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Abstract

The challenges of building speech-to-text trans-
lation (ST) systems (e.g., a relative lack of par-
allel speech–text data and robustness to noise
in audio) are exacerbated for low-resource lan-
guage pairs. In this work, we seek to improve
low-resource ST by building on previous stud-
ies that regularize ST training with the connec-
tionist temporal classification (CTC) loss. By
systematically evaluating a diverse range of lin-
guistic annotations as CTC labels across multi-
ple auxiliary loss configurations, we improve
speech translation systems for both low- and
high-resource settings. These improvements
over both a standard end-to-end ST system and
a speech LLM indicate a need for continued
research on regularizing speech representations
in ST.

1 Introduction

Training end-to-end speech-to-text (ST) systems
requires overcoming a scarcity of parallel data be-
tween modalities and the lack of invariance prob-
lem inherent to speech, whereby many signals can
be mapped to the same phoneme (Xu et al., 2023;
Appelbaum, 1996). Here, we study the feasibil-
ity of developing ST systems that push the former
challenge to its limits, i.e., training ST systems
for language pairs with under 10 hours of training
data. Given that data sources for such extremely
low-resource languages often come from linguistic
fieldwork, a central question to this work is whether
annotations from fieldwork can be used to improve
ST models.

We leverage several approaches common in the
low-resource ST literature—multilingual feature
extractors, ASR pretraining, and regularization—
then build on them by experimenting with labels
and loss configurations for regularization with con-
nectionist temporal classification (CTC). By di-
rectly comparing the effectiveness of using trans-
lations, transcriptions, interlinear glossings, and
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Figure 1: The ASR-ST synchronous CTC configuration.
Ground truth sequences (transcription and translation
of a Tondano utterance from He et al. (2024)) are in
dashed gray boxes.

morphologically segmented transcriptions as CTC
labels, we add to the body of work studying the
most effective choice of label in CTC regularization
for ST. We also go beyond single labels and com-
pare various combinations of CTC labels using the
synchronous CTC loss presented for high-resource
ST by Xu et al. (2024). Our main findings are that
morphological segmentation is a useful auxiliary
task in low-resource ST, and that training a speech
encoder with multiple regularizing objectives is
also beneficial in very low-resource ST settings.
All code to replicate the experiments is available1.

2 Related Work

Because of the variation inherent to the speech
modality, training end-to-end ST models presents a
substantial modeling burden (Xu et al., 2023). With
very small amounts of data (e.g., less than 5 hours)
it is rare to achieve BLEU scores over 5.0 (Ortega
et al., 2024). Still, a number of efforts have been
made to improve very low-resource ST systems.

1https://github.com/zhopto3/lores-ctc-reg

1
186

https://github.com/zhopto3/lores-ctc-reg


Pretraining Pretraining some or all of an ST
model’s parameters can benefit low-resource ST.
For instance, fine-tuning ASR models with small
amounts of ST data is more effective than using
the same amount of data to train an end-to-end ST
model from scratch, even when the ASR model
is for a language unrelated to the source or target
(Bansal et al., 2019; Zhang et al., 2022). Moreover,
it has been shown that pretrained, multilingual fea-
ture extractors such as XLS-R improve results for
low-resource ST, indicating that cross-lingual trans-
fer learning is another benefit of pretraining (Babu
et al., 2022; Chen et al., 2024).

Regularization There have also been various ef-
forts to improve end-to-end ST systems with auxil-
iary loss objectives that aim to regularize encoded
representations of source language speech. Tang
et al. (2021) used a speech and text encoder with
an auxiliary loss objective that moved speech rep-
resentations of the same sample closer to the text
representations. The CTC loss—which jointly pre-
dicts the probability of both a sequence and its
alignment with the source (Graves et al., 2006)—
has also been used to regularize ST training, using
both the source-language transcription and transla-
tion as labels (Bahar et al., 2019; Dong et al., 2021;
Zhang et al., 2022; Yan et al., 2023; Xu et al., 2024).
Though CTC regularization for end-to-end speech
models was originally applied at the final encoder
layer (Kim et al., 2017), applying CTC loss to fea-
tures at intermediate layers in the encoder has been
shown to benefit multilingual ASR (Chen et al.,
2023).

3 Approach

3.1 CTC Regularization
The CTC loss over encoded speech representations
can be jointly optimized with the attention-based
encoder-decoder (AED) loss to regularize ST train-
ing (Kim et al., 2017). This formulation requires
a source audio X = x1, ..., xT and some target
sequence of labels S = s1, ..., sV . The weights in
an encoder H are optimized so the encoded repre-
sentations of X minimize the following loss:

LCTC =
∑

A∈A(X,S)

T∏

t=1

p(at|xt), (1)

where A(X,S) refers to the set of possible align-
ments between the source audio X and the target
sequence S, and A is a sequence of target tokens

and blank symbols, a1, ..., aT . A sequence is con-
sidered to align with the target output if it equals
the target output after collapsing across equal, ad-
jacent symbols and removing blank symbols; in
practice dynamic programming is used to carry out
this marginalization over valid alignments. See
Prabhavalkar et al. (2023) and Graves et al. (2006)
for a detailed review of CTC loss. Probabilities
at each time step are generally calculated from a
learned set of weights that take encoded speech
features as input (Baevski et al., 2020; Zhang et al.,
2023). Jointly, the encoder and decoder weights
are optimized to minimize the autoregressive AED
loss using the reference translation Y = y1, ..., yL
as the label:

LAED = −
T∑

t=1

logP (yt|y<t, H(X)), (2)

where H refers to an encoder model.

3.2 ST Model

Using CTC regularization, we train several ST mod-
els by fine-tuning an encoder-decoder model pre-
trained for multilingual ASR (Chen et al., 2024).
We refer to this pretrained model as XEUS-F. See
Appendix A for model specifications.

3.3 Data

The WAV2GLOSS:FIELDWORK dataset includes au-
dio and interlinear glossing data compiled from
fieldwork on 37 typologically and areally diverse
languages (He et al., 2024). This data includes
source audio transcriptions, morphological segmen-
tations and interlinear glossings of the source au-
dio, and translations into a higher-resource lan-
guage (Figure 2). We select a sample of 5 lan-
guages from FIELDWORK for use in our experi-
ments: Ainu (ainu1240), Beja (beja1238), Sumi
Naga (sumi1235), Ruuli (ruul1235), and Tondano
(tond1251). None of the languages we select have
more than 10 hours of training data (Table 6), allow-
ing us to compare the effectiveness of various CTC
regularization strategies for benefiting extremely
low-resource ST. See Appendix B for preprocess-
ing details.

3.4 Experiments

Varying CTC Labels Previous work has used
the source language transcription (Bahar et al.,
2019; Dong et al., 2021) or the translation (Zhang
et al., 2022; Yan et al., 2023) as the label S used
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CTC Label ainu1240 beja1238 ruul1235 sumi1235 tond1251 Mirco Avg.

Baseline – 17.28 14.89 11.51 16.09 10.99 14.75

Morphological Segmentation +InterCTC 20.14 17.02 13.11 18.34 13.10 17.07*
–InterCTC 18.54 17.74 12.93 17.96 12.15 16.42*

Interlinear Glossing +InterCTC 16.64 15.45 13.22 16.86 10.99 14.97
–InterCTC 18.50 15.69 11.58 15.98 11.05 15.32*

Transcript +InterCTC 19.89 17.79 13.10 18.15 11.91 16.85*
–InterCTC 17.93 17.60 13.31 16.45 11.20 15.75*

Translation +InterCTC 14.62 15.46 12.59 16.33 11.89 14.30*
–InterCTC 12.44 13.76 10.58 14.99 10.76 12.62*

Table 1: Test set chrF2 scores for ST systems trained with various CTC labels. Baseline system is trained without
CTC regularization. “+/- InterCTC” refers to whether intermediate CTC modules were used in training. Bold scores
represent the best systems on average; underlined values represent the best systems for a given source language; *:
Systems that differ significantly (p < 0.05) from the Baseline on average.

as the ground truth in Eq. 1. We experiment with
these labels, as well as morphologically segmented
transcriptions and interlinear glosses. Given that
multitask learning of linguistic annotation tasks has
been shown to improve low-resource MT systems
(e.g., Zaremoodi et al. (2018)), we suspect that ST
training may benefit from these labels in particular.

Specifically, we fine-tune XEUS-F for Xx→En
ST using our sample of five source languages from
FIELDWORK. For each language pair, we fine-tune
several ST models, taking a different sequence la-
bel as the CTC ground truth in each. We jointly
minimize the losses in Eq. 1 and 2, as well as K
CTC losses calculated with intermediate encoder
features (Chen et al., 2023, 2024). All CTC mod-
ules in a given fine-tuned model are optimized with
the same label. The final joint CTC-AED loss used
is as follows:

Ljoint = λ(w

(
1
K

K∑

k=1

LCTC-k

)
+ (1− w)LCTC

)

+ (1− λ)LAED (3)

where K = 3 (intermediate CTC modules at layers
3, 6, and 9 of the encoder), w = 0.3, and λ =
0.3, as in Chen et al. (2024). For comparison, we
also train ST models where K = 0, i.e., without
intermediate CTC modules.

Synchronous CTC Regularization In addition
to studying the impact of intermediate CTC mod-
ules on low-resource ST, we compare various con-
figurations of the synchronous CTC loss presented
by Xu et al. (2024) (Figure 1). This consists in
using the encoder’s output features as input to B
CTC modules, each with a different ground truth
label S:

LML = λ(
1

B

B∑

b=1

LCTC-b) + (1− λ)LAED (4)

We weight all CTC modules equally when calcu-
lating the loss and use a value of λ = 0.5. Using the
loss in Eq. 4, we create several conditions: ASR-
SEG (B = 2, S1: transcription, S2: morphological
segmentation), ASR-ST (B = 2, S1:transcription,
S2: translation), and ALL (B = 4, S1: transcrip-
tion, S2: translation, S3: morphological segmen-
tation, S4: interlinear glossing). To isolate the
effects of this loss configuration, we do not use in-
termediate CTC modules in the Synchronous CTC
Regularization experiments.

Throughout the results, we make comparisons
to a Baseline model, which refers to XEUS-F fine-
tuned for ST in a given language pair with only
the AED loss (Eq. 2) and no CTC modules. See
Appendices C and D for details on fine-tuning, in-
ference, and evaluation. We evaluate using chrF2
(Popović, 2016). All significance testing is car-
ried out using the SacreBLEU implementation of
paired bootstrap resampling, with N = 1000 and a
significance threshold of 0.05 (Post, 2018; Koehn,
2004).

4 Results

4.1 Varying the CTC Label

When experimenting with the label used for all
CTC modules during ST fine-tuning, we find that
using the transcription or the morphologically seg-
mented transcription as CTC labels yields the
largest improvements over the baseline model in
terms of chrF2 (Table 1). In models with intermedi-
ate CTC modules, there is no significant difference

3
188



ainu1240 beja1238 ruul1235 sumi1235 tond1251 Micro Avg.

Baseline 17.28 14.89 11.51 16.09 10.99 14.75
ASR-SEG 20.31 17.11 12.12 18.0 11.92 16.76*
ASR-ST 20.14 17.0 12.55 16.98 12.06 16.52*
ALL 21.0 16.36 12.66 16.93 10.79 16.54*

Table 2: Test set chrF2 for varied Synchronous CTC configurations. Baseline system is trained without CTC
regularization. *: Systems that differ significantly (p < 0.05) from Baseline on average.

FIELDWORK CoVoST 2

ASR-ST 16.52 56.85
+ASR, -ST 15.87 55.92
-ASR, +ST 14.03 53.16
-ASR, -ST 14.75 54.88

Table 3: Ablating CTC labels from the ASR-ST configu-
ration. Values are micro-averaged test set chrF2 scores.

between transcriptions and morphologically seg-
mented transcriptions (p > 0.05), but in models
without intermediate CTC modules, morpholog-
ical segmentation significantly outperforms tran-
scripts (p < 0.001). Improvements from interlin-
ear glosses are not significant with intermediate
CTC modules, and on average, translations as CTC
labels resulted in significantly worse models than
the baseline. We report BLEU scores in Appendix
E (Papineni et al., 2002).

4.2 Synchronous CTC Regularization

We find that all Synchronous CTC configurations
significantly improve ST performance over the
baseline model on average (Table 2). The ASR-
SEG yields significant improvements over both the
ASR-ST and ALL conditions.

Whereas Xu et al. (2024) explore only the ASR-
ST setting, we find that the synchronous CTC loss
is also beneficial when other labels are used. Xu
et al. proposed that the main benefits of the loss
come from training the model to encode language
agnostic representations of source speech, but our
findings broaden the utility of the loss and find that
using it to encode task-agnostic and linguistically
informed features is also beneficial for ST. Still,
the ASR-ST configuration is noteworthy because
it combines the two most readily available anno-
tations and outperforms the use of translations or
transcriptions alone. We therefore further investi-
gate whether the benefits of ASR-ST generalize to
a high-resource setting.

4.3 High-Resource ST

Using the Catalan, German, Spanish and French
data from CoVoST 2 (Wang et al., 2020a,b), we
fine-tune XEUS-F for Xx→En ST with the ASR-
ST configuration (see Table 7 for data description).
We then ablate each CTC label and compare to
a model with no CTC regularization. No inter-
mediate CTC modules are used. We include the
analogous low-resource settings’ values for com-
parison.

On average, fine-tuning with the ASR-ST con-
figuration yields the highest chrF2 (Table 3). Fine-
tuning with only the transcription label is beneficial
on average, but using only the translation label for
CTC regularization hurts performance relative to
the baseline. Within low- and high-resource set-
tings, all decreases in performance from the ASR-
ST system are significant (all p < 0.05).

Previous work has found that despite break-
ing the CTC loss’s assumption of monotonicity
between the source and target sequence, models
trained with the CTC loss can effectively carry
out ST (Chuang et al., 2021). Moreover, using
translation has been shown to be beneficial as a
regularizing CTC task in MT and ST (Zhang et al.,
2022; Yan et al., 2023). Our findings diverge from
this, as they indicate significantly worse perfor-
mance than our baseline when using translation as
the CTC label, albeit with small magnitude differ-
ences. This discrepancy with previous work might
be caused by our choice in the CTC module’s rela-
tive weight with the AED loss. Unlike Zhang et al.
and Yan et al., we fine-tune a model pretrained for
ASR, so the lack of correspondence between the
pretraining task and the CTC regularization task
may contribute to this finding as well.

4.4 Speech LLM Comparison

Large language models (LLMs) adapted for the
speech modality have become increasingly pop-
ular for ST (Gaido et al., 2024). Synchronous
CTC regularization is most readily applicable to
encoder-decoder ST models, so we compare XEUS-

4
189



Avg. chrF2

Baseline 14.75
ASR-ST 16.52
Gemini 2.0–0 Shot 13.94
Gemini 2.0–3 Shot 13.65

Table 4: Test set chrF2 scores micro-averaged across
our sample of languages from FIELDWORK. Baseline
system is XEUS-F fine-tuned without CTC regulariza-
tion.

F fine-tuned with synchronous CTC regularization
to Google’s Gemini 2.0 Flash (Comanici et al.,
2025). Though the exact language composition of
Gemini’s training data is not known, recent work
has examined the model’s performance in low-
resource ST settings (Beyene et al., 2025; Dauvet
et al., 2025). Using the same subset of FIELDWORK

languages, we explore whether encoder-decoder
models with CTC regularization are still competi-
tive for very-low-resource ST. See Appendix F for
a description of the prompt.

We find that the fine-tuned encoder-decoder out-
performs Gemini for ST, even when the model is
trained without any CTC Regularization (Table 4).
The findings are in line with recent work showing
that speech LLMs struggle with low-resource ST
and ASR (Beyene et al., 2025; Fong et al., 2025).
When pretrained with comparable data, Lam et al.
(2025) actually found that encoder-decoder mod-
els consistently perform on par with or better than
decoder-only ST and ASR models.

5 Conclusion

We set out to study novel labels and configurations
for CTC regularization to get the most out of small
amounts of ST data. In doing so, we found that mor-
phologically segmented transcriptions can be more
beneficial than using translations or transcriptions
as CTC labels. We also find evidence that extends
the utility of Synchronous CTC to low-resource
ST, as simultaneously training ST encoders to pro-
duce representations that are beneficial for several
CTC tasks ultimately improved ST performance.
We hope this encourages further work on the role
auxiliary training objectives can have in training
ST systems for very low-resource language pairs.

Limitations

The extent to which we could study the various
annotations’ effectiveness as labels for CTC regu-
larization is limited by the pretrained model’s tok-

enizer. The pretrained tokenizer likely split the mor-
phological segmentations and interlinear glossing
along arbitrary lines. Using an ST model trained
from scratch would allow for training a more task-
agnostic tokenizer, for example working from the
byte or character level. Still, given the relatively
small BPE vocabulary of our model (6,500 items),
transcripts and morphemes in our low-resource
source languages, English translations, and interlin-
ear glosses were ultimately tokenized to characters
or otherwise very small units. For instance, the
Tondano transcription “PA’AYANGEN NèOKI” is
tokenized as [_, P, A, ‘, A, Y, A, NG, EN, _, N, è,
O, K, I], while its English translation is tokenized
as [_,CH,I,L,D,RE,N,’,S,_,T,O,Y,S]. This being the
case, we do not have reason to believe that this
particular tokenizer biased performance towards or
against a given label.

Though the ASR-SEG configuration yields the
numerically highest score on average, we are only
able to explore the impact of the ASR-ST con-
figuration in a high-resource setting. This limi-
tation might be remedied by future work study-
ing whether automatic interlinear glossing or mor-
phological segmentation can be used to synthesize
these annotations.
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A Xeus-F

XEUS Layer Encoder Layer Decoder Layer
Num. Attention Heads 8 8 8
Hidden State Size 1024 512 512
Feed-Forward Network Size 4096 2048 2048
Convolutional Kernel Dim. 31x31 31x31 —

Table 5: Configuration of each layer in the XEUS-F feature extractor (XEUS), encoder, and decoder. Convolutional
kernel dimension only applies to the E-branchformer architecture of XEUS and the encoder. All values are from
Chen et al. (2024).

XEUS-F is a model trained in Chen et al. (2024). It consists in a 12-layer E-branchformer encoder
and a 6-layer transformer decoder (Kim et al., 2022; Vaswani et al., 2017). The input to the encoder are
features from XEUS, a feature extractor trained with several masked prediction objectives on speech
from over 4,000 languages (Chen et al., 2024). XEUS-F was trained for joint language identification
and multilingual ASR using the FLEURS dataset (Conneau et al., 2022). Across all 102 languages in
FLEURS, there are 987 hours of training data. XEUS consists of 577M parameters, while the downstream
encoder and decoder total 100M parameters, making a total of 677M parameters in XEUS-F. Weights in
the feature extractor were frozen during XEUS-F’s ASR training. The layer configurations in the encoder
and decoder are described in Table 5.

The model uses a multilingual BPE vocabulary of 6,500 items trained using the FLEURS transcriptions
(Sennrich et al., 2016). All Latin characters are uppercase except for those with diacritics.

B Data

surface mina tura mo -no a hine ipe.
underlying mina tura mo -no a hine ipe
gloss laugh together.with quiet -ADV sit.SG and eat
transcription mina tura mono a hine ipe.
translation He sat down smiling and ate his dinner.

Figure 2: A sample data point from the Ainu corpus in FIELDWORK (He et al., 2024). Data points are annotated
with their surface and underlying morphological segmentations (the uttered allomorph versus the abstract underlying
form of the morpheme, respectively), an interlinear gloss describing the lexical meaning or grammatical function of
a unit, a transcription, and a translation. When morphological segmentations are used as CTC labels throughout our
experiments, we refer to the underlying segmentations.

Hours Number of Samples
(train/dev/test) (train/dev/test)

ainu1240 7.11/0.27/0.86 6711/248/749
beja1238 1.53/0.07/0.21 5257/241/733
ruul1235 0.92/0.08/0.18 1886/244/390
sumi1235 0.40/0.10/0.30 939/246/727
tond1251 0.22/0.17/0.50 303/249/713

Table 6: Description of the train, development, and test set of FIELDWORK following removal of samples that are
empty after preprocessing. We provide both durations (in hours) and the number of parallel samples in each split.

Preprocessing We focus on Xx→En ST, so we use OpenLID-v2 to filter out any samples from the
FIELDWORK data without English translations (Burchell et al., 2023). In line with the tokenizer of the
pretrained XEUS-F model we fine-tune for ST, we uppercase all text. We remove explicative material
appearing in brackets in English translations.
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Hours Number of Samples
(train/dev/test) (train/dev/test)

Catalan 135.55/18.95/20.21 95854/12730/12730
French 264.27/21.75/23.30 207372/14760/14760
German 184.29/20.65/21.55 127824/13511/13511
Spanish 113.10/21.81/22.71 79013/13221/13221

Table 7: Description of the train, development, and test set of our sample of languages from CoVoST 2. We provide
both durations (in hours) and the number of parallel samples in each split.

C Fine-Tuning for ST

When further fine-tuning XEUS-F for Xx→En ST, we generally follow the hyperparameters used to
fine-tune XEUS-F for ST in Chen et al. (2024). That is, we fine-tune with a constant learning rate of 1e−4

using the Adam optimizer (Kingma and Ba, 2015). If matching Chen et al.’s (2024) batch size of 32 is not
possible because of memory constraints, we use a smaller batch size with gradient accumulation to carry
out weight updates. We apply SpecAugment to extracted features using the same configurations used
during XEUS-F pretraining (Park et al., 2019). This includes time warping, applying frequency masks
between 0 and 30 frequency bins wide, and applying time masks between 0 and 40 time steps wide. We
fine-tune the encoder and decoder but freeze the parameters in XEUS. Models are trained for a maximum
of 100 epochs, with an early stopping mechanism that ends training if 5 epochs pass without improvement
in the validation loss. The five models with the highest token-level accuracy on the development set are
retained and averaged.

We fine-tune with automatic mixed precision using ESPnet-EZ (Someki et al., 2024; Watanabe et al.,
2018). The library s3prl is used to integrate the pretrained XEUS feature extractor with the downstream
XEUS-F model (Yang et al., 2021, 2024). The loss functions used for fine-tuning are detailed in 3.4. We
fine-tune all models using a single GPU. If the required memory allowed for it in a given experiment, this
GPU was a 32 GB V100 GPU. Otherwise, we used an 80 GB A100 GPU.

D Inference and Evaluation

We run inference using beam search with a beam size of 10. There are various algorithms for combining
tokens’ posterior probability distributions as predicted by the CTC module and the decoder of models
trained with joint CTC-attention loss (Yan et al., 2023; Watanabe et al., 2017). However, as in Zhang et al.
(2022), we do not use the CTC module during decoding. We use length-normalized scores during beam
search, and we do not inform decoding with external language models. Inference is carried out on a single
32 GB V100 GPU.

For brevity, we report corpus-level chrF2 scores throughout Section 4, as in Chen et al. (2024). Scores
are calculated after removing language tags output by XEUS-F, using the SacreBLEU library (Post, 2018).
We also report corpus-level BLEU scores from our experiments (Papineni et al., 2002) in Appendix E.
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E BLEU Evaluation

Condition ainu1240 beja1238 ruul1235 sumi1235 tond1251 Micro Avg.

Baseline – 1.99 3.41 0.42 0.55 0.23 2.11

Morphological Segmentation +InterCTC 2.74 3.72 0.39 1.58 0.41 2.57*
–InterCTC 2.63 4.38 0.44 1.67 0.39 2.73*

Interlinear Glossing +InterCTC 1.83 3.95 0.36 0.82 0.28 2.04
–InterCTC 2.79 3.43 0.29 0.83 0.33 2.48*

Transcript +InterCTC 2.74 4.30 0.46 1.39 0.39 2.57*
–InterCTC 2.50 4.39 0.43 0.71 0.30 2.55*

Translation +InterCTC 1.33 3.71 0.29 0.61 0.21 1.80*
–InterCTC 1.41 3.26 0.52 0.60 0.24 1.99

Table 8: Test set BLEU scores for ST systems trained with various CTC labels. Baseline system is trained without
CTC regularization. “+/- InterCTC” refers to whether intermediate CTC modules were used in training. Bold scores
represent the best systems on average; underlined values represent the best systems for a given source language; *:
Systems that differ significantly (p < 0.05) from the Baseline on average.

ainu1240 beja1238 ruul1235 sumi1235 tond1251 Micro Avg.

Baseline 1.99 3.41 0.42 0.55 0.23 2.11
ASR-SEG 3.06 3.97 0.37 1.01 0.36 2.78*
ASR-ST 2.74 4.46 0.15 0.94 0.26 2.50*
ALL 3.21 3.62 0.43 0.57 0.23 2.54*

Table 9: Test set BLEU scores for ST systems trained with various Synchronous CTC configurations. Baseline
system is trained without CTC regularization; *: Systems that differ significantly (p < 0.05) from Baseline on
average.

FIELDWORK CoVoST 2

ASR-ST 2.50 30.40
+ASR, -ST 2.68 29.44*
-ASR, +ST 1.94* 26.19*
-ASR, -ST 2.11* 28.25*

Table 10: Ablating CTC labels from the ASR-ST configuration. Values are micro-averaged test set BLEU scores.

Average

Baseline 2.11
ASR-ST 2.50
Gemini 2.0–0 Shot 0.59
Gemini 2.0–3 Shot 0.52

Table 11: Test set BLEU scores micro-averaged across our sample of languages from FIELDWORK. Baseline system
is XEUS-F fine-tuned without CTC regularization.

F Speech LLM Comparison

When carrying out ST inference with the speech language model gemini-2.0-flash, we used a prompt
similar to that described by Beyene et al. (2025). In the zero-shot condition, we prompted the model with:
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“You are a translation expert. Listen to the following audio in {LANGUAGE} and translate it
to English. Return only the translated sentence.”

In the three-shot condition, we randomly selected three samples from the source language’s validation set
and provided them to the models with their English translation as examples in the prompt.
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