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Abstract

We present the Barcelona Supercomputing Cen-
ter (BSC) submission to the Instruction Follow-
ing (IF) track of IWSLT 2026, which evalu-
ates unified spoken language systems capable
of solving multiple tasks through natural lan-
guage instructions. Our system consists of an
end-to-end (E2E) architecture that combines
a speech encoder with a translation-oriented
Large Language Model. The model is trained
on speech and text data, covering automatic
speech recognition, translation, question an-
swering, and instruction following. We inves-
tigate a Chain-of-Thought (CoT) generation
strategy that explicitly decomposes tasks by
producing an intermediate transcription before
the final output, which enables effective reuse
of text-only supervision and improves robust-
ness across tasks. To further support general-
ization, we design diverse prompt formulations
and align text-only and speech inputs under a
shared inference pattern. Results on IWSLT
2025 evaluation data show that our approach
achieves competitive and even state-of-the-art
performance across tasks.

1 Introduction

This paper provides an overview of the system sub-
mitted by the BSC to the IF shared task of IWSLT
2026 (Adelani et al., 2026). This track aims to eval-
uate Spoken Language systems that integrate the
general capabilities of LLMs. In addition to Auto-
matic Speech Recognition (ASR), Speech-to-Text
Translation (S2TT), and Spoken Question Answer-
ing (SQA) tasks, this year’s edition introduces a
surprisal task whose details remain undisclosed un-
til submission time. This setting is designed to
assess the capabilities of the systems to follow in-
structions through natural language prompts across
all four tasks. The model must process English (en)
audio, and follow instructions written in English,
Chinese (zh), Italian (if), or German (de), generat-
ing the output in the corresponding language.
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We participate in the unconstrained condition,
which allows the use of any model and data, and
adopt an E2E architecture based on a speech en-
coder coupled with an LLM. Our approach relies
on an LLM tailored for Text-to-Text Translation
(T2TT), which we use as the backbone and further
fine-tune for both speech-based and text-only tasks.

Following our previous work (Pareras et al.,
2025), we adopt a CoT generation strategy that
forces the model to transcribe the audio before fol-
lowing the prompt’s instruction. This approach
has been shown to substantially improve S2TT per-
formance (Hu et al., 2025). We expect all tasks
to benefit from this strategy, as it decomposes the
problem into two simpler sub-tasks while also en-
abling the use of text-only Question Answering
(QA) and T2TT data to boost performance. In ad-
dition, we train the model using a wide variety of
task-specific prompt templates to reduce prompt
overfitting. Finally, we apply a post-editing stage to
the model outputs to correct format inconsistencies.

Results on the IWSLT 2025 test set show that our
best system achieves strong performance across the
three evaluated tasks, in comparison with the sys-
tems of that edition. Specifically, compared to the
Phi4-Multimodal (Abouelenin et al., 2025) base-
line, our best system remains competitive for ASR,
matches performance for S2TT and improves SQA
performance on average across all the languages.

2 Data

To train our model, we have used the following
datasets for each task:

* ASR: Common Voice 22.0 (Ardila et al.,
2020) (en), VoxPopuli (Wang et al., 2021a)
(en), a 6.7k hours subset of Multilingual Lib-
riSpeech (Pratap et al., 2020) (en) and a
2.5k hours subset of YODAS-Granary (Rao
Koluguri et al., 2025) (en).
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* S2TT: EuroparlST (Iranzo-Sanchez et al.,
2020) (en—de, en—it) and CoVoST2 (Wang
et al., 2021b) (en—de, en—zh). Given the
translation capabilities of the backbone LLM,
we use limited data for this task.

e T2TT: Wikimedia (Tiedemann, 2012)
(en—de, en—it) and Tatoeba (Tiedemann,
2020) (en—de, en—it). We use a subset
of the Opus corpora (Zhang et al., 2020)
(en—zh), the same that was used during
the training of the backbone LLM (see
Section 3.1).

* SQA: We use LibriSQA (Zhao et al., 2025)
(en), which is adopted in the constrained con-
dition of the shared task. We also add NM-
SQA (Lin et al., 2022) (en), which extends
SQuAD (Rajpurkar et al., 2016) to speech
inputs. For unanswerable questions we use
SQuAD 2.0 (Rajpurkar et al., 2018) (en, de,
it and zh) and also expand it to speech inputs
(see §2.1).

¢ QA: We use CMRC2018 (Cui et al., 2019)
(zh) to improve the SQA performance in zh,
as the backbone LLM of the model we train
has limited performance in this language on
tasks beyond translation.

e IF: We use the "Precise IF" and "Chat" do-
mains of Dolci-Instruct-SFT (Olmo et al.,
2025) (en). For multilingual data, we use Aya
Dataset (Singh et al., 2024) (de, it, zh).

For evaluation, we have used the IWSLT 2025
test set from MCIF (Papi et al., 2026).

2.1 Data Preprocessing

We apply the preprocessing pipelines described be-
low to the T2TT and SQA data, and report the final
data amounts in Table 1. More detailed statistics
can be found in Appendix D.

T2TT Data As our backbone model is already
finetuned for translation, we only used high qual-
ity T2TT samples to train our model, with the
sole aim to preserve this capability during train-
ing. We use the Quality Estimation (QE) model'
from COMETKIWI (Rei et al., 2022) to select a
subset of reliable samples. Thresholds were se-
lected empirically based on the score distributions

1https://huggingface.co/Unbabel/
wmt22-cometkiwi-da

Table 1: Amount of data per language and task.

Task en de it zh Total
Hours

ASR 11.5k - - 11.5k
S2TT - 506 74 430 1k
SQA 842 362 411 411 2k
Number of Samples

ASR 3.95M - - - 3.95M
S2TT 321k 29k 289k 639k
T2TT - 143k 114k 50k 307k
SQA 221k 39k 39k 39k 338k
QA - - - 10k 10k
IF 340k 644 1k 6k 347k

for each language pair while maintaining a suffi-
cient number of training samples. We retain only
samples with a score higher than 0.78 for en —de,
0.85 for en—it and 0.96 for en—zh.

SQA Data For the SQA task, we apply a transla-
tion pipeline to NMSQA and the non-answerable
set of SQUAD 2.0 to cover the three remaining
target languages. NMSQA’s answers are usually
short and context-dependent, while the answers on
the evaluation data are longer and self-contained.
To address this problem, we apply a similar strat-
egy as in Lee et al.’s (2025), and rewrite them to
better match the style of the test set. Finally, we
extend SQuAD 2.0 to speech inputs and change
its responses to the ones defined in the shared task.
To avoid repeated samples during training, we par-
tition the translated data such that each sample
appears in only one target language. We describe
each preprocessing method below.

* Translation pipeline We use Tower+ (Rei
et al., 2025)? to translate the question and an-
swer of each sample. The prompt used can be
found in Appendix B.1.

* Response rewriting To rewrite the answers
of NMSQA we use Gemma4 31B.> The
prompt used can be found in Appendix B.2.

* Speech expansion For SQuAD 2.0, syn-
thetic speech utterances are generated using
the "context" field of each sample. Due to the
length of the context of most samples, we sum-
marize them using Gemma4 31B. The prompt
used can be found in Appendix B.3. To syn-
thesize speech we use Kyutai TTS (Zeghidour
et al., 2025)*. The resulting speech utterances
are no longer than 40 seconds long.

2ht’cps: //huggingface.co/Unbabel/Tower-Plus-9B

3ht’cps: //huggingface.co/google/gemma-4-31B
*https://huggingface.co/kyutai/tts-1.6b-en_fr
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Figure 1: System Diagram

2.2 Prompt Templates

We apply task-specific prompt templates to format
each training sample, incorporating: an instruc-
tion, a placeholder token to be filled with the au-
dio speech embeddings, and the audio transcrip-
tion enclosed within special <|think_bos|> and
<|think_eos|> tokens (only in non-ASR speech
tasks). This CoT formulation encourages the model
to transcribe the audio before producing the final
task output. Figure 2, located in Appendix A, illus-
trates the prompt formatting strategy alongside the
instruction sets.

By mixing IF data with speech task data with
varied instructions, we hypothesize that the model
is encouraged to extend the instruction-following
capabilities acquired from IF data to the speech
domain. This could allow it to generalize better to
tasks not explicitly seen during training, which is
particularly relevant for the surprisal task.

To further maintain consistency with the CoT
generation when training on text-only QA datasets,
we simulate the transcription step. Concretely, the
text context is injected into the reasoning block in
the user turn, as a surrogate transcription.

3 System Description

Figure 1 shows a diagram of our system. Below we
detail the model architecture, how it is trained and
the strategy used for inference.

3.1 Speech LLM Architecture

We build a Speech LLM following a similar ap-
proach as Verdini et al.’s (2025). Each speech utter-
ance is first encoded with a speech encoder and pro-
jected to the input embedding space of an LLM us-
ing a linear projection. We test two different speech
encoders in different submissions: SeamlessM4T

v2’s (Barrault et al., 2023) speech encoder’ and
mhubert-base-25hz (Hassid et al., 2023).5 The
linear projection is randomly initialized at the start
of the training. Only SEAMLESS encoder weights
are frozen during training (mHuBERT encoder is
fully fine-tuned). For the backbone LLM we use
SalamandraTA-7b-instruct-WMT25 (Garcia Gi-
labert et al., 2025),” a highly capable translation
model in 40 languages.

3.2 Training Details

We train the model for one epoch, sampling each
data file proportionally to its share of the total train-
ing samples to preserve the original distribution
across sources and languages. We employ AdamW
optimizer, a cosine learning rate scheduler, and gra-
dient clipping with a maximum norm of 1.0. We
use a maximum learning rate of 1- 1075 and a min-
imum of 1 - 107, a warm up during the first 10%
of updates and set a maximum sequence length of
2048. To optimize memory usage, we apply mixed
precision (bfloat16). We run the trainings on 32
GPUs with a global batch size of 256. All runs are
executed on customized NVIDIA H100 GPUs with
64GB of VRAM.

3.3 Inference Strategy

For inference, we use beam-search decoding with
five beams. Then, we postprocess the model’s out-
put. The first step is to remove the thinking se-
quence explained in §2.2. Consequently, we use an
LLM to post-edit the model’s responses. This al-
lows us to correct formatting errors, especially for
the surprisal task, because the model has not seen

5https://huggingface.co/facebook/
seamless-m4t-v2-large

6https://huggingface.co/slprl/
mhubert-base-25hz

7https://huggingface.co/LangTech—MT/
salamandraTA-7b-instruct-WMT25

173


https://huggingface.co/facebook/seamless-m4t-v2-large
https://huggingface.co/facebook/seamless-m4t-v2-large
https://huggingface.co/slprl/mhubert-base-25hz
https://huggingface.co/slprl/mhubert-base-25hz
https://huggingface.co/LangTech-MT/salamandraTA-7b-instruct-WMT25
https://huggingface.co/LangTech-MT/salamandraTA-7b-instruct-WMT25

Table 2: MCIF IF short track results on IWSLT 2025 test set. Scores include ASR (WER), QA (BERTScore), and ST
(COMET) across multiple languages. Bold values indicate the best result per task. U/C stand for UNCONSTRAINED
/ CONSTRAINED. Submission indicates the submission title of each model.

ASR (}) SQA (1) S2TT (1)

Model Condition / Submission en en de it zh de it zh
Phi4-Multimodal U / PRIMARY 0.07 0.46 0.36 0.40 0.37 0.77 0.81 0.81
NLE C / PRIMARY 0.13 0.50 0.38 0.42 0.35 0.71 0.75 0.76
CUNI-NL U / PRIMARY 0.15 0.21 0.21 - - 0.72 - -
IST U / PRIMARY 0.15 0.14 0.22 - 0.21 0.34 - 0.34
Ours (MHUBERT) U / CONTRASTIVE 2 0.12 0.38 0.35 0.34 0.35 0.77 0.80 0.79

+ post-editing U / CONTRASTIVE 1 0.12 0.38 0.37 0.35 0.35 0.77 0.80  0.79
Ours (SEAMLESS) U/- 0.11 0.44 0.42 0.36 0.34 0.78 0.81 0.79

+ post-editing U / PRIMARY 0.11 044 042 041 037 078 081 0.80

it during training. We use Gemma4 31B for this
step, and the prompt template used can be found in
Appendix C.

4 Experiments and Results

We evaluate our models with the MCIF bench-
mark’s framework®. ASR is evaluated with Word
Error Rate (WER), SQA with BERTScore, and
S2TT with COMET. We compare against four
reference systems: Phi4-Multimodal (Abouelenin
etal., 2025), which served as the baseline in IWSLT
2025; NLE (Lee et al., 2025), the top constrained
submission; and IST (Attanasio et al., 2025) and
CUNI-NL (Luu and Bojar, 2025), two uncon-
strained submissions.

We report results for two variants of our system,
differing in the speech encoder used: MHUBERT-
based and SEAMLESS-based. For each variant, we
also report results after applying the post-editing
stage described in §3.3. We note that the SEAM-
LESS-based model was only trained for approxi-
mately 0.8 epochs due to technical constraints; we
hypothesize that completing the full training epoch
would yield further improvements.

Table 2 reports the results of all systems across
tasks and languages. Overall, our approach
achieves competitive performance, matching or sur-
passing prior systems in several settings despite the
training being incomplete for our strongest model.

ASR Although Phi4-Multimodal obtains the best
ASR score with 0.07 WER, our best model
(SEAMLESS-based + post-editing) reaches 0.11
WER, clearly outperforming NLE (0.13) and both
CUNI-NL and IST (0.15).

S2TT  Our best model (SEAMLESS-based + post-
editing) achieves COMET scores that are overall

8https://github.com/hlt-mt/mcif

on par with Phi4-Multimodal, obtaining the best
score for en—de (0.78 vs. 0.77), tying for en—it
(0.81), and remaining within 0.01 points for en—zh
(0.80 vs. 0.81).

SQA Our best model (SEAMLESS-based + post-
editing) achieves the best BERTScore for de (0.42)
and ties with Phi4-Multimodal for z4 (0.37). For
it, it remains within 0.01 points of the best system
(NLE, 0.42), reaching 0.41. For en, our model
achieves 0.44, below Phi4-Multimodal (0.46) and
NLE (0.50).

Post-editing has limited impact on most met-
rics, but yields notable SQA improvements for
it (0.36 — 0.41) and zh (0.34 — 0.37) in the
SEAMLESS-based model, which we attribute to the
correction of output formatting errors rather than
improvements in the model’s underlying predic-
tions. Qualitative inspection of the model’s outputs
on the IWSLT 2026 test set reveals that it helps
enforce strict output formats, correcting frequent
formatting errors in the raw model outputs. We
hypothesize that this effect may be more relevant
for the surprisal task.

5 Submitted models

We submitted three systems to the shared task.
Our PRIMARY submission is the SEAMLESS-based
model with post-editing. CONTRASTIVE 2 uses
the MHUBERT encoder without post-editing, and
CONTRASTIVE 1 is the same model with post-
editing applied.

Table 3 reports the official results of our three
submissions on the IWSLT 2026 benchmark. Over-
all, the submitted systems obtain similar ASR per-
formance, which is consistent with the results ob-
served in our experiments.

For S2TT, the scores are also in line with those
obtained on the IWSLT 2025 benchmark. All sys-
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Table 3: Official results for our submitted models in the IWSLT 2026 benchmark. The zh results for CONTRASTIVE
2 could not be evaluated due to a technical error. Bold values indicate the best result per task and language.

Submission Lang. TRANS-COMET (1) QA-BERTScore (1) QE-accuracy (1) QE-format-accuracy (1) ASR-WER (])
PRIMARY — 0.425 — — 0.134
CONTRASTIVE 1 en — 0.383 — — 0.127
CONTRASTIVE 2 0.420 — — 0.127
PRIMARY 0.773 0.454 — — —
CONTRASTIVE 1 it 0.787 0.395 — — —
CONTRASTIVE 2 0.787 0.395 — — —
PRIMARY 0.808 0.467 0.785 0.953 —
CONTRASTIVE 1 de 0.798 0.425 0.810 0.997 —
CONTRASTIVE 2 0.799 0.383 0.796 0.712 —
PRIMARY 0.782 0.413 0.929 0.950 —
CONTRASTIVE 1 zh 0.750 0.398 0.872 0.663 —
CONTRASTIVE 2 — — _ _ _
tems achieve very similar translation performance, =~ Acknowledgments

with the main difference appearing for zh, where
the PRIMARY system outperforms the MHUBERT-
based contrastive submissions.

In SQA, the PRIMARY system achieves the best
results across all languages despite being trained
for only 0.8 epochs. Since our approach relies on
the CoT generation with an intermediate transcrip-
tion step, this may suggest that the SEAMLESS
encoder enables to produce better transcriptions.
Nevertheless, this advantage is not clearly reflected
by ASR-WER alone.

Finally, comparing CONTRASTIVE 1 and CON-
TRASTIVE 2 shows that post-editing has mixed
effects. It substantially improves the surprisal-task
format accuracy for de, does not affect translation
performance, and slightly hurts QA performance
for en. This suggests that our post-editing strategy
is mainly useful for enforcing output constraints,
but may occasionally alter otherwise valid answers.
We note that these effects are likely highly depen-
dent on both the instruction-following capabilities
of the post-editing model and the prompt used for
post-editing.

6 Conclusion

In this paper, we presented BSC’s submission to the
Instruction Following track of IWSLT 2026. Our
system combines a CoT transcription strategy with
a translation-oriented LLM backbone, trained on a
mixture of speech and text-only data. Results on
both the IWSLT 2025 evaluation set and the official
IWSLT 2026 benchmark show strong performance
on S2TT, SQA, and the surprisal task for the pro-
posed language pairs, despite the primary model
not completing the full planned training schedule.
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A Model’s Prompt Templates
A.1 Base Template

Figure 2 illustrates the prompt formatting strategy
described in §2.2, while Figure 3 shows the specific
version for the ASR task.

Base Template

User’s Turn
<|audio_bos|><|AUDIO|><|audio_eos|>
{instruction}

Assistant’s Turn
<|think_bos|>
Transcription:

{audio transcription}
<|think_eos|>
{response}

Figure 2: Base template used to train the model. CoT
process is omitted in ASR tasks.

Base Template (ASR)

User’s Turn
<|audio_bos|><|AUDIO|><|audio_eos|>
{instruction}

Assistant’s Turn
{response}

Figure 3: Base template used to train the model for ASR
tasks

A.2 ASR Instructions

The following are the instructions tailored for the
ASR task.

English

. Give me the transcription for this audio

. Convert the speech in this recording to text

. Could you transcribe this audio?

. Listen and write down what is being said

. Listen carefully and generate a word-for-word
transcription

. Transcribe the audio

. Speech to text

. Transcribe the following audio

. What is being said in the audio?

. What are the speakers saying? Write it out

I O R S

S O 03N

German
11. Analysiere das akustische Signal und gib den
passenden Text aus
12. Fiihre Spracherkennung auf dem folgenden
Audio aus

13. Hore genau hin und erstelle eine wortgetreue
Transkription

14. Hore zu und schreibe auf, was gesagt wird

15. Konntest du das Audio bitte transkribieren?

16. Sprache-zu-Text-Transkription

17. Transkribiere die folgende Audiodatei

18. Wandle die Sprache in dieser Aufnahme in
Text um

19. Wandle diese gesprochene AuBerung in
geschriebene Form um

20. Was sagen die Sprecher? Schreibe es als Text
auf

Italian

21. Trascrivi I’audio.

22. Ascolta con attenzione e genera una
trascrizione parola per parola

23. Ascolta e scrivi ci0 che viene detto

24. Converti il audio di questa registrazione in
testo

25. Cosa dicono? Scrivilo qui sotto.

26. Da audio a testo

27. Potresti trascrivere questa registrazione?

28. Trascrivi il seguente audio

29. Trasforma questo enunciato parlato nella sua
forma scritta

Chinese

30. AT BRSO N B SCAR A

31. EEE T

32, IXEEANER UL T AT A2 BN A RS
*

33, BRI A RGR TR S UK

34, BRI EIEE, NEIEHIERNET
EHR

35. BN N E R E AT E S IR B I 4 H DU
R

36. TERF N HE R E ML S RO

37. BRI BB AL ¥ OO

38, HIX B SR B R EE R AT

39. ¥5

A.3 S2TT Instructions

The following are the instructions tailored for the
Speech to Text Translate task.

English

1. Can you translate this from [SOURCE
LANG] to [TARGET LANG] please

2. Convert the speech from [SOURCE LANG]
into written [TARGET LANG]

3. Could you transcribe the following audio,
spoken in [SOURCE LANG], as [TARGET
LANG]
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10.

. Give the meaning of this [SOURCE LANG]

audio in [TARGET LANG]

. What is this [SOURCE LANG] audio about?

Translate it into [TARGET LANG]

. Listen to the [SOURCE LANG] speech and

translate it into [TARGET LANG]

. Produce a [TARGET LANG] translation of

the [SOURCE LANG] recording

. Translate this [SOURCE LANG] audio to

[TARGET LANG]

. Translate the following audio from [SOURCE

LANG] into [TARGET LANG]
Translate this audio from [SOURCE LANG]
to [TARGET LANG]

German

11.

12.

13.

14.

15.

16.

17.

18.

19.

Bitte gib eine prizise Ubersetzung dieses Au-
dios in [SOURCE LANG] nach [TARGET
LANG]

Bitte iibersetze die folgende Audiodatei von
[SOURCE LANG] nach [TARGET LANG]
Bitte iibersetze diese in [SOURCE LANG]
gesprochene AuBerung nach [TARGET
LANG]

Erstelle eine fliissige Ubersetzung der
AuBerung von [SOURCE LANG] nach
[TARGET LANG]

Formuliere die Bedeutung des Audios in
[SOURCE LANG] auf [TARGET LANG]
Gib den Inhalt dieser Audioaufnahme in
[SOURCE LANG] auf [TARGET LANG]
wieder

Hore dir die Aufnahme in [SOURCE LANG]
an und gib die Ubersetzung auf [TARGET
LANG] an

Wandle die folgende in [SOURCE LANG]
gesprochene Sequenz in [TARGET LANG]
um

Ubertrage die gesprochene Passage aus
[SOURCE LANG] in geschriebenes [TAR-
GET LANG]

Italian

20.

21.

22.

23.

24,

Ascolta I’audio in [SOURCE LANG] e for-
nisci la traduzione in [TARGET LANG]
Converti questo audio in [SOURCE LANG]
in testo [TARGET LANG]

Esprimi il contenuto di questo audio in
[SOURCE LANG] in lingua [TARGET
LANG]

Interpreta la registrazione in [SOURCE
LANG] e rispondi in [TARGET LANG]

Per favore traduci il seguente audio da

25.

26.

27.

[SOURCE LANG] a [TARGET LANG]
Produci una traduzione naturale in [TAR-
GET LANG] per questo audio in [SOURCE
LANG]

Traduci questa frase pronunciata in [SOURCE
LANG] in [TARGET LANG]

Trasforma la seguente espressione orale in
[SOURCE LANG] in [TARGET LANG]

Chinese

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

A4

% % X BY[SOURCE LANG] 1iE & & %
[TARGET LANG]

IXEZ[SOURCE LANG] & ¥ BN A5
4.2 & FH[TARGET LANG] 5 Hi 3k

B EIX B [SOURCE LANG] &%, R
J& B L BHE B [ TARGET LANG]

HFHX BX[SOURCE LANG] IR N A E
FEA[TARGET LANG]

% ¥ X BZ[SOURCE LANG] = 5 % #t
B [TARGET LANG] 34X

% ¥ X EZ[SOURCE LANG] iE = B i%
[ TARGET LANG] HFH L F

% ¥ iX EZ[SOURCE LANG] iE = 8 i%
%[ TARGET LANG]

1% ¥ 3X BZ[SOURCE LANG]
%[ TARGET LANG]

iH ¥ X Bt[SOURCE LANG]
M [TARGET LANG]

% ¥ X BX[SOURCE LANG]
H%[TARGET LANG]

45 11 %
i % W

% % § 7

T2TT Instructions

The following are the instructions tailored for the
T2TT task.

English

1.
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Translate the following text from [SOURCE
LANG] to [TARGET LANG]

Could you please translate this from
[SOURCE LANG] into [TARGET LANG]:

. Translate from [SOURCE LANG] to [TAR-

GET LANG]
Could you translate the text provided from
[SOURCE LANG] to [TARGET LANG]

. Could you translate this [SOURCE LANG]

text into [TARGET LANG]

Give me the translation of this from
[SOURCE LANG] to [TARGET LANG]
How do you say this in [TARGET LANG]
starting from [SOURCE LANG]?

Please translate this text from [SOURCE
LANG] to [TARGET LANG]



9. Provide the [TARGET LANG] version of this
[SOURCE LANG] text.
10. Translation task: [SOURCE LANG] to [TAR-
GET LANG].

German

11. Bitte iibersetze diesen Text von [SOURCE
LANG] nach [TARGET LANG]

12. Erstelle die Version in [TARGET LANG] fiir
diesen Text in [SOURCE LANG].

13. Gib mir die Ubersetzung davon von
[SOURCE LANG] nach [TARGET LANG]

14. Wandle den folgenden Text von [SOURCE
LANG] nach [TARGET LANG] um

15. Wie sagt man das auf [TARGET LANG], aus-
gehend von [SOURCE LANG]?

16. Ubersetze diesen Text von [SOURCE LANG]
nach [TARGET LANG]

17. Ubersetze von [SOURCE LANG] nach [TAR-
GET LANGT:

18. Ubersetzungsaufgabe: [SOURCE LANG]
nach [TARGET LANG].

Italian

19. Compito di traduzione: da [SOURCE LANG]
a [TARGET LANG].

20. Converti il seguente testo da [SOURCE
LANG] a [TARGET LANG]

21. Dammi la traduzione di questo da [SOURCE
LANG] a [TARGET LANG]

22. Fornisci la versione in [TARGET LANG] di
questo testo in [SOURCE LANG].

23. Per favore, traduci questo testo da [SOURCE
LANG] a [TARGET LANG]

24. Potresti tradurre da [SOURCE LANG] in
[TARGET LANG]:

25. Puoi tradurre il testo fornito da [SOURCE
LANG] a [TARGET LANG]

26. Puoi tradurre quanto segue da [SOURCE
LANG] a [TARGET LANG]

27. Traduci questo testo da [SOURCE LANG] a
[TARGET LANG]

Chinese

28. M[SOURCE LANG]#l ¥ Z|[TARGET
LANG]

29. Bf & it 7 3L K M[SOURCE LANG]# 1%
%[ TARGET LANG]

30. B L A& M[SOURCE LANG|#% #t
[TARGET LANG]

31. #& Mt X EZ[SOURCE LANG|X &
HJ[TARGET LANG]RUA o

32.%4 X B 3L F M[SOURCE

LANG]|2|[TARGET LANG] &%

33. #1 #¥ LI T[SOURCE LANG|X 7
ZI|[TARGET LANG]

34. B#ESS: [SOURCE LANG]%|[TARGET
LANG] -

35. B ¥ LN N & \[SOURCE LANG]#H %
NITARGET LANG]:

B Data Preprocessing Prompts

B.1 Translation Prompt

The following prompt is used to translate samples
from NMSQA and SQuAD v2.0 from English to
other languages, as explained in §2.1.

Translate the following English source
text to {language}:

English: {text}

{language}:

B.2 Response Rewriting Prompt

The following prompt is used to extend the
answers provided by the SQuAD v2.0 dataset, as
explained in §2.1.

I want you to extend a text to a longer
one. You will receive a text for context,
for question, and for answer. The text
in answer is the one you need to extend
following the content in the context and
the question you are asked, and place it
to the Extended Answer field. The
context will be always in English, but
the question and the answer can be in
English, Italian, Chinese or German. The
Extended Answer must be written in the
same language as the Question and Answer
fields. The tone of the Extended Answer
should maintain the style of the
original answer and question. Do not add
external information. Use only the facts
provided in the Context.

Provide only the text for the Extended
Answer field, without any additional
comments or introductions. I will give
you a few examples so you can see how it
must be done:

Context: Hi, I’'m Mira, and today I’ll be
talking about our paper, Marked Pronas,
using natural language prompts to

measure stereotypes in language models.

180



This work is done in collaboration with
Sinder Mooch and Dandarovski.

Question: How many authors are involved
in the paper?

Answer: three

Extended Answer: Three authors are
involved in the paper.

Context: We have fine tuned two
different models. We have fine tuned a
model of long mBART to produce document
level simplifications and we also fine
tuned the normal based long mBART to
produce sentence level simplifications.
Question: Which models were investigated
during the experiments?

Answer: two different models

Extended Answer: long-mBART and normal
base mBART were used for the
experiments.

Context: So going back to the question
that we raised in the title of our
paper, do CoNLL-2003 taggers still work
in 2023? And we found that the answer is
actually a resounding yes.

Question: Do CoNLL-2003 taggers still
work?

Answer: yes

Extended Answer: Yes, Transformer-based
models are able to generalize even if
trained on older data.

Now do it for this sample:

Context: {context}
Question: {question}
Answer: {answer}
Extended Answer:

B.3 Summarization Prompt

The following prompt is used to summarize text
for the non-answerable subset of SQuUAD v2.0, as
explained in §2.1.

Summarize the following text: {text}

Respond in a very short and concise manner
in plain text

C Post-Editing Prompt

The following prompt is used to post-edit the
responses generated by the Speech-LLM, as
explained in §3.3.

You are a post-editor for an
instruction-following system.

Your task is to correct the model output
only when necessary so that it complies
with the user’s instruction, focusing on
formatting and instruction-following.

You are given:
1. The original instruction (prompt)
2. The model output

Important:

- You do NOT have access to the original
input (e.g., audio). Do NOT attempt to
infer or reconstruct missing
information.

- Do NOT re-solve the task. Only edit
the existing output if required.

- Do NOT reason about the model output.
If you doubt, return the original
output.

Guidelines:

- If the instruction requires a fixed
format, enforce it exactly.

- If already correct, return it
unchanged.

- Preserve the original content and
wording as much as possible.

- Do not add new content or guess
missing information.

- If the instruction is transcription or
translation, do not modify the content
in any way.

- Only fix clear formatting or
instruction-following issues.

Instruction:
{prompt}

Model output:
{output}

Final corrected output:
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D Data Statistics

Table 4 presents the statistics of the data used to
train the Speech-LLM. Note that the amounts re-
ported correspond to the samples selected for train-
ing, not all the data (e.g. in NMSQA, a 30/30/ 30
/ 10% distribution was selected for de / it / zh / en).

Table 4: Detailed preprocessed data statistics

Task Dataset Language # Samples Duration (h)
Common Voice 22.0 en 1,138,761 1,800
ASR VoxPopuli en 177,020 501
LibriSpeech en 1,621,206 6,694
Yodas (Granary) en 1,010,031 2,469
EuroparlST en—>({e ;z’giz ;Z
S2TT en_>dlt 289’ 159 429
CoVoST2 en—de :
en—zh 289,341 430
Wikimedia en—rde ‘6‘2’2 3 -
TZTT en—it N —
en—de 100,000 —
Tatoeba
en—it 50,000 —
Opus en—zh 50,000 —
LibriSQA en 208,030 727
en 12,978 115
d. 38,933 362
SQA  NMSQA/SQuAD2.0 d i
it 38,933 411
zh 38,933 411
QA CMRC2018 zh 10,150 —
en 339,966 —
Dolci Instruct SFT de 403 —
it 279 —
IF zh 1,254 —
de 241 —
Aya Dataset it 738 —
zh 4,909 —
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