance by feeding Whisper-generated transcrip-
tions into the translation model. This evaluation
reflects real-world usage and system robustness.

Performance is measured using the COMET met-
ric (Rei et al., 2020), which provides a semantically-
informed evaluation of translation quality. Notably,
COMET is also the official evaluation metric used
in the shared task competition, ensuring alignment
between our development-time evaluation and the
final scoring criteria.

2.3 Transcription

We use the Whisper large-v3 model (Radford et al.,
2022) for speech transcription. Whisper provides
state-of-the-art performance in multilingual speech
recognition and serves as a reliable backbone for
converting audio input into text.

2.4 Machine Translation

For translation, we employ three variants of the
NLLB model (Team et al., 2022): the 600M dis-
tilled, 1.3B distilled, and 3.3B versions. The
600M model is fine-tuned directly, while the 1.3B
and 3.3B models are fine-tuned using QLoRA
(Dettmers et al., 2023) to facilitate efficient adapta-
tion under limited computational resources.
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Task Type Augmented Training sample
original training sample source roberto ma ki,enx jidher inkvs./itat daqs kugipuh dwar d.an
target Roberto didn’t seem as worried as his cousin about this
swap target Roberto about seem his worried as as cousin didn’t this
token target UNK UNK UNK as worried UNK his UNK about this .
source target roberto ma kienx jidher inkwitat daqs kuginuh dwar dan
reverse target this about cousin his as worried as seem didn’t Roberto
rephrase target but Joe Calleja did not let him continue

rephrased But Joe Calleja wouldn’t let him go on

Table 1: A Maltese—English, word-aligned training sample (first row) and the result of applying the transformations
described in Sec. 2.5 using hyperparameter = 0.4 for the swap task and = 0.5 for the token task. Words modified
by each transformation are coloured; for swap, a different colour identifies each pair of words that are swapped
together; for rephrased, a different colour identifies each pair of words rephrased.

2.5 Data Augmentation

We follow the multi-task data augmentation (MTL
DA) framework proposed by Sanchez-Cartagena et
al. (2021) (Sanchez-Cartagena et al., 2021), where
several auxiliary tasks are defined to modify target
sequences in ways that challenge the decoder and
reinforce encoder reliance. Among the auxiliary
tasks the swap and token are controlled by a hyper-
parameter o, which determines the proportion of
tokens in the target sentence that are affected. For
instance, in the swap task, « defines the fraction of
target words whose positions are altered; similarly,
in the roken task, it defines the proportion of target
words replaced by the [UNK] symbol.

Swap Random swapping of target tokens
to disrupt sequence order.

Token Replacement of target tokens with
the [UNK] symbol.

Source Copying the source sentence to the
target side.

Reverse Reversal of the target token order.

Paraphrase As an additional augmentation

method, we employ a paraphras-
ing approach using NLLB for back-
translation, which translates the tar-
get sentence to Italian and then back
to English.

Although we did not conduct hyperparameter
tuning in our setup, we adopted o = 0.4 for the
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swap task and o« = 0.5 for the token task, which fall
within the optimal range (typically « € [0.1,0.9])
explored in the original study. These values were
chosen based on their reported performance and
balancing between task disruption and learnability
as described in (Sanchez-Cartagena et al., 2021).
The choice allows us to benefit from the task’s
intended regularization effect without introducing
excessive noise.

Fine-tuning is conducted in two stages: an initial
phase on a mixture of the main and auxiliary tasks,
followed by a final phase focused solely on the
primary translation task.

3 Results

Model Size and Fine-Tuning Strategy. Our re-
sults indicate that the larger 3.3B NLLB model,
fine-tuned using QLoRA, outperforms the smaller
600M model that is fully fine-tuned. While the
larger models achieve higher overall performance
after fine-tuning, this may partly reflect its stronger
baseline performance. The performance gain from
fine-tuning is actually greater for the smaller 600M
model, suggesting that smaller models benefit more
directly from the fine-tuning process, while larger
models rely more on their pretrained capacity.

Effect of Data Augmentation. For the 3.3B
model, none of the tested data augmentation tech-
niques such as paraphrasing, token swapping, UNK
token insertion, or sentence reversal led to notice-
able gains, with the highest improvement being



Model Baseline 1st-Stage (DA) 2nd-Stage (DA)

(No DA) Swap Token Source  Reverse  Paraphrase Swap Token Source  Reverse  Paraphrase
NLLB 3.3B
pretrained 0.8056 - - - - - - - - -
NLLB 1.3B
distilled 0.8018 - - - - - - - - -
NLLB 600M
distilled 0.7858 - - - - - - - - -
NLLB 3.3B
fine-tuned 0.8323 0.8320  0.8310  0.8275 0.8316 0.8196 0.8322  0.8323  0.8320 0.8321 0.8324
NLLB 1.3B
fine-tuned 0.8275 - - - - - - - - -
NLLB 600M
fine-tuned 0.8223 0.8235  0.8221  0.8198 0.8229 0.8186 0.8240  0.8250  0.8229 0.8249 0.8241
Whisper to NLLB 3.3B
fine-tuned 0.7602 0.7608  0.7595  0.7512 0.7601 0.7499 0.7604  0.7602  0.7607 0.7601 0.7601
Whisper to NLLB 600M
fine-tuned 0.7472 0.7507  0.7477  0.7452 0.7495 0.7481 0.7501  0.7495  0.7493 0.7529 0.7503

Table 2: COMET scores for two-stage fine-tuning. The first three rows show pretrained NLLB models without
fine-tuning. The next three rows show the NLLB models after fine-tuning. Baseline: no data augmentation;
Ist-Stage: scores with data augmentation (DA); 2nd-Stage: another fine-tuning without DA.

just 0.001 COMET points from paraphrasing. The
600M model, on the other hand, showed slightly
better results, with consistent but small improve-
ments across all methods, reaching up to 0.0026
COMET points. While the gains for the smaller
model are more apparent, they remain modest.
These results suggest that data augmentation may
be more useful for smaller models, which benefit
more from the added variability due to their limited
capacity. This aligns with prior findings (Sénchez-
Cartagena et al., 2021), where augmentation strate-
gies had a greater effect on less-pretrained models.

Impact of Multi-Stage Fine-Tuning. The two-
stage fine-tuning approach, where models are first
trained on a mix of auxiliary and primary transla-
tion tasks and then fine-tuned solely on the main
task, resulted in performance improvements across
all model sizes. This shows that a final alignment
phase focused on the primary objective enhances
model performance and task-specific adaptation.

End-to-End Performance. Table 2 shows that
feeding Whisper transcriptions into the NLLB mod-
els lowers COMET by around 0.07-0.076 points
across all settings. This degradation is most likely
caused by transcription errors from the ASR stage,
which the MT component cannot fully recover
from. Notably, the highest end-to-end COMET
score achieved was 0.7608, obtained using Whisper
to NLLB 3.3B fine-tuned model with swap-based
augmentation in the first stage. For the official test
set submission in the unconstrained setting, this
same system achieved 45.4 BLEU and 65.11 chrF.

4 Limitations

The limitation of our study is the lack of exten-
sive qualitative analysis due to limited language
proficiency. Since we do not fully understand the
language in the dataset, our analysis primarily re-
lies on quantitative methods.

5 Conclusion

In this paper, we explore the use of pre-
trained models—Whisper for ASR and NLLB for
MT—alongside data augmentation and parameter-
efficient fine-tuning methods. Our experiments
show that fine-tuning larger NLLB models using
QLoRA outperforms full fine-tuning on smaller
models. Two-stage fine-tuning also provides con-
sistent performance improvements across model
sizes. In contrast, data augmentation offers only
marginal benefits, limited to the smaller 600M
model, and the improvements appear inconsistent.

These findings highlight the promise of scal-
able fine-tuning techniques for translation in low-
resource settings. However, our focus on MT fine-
tuning overlooks the more significant impact of
ASR errors, which remain a primary source of per-
formance degradation in the end-to-end pipeline.
This suggests that future research should priori-
tize improvements in the ASR component. Fur-
ther work could also explore more targeted data
augmentation strategies, end-to-end fine-tuning ap-
proaches, and incorporate qualitative evaluations
with native speakers to better capture translation
quality nuances.
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