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Abstract

As Large Language Models (LLMs) ex-
pand beyond text, integrating speech as a
native modality has given rise to Speech-
LLMs, which directly process spoken lan-
guage and enable speech-to-text translation
(ST) and other downstream tasks, bypass-
ing traditional transcription-based pipelines.
Whether this integration improves ST qual-
ity over established cascaded architectures,
however, remains an open question. We
present Hearing to Translate,' the first com-
prehensive test suite rigorously benchmark-
ing 6 state-of-the-art SpeechLLLMs against
16 strong direct and cascade systems that
couple leading speech foundation models
(SFM), with multilingual LLMs. Our analy-
sis spans 16 benchmarks, 13 language pairs,
and 9 challenging conditions, including dis-
fluent, noisy, and long-form speech. Across
this extensive evaluation, we find that cas-
caded systems remain the most reliable so-
lution overall, but most recent SpeechLLMs
can match or even outperform cascades in
various settings while SFMs lag behind both,
highlighting that integrating an LLM, either
within the model or in a pipeline, is essential
for high-quality speech translation.
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"The Hearing-to-Translate Suite is released at https://
github.com/sarapapi/hearing2translate.

1 Introduction

Large Language Models (LLMs) have transformed
natural language processing, enabling unprece-
dented generalization and reasoning capabilities
across a wide range of text-based tasks (Achiam
et al., 2023; Touvron et al., 2023). Recently, these
models have been extended beyond text to en-
compass multimodal inputs, including vision and
audio. Among these modalities, speech holds a
particularly central role, as it is the most natu-
ral and information-rich form of human communi-
cation, conveying not only linguistic content but
also prosodic, emotional, and paralinguistic cues
(Schuller, 2018). Integrating this modality into
LLMs promises a new generation of language tech-
nologies that can process and understand spoken
language in a more human-like and contextually
grounded manner (Latif et al., 2023).

This motivated the emergence of SpeechLLLMs:
models that extend text-based LLMs with the abil-
ity to process spoken language directly. A Speech-
LLM typically integrates an audio encoder, often
derived from powerful Speech Foundation Models
(SEMs) such as Whisper (Radford et al., 2023) or
SeamlessM4T (Barrault et al., 2023), with one or
more adapters that bridge the gap between acous-
tic representations and the embedding space of an
LLM such as Gemma (Gemma Team et al., 2025)
or Tower+ (Rei et al., 2025). This paradigm chal-
lenges the traditional architectures that have long
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dominated speech-to-text translation (ST). Conven-
tional ST systems are typically either cascade or
direct (Bentivogli et al., 2021). In cascaded setups,
a dedicated Automatic Speech Recognition (ASR)
model first transcribes the input speech into text,
which is then translated by a separate Machine
Translation (MT) or, more recently, LLM-based
module. This modular design remains highly ef-
fective, as it allows each component to be trained
on large available corpora and fine-tuned indepen-
dently for new languages or domains, but it also
introduces limitations: translation quality is tightly
coupled to ASR accuracy (Ney, 1999), potentially
leading to error propagation issues (Sperber and
Paulik, 2020), increased latency and computational
costs, as two models have to be sequentially ex-
ecuted (Papi et al., 2025), and the intermediate
transcription step discards prosodic and paralin-
guistic information that may enrich meaning (Tsia-
mas et al., 2024). Direct ST models, in contrast,
attempt to bypass these issues by mapping speech
directly to translated text end-to-end (Bérard et al.,
2016; Weiss et al., 2017). However, these mod-
els are often data-hungry (Nguyen et al., 2020; Jia
et al., 2022; Xu et al., 2023), limited by the scarcity
of large-scale parallel speech-translation corpora,
and less flexible at test time, lacking the in-context
reasoning and adaptability of LLMs.

SpeechLLLLMs offer a novel alternative to these
monolithic ST models. By integrating the speech
modality within a general-purpose LLM, they com-
bine end-to-end speech processing with the lin-
guistic knowledge and contextual flexibility of
LLMs, enabling translation, adaptation to user in-
tent, and handling of cross-lingual contexts (Ruben-
stein et al., 2023). These properties make Speech-
LLMs an appealing framework for massively mul-
tilingual translation systems that can seamlessly
operate across text and speech (Bapna et al., 2022;
Nguyen et al., 2025). However, the practical ben-
efits of this integration remain an open question.
It is unclear whether SpeechLLLMs can match (or
surpass) the performance of translation-specialized
direct or cascaded systems that combine powerful
SFMs with high-performing LLMs. Furthermore,
existing works rarely compare these paradigms sys-
tematically (Gaido et al., 2024) or consider com-
plex real-world speech phenomena such as disflu-
encies, background noise, and code-switching.

In this paper, we present Hearing to Translate,
the first comprehensive test suite evaluating the

effectiveness of speech modality integration into
LLMs for translation. We systematically compare 6
state-of-the-art SpeechLLLMs against 16 strong sys-
tems (4 direct and 12 cascade) built on top of lead-
ing SFMs and multilingual and translation-oriented
LLMs. Our evaluation encompasses 13 language
pairs and 16 benchmarks, covering 9 diverse condi-
tions that capture a range of linguistic and acoustic
phenomena, enabling a comprehensive assessment
of translation quality and robustness in realistic
settings. Through this analysis, we address a fun-
damental question for the SpeechLLM era: Does
integrating the speech modality directly into LLMs
truly enhance speech translation, or do cascaded
architectures or traditional direct models remain
the most effective solutions?

2 Related Works

Cascaded vs. Direct ST: A Historical Compar-
ison. The comparison between cascaded and di-
rect architectures has long been a central topic in
ST research. Though early works highlighted the
potential of end-to-end models to reduce error prop-
agation and latency while achieving comparable
or superior results to pipeline approaches (Indurthi
et al., 2020), recent evidence paints a more nuanced
picture. Most recent IWSLT evaluation campaigns
(Ahmad et al., 2024; Abdulmumin et al., 2025) con-
sistently report that cascades, especially those com-
bining strong SFMs with high-performing LLMs
(Koneru et al., 2025; Wang et al., 2025), again out-
perform direct approaches across multiple language
pairs and acoustic conditions. Similarly, Min et al.
(2025) show that despite architectural advances,
direct systems still struggle to generalize in realis-
tic multilingual or low-resource scenarios. While
these studies have clarified the strengths and weak-
nesses of each paradigm, systematic comparisons
in the era of LLM-enhanced models remain lim-
ited (Gaido et al., 2024). Our work revisits this
long-standing debate under a new lens: evaluating
how SpeechLLLMs reshapes the traditional balance
between cascaded and direct ST.

The LLM Era is Here, for MT. LLMs have re-
cently transformed the MT landscape, achieving
performance comparable to or surpassing special-
ized translation models in recent WMT campaigns
(Kocmi et al., 2024a, 2025b). Their broad multilin-
gual coverage, contextual reasoning, and in-context
learning enable high-quality translation without
task-specific fine-tuning (Garcia et al., 2023; Stap



et al., 2024; Deutsch et al., 2025). Beyond raw
accuracy, LLMs excel in adaptation to user in-
tent (Sarti et al., 2023), style and formality control
(Rippeth et al., 2022), and explaining and correct-
ing their own translations (Treviso et al., 2024)—
dimensions traditionally outside the scope of stan-
dard MT models. This paradigm shift has sparked
growing interest in extending LL.Ms beyond text
to speech, motivating the development of Speech-
LLMs for ST. However, while the superiority of
LLMs over traditional MT systems has been estab-
lished in text translation, this assumption has not
yet been verified for SpeechLLMs in ST. Our work
directly addresses this gap, providing the first study
testing whether the advantages of LLM-based trans-
lation extend to the speech modality.

3 The Hearing-to-Translate Suite

In this section, we describe the main ingredients
of the test suite: the analyzed phenomena (Sec-
tion 3.1), the selected benchmarks (Section 3.2),
and the metrics used for evaluation (Section 3.3).

3.1 Categorization of Analyzed Phenomena

To evaluate the robustness and generalization abil-
ity of SpeechLL.Ms across realistic scenarios, we
introduce a diverse set of conditions collectively
referred to as the Hearing-to-Translate Suite. Each
condition targets a specific linguistic, acoustic, or
sociolinguistic phenomenon known to challenge
speech and translation systems (Shah et al., 2024).
The suite enables a controlled and comprehensive
analysis of model behavior across nine categories:

* |GENERIC Clean, well-segmented speech from
standard benchmarks, used as a reference for
model performance under ideal conditions.

* GENDER BIAS Utterances balanced across male
and female speakers to examine whether trans-
lation outputs preserve or distort gendered infor-
mation and pronoun use.

* [ACCENTS Speech from different geographic vari-
eties of a given language, assessing the ability of
models to generalize beyond the accent or dialect
distribution seen during training.

* |[CODE SWITCHING Segments containing intra-
sentential language alternation, which require
models to dynamically adapt to mixed-language
input and maintain coherence in translation.

* DISFLUENCIES Spontaneous speech containing
hesitations, repetitions, and self-corrections, used

to evaluate how well models handle natural, non-
scripted communication.

e NAMED ENTITIES Speech including person
names, locations, and organizations, testing the
preservation and accuracy of proper nouns.

* INOISE Audio with added environmental or back-
ground noise, evaluating the robustness of mod-
els to unclean acoustic conditions.

* [EMOTION Emotionally expressive speech, assess-
ing whether prosodic and affective cues influence
translation fidelity and tone.

* LONG-FORM Extended audio segments contain-
ing multiple sentences, often of several minutes,
used to evaluate contextual consistency and mem-
ory handling in translation models.

3.2 Benchmarks

To ground the analysis of the phenomena intro-
duced in Section 3.1, we select and create a set of
benchmarks that collectively cover the nine cate-
gories. A summary, with license and covered lan-
guages, is presented in Table 1. For each of them,
we provide a brief description below:

* FLEURS: It is an n-way parallel speech-text
benchmark covering 102 languages, built on the
FLoRes-101 MT dataset (Goyal et al., 2022). It
provides roughly 12 hours of speech per language
and supports evaluation of ASR, ST, language
identification, and retrieval. Data collection en-
forced a balanced speaker sex ratio where possi-
ble, enabling analyses of gender bias (Attanasio
et al., 2024).

* CoVoST2: Itis a ST benchmark created for 15
English-to-many and 21 many-to-English lan-
guage pairs. The source segments (audio and
transcripts) are derived from validated segments
in version 4 of Common Voice (Ardila et al.,
2020), and translated by professionals and ver-
ified using embedding-based approaches and
length heuristics to ensure quality.

e EuroParlIST: It is a many-to-many speech trans-
lation dataset covering 9 European languages,
built from European Parliament debates held be-
tween 2008 and 2012. It provides full speech
recordings of parliamentary interventions, along
with transcripts, translations, speaker metadata,
and gold sentence segmentation. In this work, we
leverage the en-de audios for deriving the en-zh,
not originally supported by the benchmark.

* WMT: The General MT Shared Task annually
tracks progress in MT. Since 2024, it has in-



Benchmark License Phenomena Src Lang
FLEURS (Conneau et al., 2022) CC-BY 4.0 GENERIC GENDER BIAS en de es fr it pt zh
CoVoST2 (Wang et al., 2020) CC-0 en de es it pt zh
EuroParlIST (Iranzo-Sanchez et al., 2020) CC-BY-NC 4.0 GENERIC en de es fr it pt
WMT (Kocmi et al., 2024a, 2025b) CC-BY 3.0 en
WinoST (Costa-jussa et al., 2022) Custom GENDER BIAS en
CommonAccent (Zuluaga-Gomez et al., 2023) CC-0 ACCENTS en de es it
ManDi (Zhao and Chodroft, 2022) CC-BY-NC 3.0 zh
CS-Dialogue (Zhou et al., 2025) CC-BY-NC-SA 4.0 zh

DE SWITCHIN
CS-FLEURS (Yan et al., 2025) CC-BY-NC 4.0 CODE"SWITCHING de es fr zh
LibriStutter (Panayotov et al., 2015) CC-BY-NC 4.0 DISFLUENCIES en
NEuRoparlST (Gaido et al., 2021) CC-BY-NC 4.0 NAMED ENTITIES en
NoisyFLEURS NEW! CC-BY-NC 4.0 NOISE en de es fr it pt zh
EmotionTalk (Sun et al., 2025) CC-BY-NC-SA 4.0 EMOTION zh
mExpresso (Seamless Comm. et al., 2023) CC-BY-NC 4.0 en
ACL 60/60 (Salesky et al., 2023) CC-BY 4.0 LONG-FORM en

MCIF (Papi et al., 2026)

Table 1: Benchmarks list with their covered phenomena, and source language (in ISO 639 two-letter

language code).

cluded a speech domain built from publicly avail-
able one-minute YouTube videos, with randomly
sampled 30-50s segments containing at least 30%
speech. The benchmark is challenging due to the
presence of background noise. It covers 10-15
language pairs per edition, mostly out of English,
with human reference translations.

* WinoST: WinoST is a dataset designed to eval-
uate gender bias in ST systems. It is the speech
version of the WinoMT dataset (Stanovsky et al.,
2019), and is used to assess inaccuracies in trans-
lations that arise from gender stereotypes, fo-
cusing on the gender information present in the
sentence content rather than the speaker’s voice.

* CommonAccent: Designed for accent-robust
ASR, CommonAccent includes validated speech
segments with accent or dialect annotations from
Common Voice v7/vl1 (Ardila et al., 2020). Lan-
guages have 4-16 varieties, and test sets are bal-
anced by capping each variety at 100 segments.

e ManDi: It targets Mandarin dialect variation,
with 9.6 hours of speech from 36 speakers across
six regional dialects plus Standard Mandarin.
Speakers read the same materials in both Stan-
dard Mandarin and their native dialect. We use
only the poem and short-passage recordings, dis-
carding single word recordings.

* CS-Dialogue: It is a 104-hour dataset of spon-
taneous Mandarin-English dialogues with 200

speakers, covering seven topics. We use only the
code-switching portion of the test split, which
consists primarily of Mandarin utterances con-
taining embedded English.

* CS-FLEURS: Derived from FLEURS, it spans
52 languages and provides real and synthetic
code-switched data for ASR and ST. For this
work, we evaluate a subset of into-English pairs
with read human speech.

 LibriStutter: It is derived from LibriSpeech
(Panayotov et al., 2015) by automatically insert-
ing disfluencies such as interjections, sound rep-
etitions, word/phrase repetitions, and prolonga-
tions, to evaluate their impact on ST quality.

* NEuRoparlIST: It is a derivative of EuroparlST
with manually annotated Named Entities (NEs)
and domain terminology for both transcripts and
translated texts.

* NoisyFLEURS: Derived from FLEURS (Con-
neau et al., 2022), it is created for this work to
evaluate noise robustness. We add two types
of realistic noise—babble (B) and ambient (A)
from the MUSAN corpus (Snyder et al., 2015)—
following Anwar et al. (2023) to simulate chal-
lenging acoustic conditions.”

* EmotionTalk: This dataset contains Chinese

*NoisyFLEURS is released under the CC-BY-NC 4.0
license at https://huggingface.co/datasets/maikezu/
noisy-fleurs
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dyadic conversations recorded with 19 profes-
sional actors, annotated for seven emotions
(happy, surprise, sad, disgust, anger, fear, neu-
tral), their intensity, and speaking-style captions.

* mExpresso: This benchmark is based on an ex-
panded subset of the Expresso dataset (Nguyen
et al., 2023), containing seven read speech with
different emotions/styles (default, happy, sad,
confused, enunciated, whisper, laughing).

* ACL 60/60: Based on ACL 2022 presentations,
it captures realistic conditions such as long-form
audio and domain-specific terminology. It con-
tains English audio with transcripts and transla-
tions into 10 languages. Audio was segmented
and transcribed with ASR and manually post-
edited, while MT outputs were post-edited to en-
sure alignment and correct handling of technical
terminology.

* MCIF: It assesses crosslingual instruction-
following in multimodal LLMs, offering 3 fully
parallel modalities (text, speech, video) across
4 languages, with both short- and long-form in-
puts. Specifically for ST, it comprises 2 hours
of human-annotated scientific talks from English
into three languages (German, Italian, Chinese).

3.3 Maetrics

Most speech benchmarks lack reference transla-
tions, and recent work has raised concerns about
the reliability of reference-based automatic met-
rics (Freitag et al., 2023; Zouhar and Bojar, 2024).
Accordingly, we rely on quality estimation (QE)
metrics for evaluation. To this end, we employ
xCOMETZ" and METRICXZ®: modified versions
of XCOMET (Guerreiro et al., 2024) and MET-
RICX (Juraska et al., 2024) designed to penalize
off-target outputs. This strict evaluation follows
the recommendation of Zouhar et al. (2024) and
applies the maximal penalty to any translation iden-
tified by LINGUAPY? as being in the wrong lan-
guage. Specific settings are reported in Appendix
B. Besides pure quality-based scores, we also re-
port tailored metrics, which are presented below:

Performance Gap. For several phenomena, we
quantify performance variation through a unified
gap formulation, which measures the relative dif-
ference between two quantities, Q4 and Qp:

A=100-(Qa—Qp)/Qa

3https ://github.com/pemistahl/lingua-py

where () 4 and () g denote evaluation scores com-
puted on two contrasting subsets of the same bench-
mark, using either xCOMETQ" or task-specific
metrics. A value close to zero indicates compara-
ble performance across conditions; positive values
indicate better performance on subset A than on B,
while negative values indicate better performance
on B than on A. The gap is computed for the
following phenomena:

* Gender Speaker Gap (Agy): Following Attana-
sio et al. (2024), we instantiate the gap by com-
paring the translation quality (either xCOMETZ"
or METRICX?E) of male (A = &) and female
(B = Q) speakers, capturing relative perfor-
mance disparities across speaker gender.

* Gender Coreference Gap (AFl,;): For
WinoST, we compute the relative difference in
coreference resolution accuracy by applying the
gap formulation to F1 scores obtained on male
(A = &) and female (B = @) subsets, using the
official evaluation script.*

* Accent Gap (Aaceent): Accent robustness is eval-
uated by contrasting translation quality on stan-
dard varieties (A = STD) with non-standard or
regional varieties (B = ~STD).

* Disfluency Gap (Agisfiuency): To assess robust-
ness to speech disfluencies, we compare trans-
lation quality on fluent (A = fl) and disfluent
(B = disfl) speech subsets.

* Noise Gap (Ajise): Noise robustness is quanti-
fied by instantiating the gap between translation
quality obtained on clean (A = clean) and noisy
(B = noisy) speech conditions.

* Length Gap (Ajengin): We measure sensitivity
to long-form speech by contrasting short-form
(A = short) and long-form (B = long) inputs. A
large positive Ajengy indicates substantial degra-
dation when processing entire talks rather than
sentence-level segments. Since short-form seg-
ments are not paired with references, we reseg-
ment system outputs and align them to refer-
ences using SentencePiece (Kudo and Richard-
son, 2018) and MWERSEGMENTER (Matusov
et al., 2005), following standard ST evaluation
practice (Ansari et al., 2020).

Accuracy. For named entities and domain-
specific terminology, we report case-sensitive ac-

4h’ctps ://github.com/gabrielStanovsky/mt_gender
>This metric is applied only to ManDi, as CommonAccent
does not define a single standard variety.
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curacy (%nNg, % term) Using the official NEuroParl-
ST evaluation script.® Specifically:

9%NE = MNE/|NE|

%term = MTerm/|T€Tm‘

where Mpyg and Mrer, denote exact string
matches in system outputs, and NE and Term
are the corresponding reference sets.

4 Experimental Settings

4.1 Models

To allow for wider accessibility and easier repro-
duction of our results, we consider models with
less than 32 billion parameters. Our analysis fo-
cuses on the three paradigms: SFMs M (used either
as ASR or directly for ST), cascades composed of
SFMs, and LLMs I and SpeechLLMs . Specifi-
cally, we selected: Whisper, SeamlessM4T, Canary,
and OWSM as SFMs; Aya Expanse, Gemma, and
Tower+ as LLMs; and Phi-4-Multimodal, Qwen2-
Audio, Qwen3-Omni, DeSTA2, Voxtral, and Spire
as SpeechLLMs. Specific model descriptions, and
details are reported in Appendix C.

4.2 Languages and Inference

Given the broad language coverage of current
LLMs and SFMs, we select languages based on
those most commonly supported across the Speech-
LLMs analyzed in our study. The evaluation fo-
cuses on {de, fr, it, es, pt, zh}—en and en— {de, nl,
fr, it, es, pt, zh}. For LLMs, we follow the official
translation prompt from the WMT 2025 General
MT Shared Task (Kocmi et al., 2025b), which we
adapt for SpeechLLMs to accommodate spoken
inputs (see Appendix D). For SFMs, which do not
support prompting, we specify either the target
language or both the source and target languages,
depending on the specific model. Default decod-
ing parameters are used for all models,” reflecting
real-world, out-of-the-box performance. All in-
ferences are performed using the Hugging Face
Transformers library (see Appendix C), except for
OWSM, available only via ESPnet (Watanabe et al.,
2018), and Canary, available via NVIDIA NeMo
(Kuchaiev et al., 2019).

https://github.com/mgaido91/FBK-fairseq-ST/
blob/emnlp2021/scripts/eval/ne_terms_accuracy.py

"The only exception is Spire, which produced unusable
outputs under default settings and was therefore run with beam
search (beam size 5).

5 Results

We first present the overall results of the 22 systems
analyzed in the paper, highlighting key trends (Sec-
tion 5.1). Then, we delve into two main aspects
of ST evaluation, gender bias and accents (Sec-
tion 5.2), and provide human evaluation results
with automatic metrics correlation (Section 5.3).

5.1 Overall Results

Aggregated XCOMETSE are presented in Table 2,
while aggregated METRICX?E in Appendix F.

Across the [GENERIC benchmarks, a consistent
picture emerges: cascaded systems remain diffi-
cult to outperform but some SpeechLLMs are clos-
ing the gap. Cascades outperform® most Speech-
LLMs and SFMs, with Voxtral and Qwen3-Omni
standing out as the only SpeechLLLMs that reliably
close—and sometimes overturn—the gap with best-
performing cascades. SFMs generally lag behind,
and most SpeechLLMs struggle to match strong
SFMs such as Whisper, and Seamless. OWSM per-
forms worst as a standalone SFM, while, in combi-
nation with LLMs, it is able to recover most of its
gap, indicating a poor language model ability. Over-
all, the strongest average results come from Canary
and Whisper paired with Aya, Qwen3-Omni and
Voxtral, which are also the largest cascades and
SpeechLLMs in our evaluation.

In the GENDER BIAS category, most models ex-
hibit relatively small gender gaps (Aggfrom 0.9 to
—2.4 on FLEURS), except OWSM, which is skewed
toward male speakers. Gaps tend to be slightly
larger when translating from English than into En-
glish. No single paradigm dominates: the smallest
gaps are reached by OWSM+Gemma3, Qwen3-
Omni, Voxtral, Seamless, and Whisper+Aya. By
contrast, WinoST exposes substantially larger F1
gaps. While SpeechLLMs like Qwen2-Audio and
Phi-4-Multimodal show high disparities, bias in
cascades is contingent on the choice of LLM, in-
dicating that gender bias stems primarily from the
text-generation module rather than the speech mod-
ule: pairing ASR modules with Gemma3 results in
substantial gaps, whereas using a specialized trans-
lation model like Tower+ significantly mitigates
this disparity.

For [ACCENTS', Seamless—used either directly or
inside a cascade—achieves the strongest perfor-
mance on CommonAccent, outperforming both

8According to Kocmi et al. (2024c), a difference of 2
xCOMET corresponds to 90% agreement by humans.
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GENERIC GENDER BIAS ACCENTS CODE SWITCHING
FLEURS CoVoST2 EuroParl-ST WMT FLEURS WinoST CommonAccent ManDi  CS-Dialogue CS-FLEURS
XCOMET" Dgo AFlye  XCOMETSE  Agccent XCOMET®
en-x X-én eéen-Xx X-én e€én-X X-én e€én-x é€n-x Xx-en en-x eén-x Xx-en zh-en zh-en X-en
Whisper - 84.8 - 73.3 - 792 - - 0.7 - - 782 4.6 69.7 76.0
Seamless 88.6 883 874 839 771 834 266 -13 0.1 309 90.1 852 31.1 65.0 85.5
Canary - - - 660 - 864 - - - 8.6 - 84.1 - - -
OWSM 51.7 444 53.1 482 551 426 253 85 9.6 516 535 527 1.8 304 53.6
Whisper + Aya 932 92,6 845 825 914 863 662 -1.1 -04 178 866 852 389 78.8 90.2
+Gemma3 929 91.7 838 815 90.7 853 649 -2.0 03 26.1 855 840 413 76.8 89.0
+ Tower+ 932 928 844 823 914 86.1 639 -15 07 -39 860 849 426 77.0 90.2
Seamless + Aya 932 91.1 889 854 910 874 366 -1.7 -03 19.0 ' 91.7 863 322 75.4 86.6
+Gemma3 93.0 90.2 88.1 844 904 863 360 -22 05 265  91.1 855 347 71.5 84.5
+ Tower+ 933 909 88.7 852 O91.1 870 362 -24 0.8 -3.1 914 859 328 71.7 85.9
Canary + Aya 936 - 84 - 923 883 66.1 -14 - 17.7 888 86.4 - - -
+ Gemma3 933 - 85.4 - 91.7 872 649 -09 - 2577 88.1 85.1 - - -
+ Tower+ 936 - @ 86.1 - 1925 878 639 -09 - -40 88.6 862 - - -
OWSM + Aya 91.8 90.0 845 820 902 84.1 53.7 -2.1 -06 189 856 83.8 483 67.6 83.6
+Gemma3 91.7 885 835 80.7 894 826 524 03 00 252 851 824 440 63.2 81.5
+ Tower+ 919 899 842 815 903 836 523 -1.7 03 -42 853 827 492 64.2 83.1
DeSTA2 783 779 652 594 582 652 463 -03 -16 140 664 628 28.0 68.4 74.2
Qwen2-Audio 822 80.6 779 741 841 779 380 -1.6 05 481 809 739 142 69.7 82.9
Phi-4-Multimodal ~ 71.0 88.1 61.0 66.0 683 77.1 398 -23 09 658 751 805 237 61.7 86.5
Voxtral 947 918 850 819 914 863 652 -1.0 -03 86 878 856 178 79.1 91.9
Spire 814 - 66.8 - 81.2 - 387 -08 - 145 737 - - - -
Qwen3-Omni 944 935 877 852 918 874 663 -05 02 122 885 88.0 202 70.3 94.0
DISFLUENCIES NAMED ENTITIES NOISE EMOTION LONG-FORM
LibriStutter NEuRoparl-ST NoisyFLEURSg  NoisyFLEURS, mExpresso EmotionTalk ACL6060 MCIF
Agisfluency JoNE %o term Apoise XCOMET(SQE Alength
en-x en-x en-x €n-x X-€n €n-x X-en €n-x zh-en en-x en-x
Whisper - - - - 54.4 - 13.1 - 68.3 - -
Seamless 44.7 61.3 712 589 574 119 119 79.2 64.3 - -
Canary - 66.3 79.3 - - - - - - - -
OWSM 30.4 43.1 64.7 66.6 639 195 198 62.6 26.0 269 110
Whisper + Aya 5.9 65.1 79.2 513 531 81 118 87.4 78.1 53 4.6
+ Gemma3 6.0 64.2 76.6 508 541 80 114 85.9 76.9 4.4 33
+ Tower+ 6.7 66.9 80.4 50.1 51.0 7.8 11.1 86.5 76.9 4.8 5.1
Seamless + Aya 14.5 66.0 79.9 55.0 584 92 11.1 83.4 77.9 - -
+ Gemma3 23.8 65.0 71.3 55.1 597 93 11.6 83.0 75.8 - -
+ Tower+ 18.7 67.6 81.2 553 592 95 113 82.4 75.9 - S
Canary + Aya 14.0 65.8 80.2 58.8 - 8.2 - 87.2 - 05  -02
+ Gemma3 19.9 64.6 71.8 59.3 - 8.4 - 85.6 - -1.8 0.4
+ Tower+ 16.3 67.7 81.1 59.6 - 8.4 - 86.3 - -0.8 0.6
OWSM + Aya 14.5 62.8 79.5 67.5 683 145 16.9 85.8 73.5 1.9 -1.4
+ Gemma3 22.8 61.7 71.0 69.3 704 149 185 84.4 71.6 -0.1 -2.8
+ Tower+ 17.2 65.1 80.7 753 71.6 844 849 85.1 72.7 -04 -17
DeSTA2 10.6 43.7 52.1 67.7 713 199 244 68.2 59.7 93.8 923
Qwen2-Audio 21.6 62.7 73.3 444 573 10.0 17.7 73.3 70.0 942 917
Phi-4-Multimodal 26.5 543 655 561 368 56 73 341 67.7 61 215
Voxtral 39 66.9 796 380 457 54 718  86.1 72.3 03 05
Spire 232 66.5 759 795 - 476 - 73.1 - - -
Qwen3-Omni 9.5 74.5 80.9 365 473 37 15 86.8 78.5 5.1 -0.8

Table 2: Overall performance of the 22 evaluated systems. en-x denotes averages across all target
languages, except where each benchmark covers a specific subset (e.g., WinoST: de/es/ft/it/pt; NEuRoparl-
ST: es/fr/it; ACL 60/60: de/fr/zh/pt; MCIF: de/it/zh).



best cascades and SpeechLLLMs by at least 1.5
XCOMET§2E on en-x. OWSM and most Speech-
LLMs (except Qwen3-Omni and Voxtral) struggle
to generalize across accents. The ManDi results
reveal that SFMs (Whisper, OWSM) and Speech-
LLMs (Qwen2-Audio, Voxtral) are less biased to-
ward standard Chinese, while cascades exhibit sub-
stantial bias toward the standard variety. These
findings confirm that accent robustness is driven
primarily by the speech encoder, with some SFMs
displaying superiority depending on the languages.
In [CODE SWITCHING, cascaded Whisper, and es-
pecially Voxtral, achieve top performance. Despite
both the cascaded Whisper and Voxtral leveraging
Whisper as speech encoder, Whisper alone lags be-
hind the other two paradigms, indicating that both
encoder and decoder matter for code-switching,
as proved by the lower results obtained by SFMs
compared to their cascaded counterparts.

For DISFLUENCIES , Voxtral, DeSTA2, and Whis-
per cascades are the most robust to stuttered
speech. Seamless, OWSM, and Phi-4-Multimodal
show large degradations (43-75Agisfiuency)- Inter-
estingly, DeSTA2 and Voxtral outperform Qwen2-
Audio (having double and five times, respectively,
Adgisfluency)> €ven though all three rely on the Whis-
per encoder, suggesting that robustness to disfluen-
cies is not driven solely by the speech encoder, but
also by how it is integrated into the LLM.

In NAMED ENTITIES, trends in NE and terminol-
ogy accuracy largely align: systems that handle
NEs well also handle terminology well. NE accu-
racy and overall translation quality are also corre-
lated, but not perfectly aligned. For instance, the
highest translation quality on EuroParl-ST en—x is
achieved by Canary-based cascades, whereas the
best NE accuracy (on the same test set) is observed
in systems combining Tower+ (with the strongest
results when paired with Seamless), followed by
Qwen3-Omni. This suggests that the choice of
LLM plays a central role in NE and terminology
accuracy, only partially reflected in overall quality
scores, highlighting the value of targeted metrics.

In noisy conditions (NOISE ), all models degrade
under both noise types, with babble noise causing
extreme degradation (minimum 38 A ;s ). Interest-
ingly, all SpeechLLLMs except Spire show equal or
greater robustness than both SFMs and cascades.
A manual inspection revealed that SFMs used as
ASR components in cascades often hallucinate un-
der noise, and LLMs, lacking access to the original

audio, propagate or amplify these errors. In this cat-
egory, SpeechLLMs are the most reliable choice.

In [EMOTION, cascades are more robust than both
SFMs and SpeechLLMs (with the exception of
Qwen3-Omni) despite lacking direct access to au-
dio cues at the LLM stage. Contrary to prior work
(Tsiamas et al., 2024), which found direct systems
better at capturing prosody, our results show that
direct models are not better at handling emotional
speech, where cascades remain more stable.

In LONG-FORM, DeSTA?2 and Qwen2-Audio show
extreme length degradation (Ajengn~91-94), sug-
gesting poor suitability for document-level ST de-
spite strong sentence-level results. SFMs® achieve
mid-range scores but still degrade due to their
sentence-level optimization. In contrast, cascades
with OWSM, Canary, and Voxtral achieve near-
zero Ajengh, indicating far superior long-form ro-
bustness. Interestingly, these cascaded systems
degrade slightly on short-form inputs (negative
Ajengtn), suggesting a higher level of LLM re-
search maturity in handling long context (as also
shown by Pang et al., 2025) compared to Speech-
LLMs and SFMs. Among SpeechLLMs, Voxtral is
again particularly notable: although it uses chunk-
ing for acoustic encoding (see Appendix C), it
re-concatenates all chunk representations before
feeding them into the LLM, enabling real long-
context ST. This architectural design makes Voxtral
the strongest option for real long-form scenarios,
which, in contrast to Canary, OWSM, and Whisper,
can actually exploit contextual information.

All in all, we summarize the main findings as:

Takeaways

Cascade systems remain the most reliable over-
all, delivering the strongest and most consistent
translation quality across languages, benchmarks,
and acoustic conditions.

SpeechLL.Ms show growing potential: the best
models match or even surpass cascades in several
settings, particularly when speech and language
components are tightly integrated.

B Standalone SFMs lag behind both cascades and
SpeechLLMs, indicating that the improved lin-
guistic abilities achieved by current LLMs are
crucial for accurate translation.

No paradigm dominates universally, and
robustness is phenomenon-dependent: Cas-
cades excel on emotional and long-form speech,
SpeechLLMs are more resilient to noise and code
switching, accent/dialect performance is primar-

Seamless and Spire were excluded as they lack native
support for long-form inference.



ily encoder-driven across paradigms, and gender
bias disparity and named entities accuracy are
tied to the LLM decoder.

5.2 Analysis

Gender Bias. Beyond gender-term disparity,
WinoST enables assessing whether models
favour gender-stereotypical translations. A pro-
stereotypical set contains occupations aligned with
common societal biases (e.g., developer tagged
as male, hairdresser as female), while an anti-
stereotypical set inverts these assignments (e.g.,
developer as female, hairdresser as male). We
compute the Stereotypical Gap (ASgs) as a per-
formance gap (Section 3.3) where Q 4 = % and
QB = %0ani are the accuracy of the set of sen-
tences with pro-stereotypical entities and the set
with anti-stereotypical entities respectively. Fig-
ure 1 shows the relationship between AF1,4 and
ASy5. Cascades using Tower+ demonstrate the
most equitable performance, clustering near 0 with
negligible bias across both metrics. In contrast,
other systems show higher AS,, scores, indicat-
ing significant degradation when translating anti-
stereotypical roles. This suggests that models over-
rely on training priors rather than contextual cues
for gender resolution, consistent with prior findings
in MT (Savoldi et al., 2025) and LLM generation
(Kotek et al., 2023). Moreover, AF1,5 and ASqs
are positively correlated (r = 0.54), indicating that
models struggling with gender co-reference also
exhibit stronger pro-stereotypical bias.

Canary + Gemma3
| Whisper + Gemma3
OWSM + Gemma3
40} ) Seamless + Gemma3
OWSM + Aya
QwenS-Omni A Seamless + Aya Phi-4-1\'hlgi!110d“1
301 Voxtral small® A%V hisper 4 Aya
Canary A Canary + Aya
o DeSTA2 OWSM
0% .QwenZ— Audio
q 201 Fseamless R
Spirex
10
OWSM + Tower+
I & Seamless + Tower+
Wilisper + Tower+
Canary + Tower+
0 20 40 60

AFles

Figure 1: Plot showing the relationship between
Gender Coreference Gap (AF1,4) and Stereotypi-
cal Gap (AS,x) across all evaluated systems.

Accents. On the accents benchmarks, x-en gen-
erally underperforms en-x, with Phi-4-Multimodal
as a notable exception (XxCOMETS® 80.5 vs. 75.1).
In ManDi, zh-en scores are markedly lower than
CommonAccent x-en. While averages provide a
coarse view of accent robustness, they obscure pat-
terns in models’ weaknesses and strengths with
respect to performance on specific accents, which
we report in Appendix G. To summarize this vari-
ability, Figure 2 presents the standard deviation
of XCOMET?E across source accents, revealing
pronounced instability for several SpeechLLLMs
(DeSTA2, Phi-4-Multimodal, and Spire) on Com-
monAccent, and for cascaded systems on ManDi,
driven by large gaps between standard Mandarin
and other dialects. Across datasets, the most chal-
lenging accents include South Asian English, Aus-
trian German, Rioplatense Spanish, and Basilicata-
Trentino Italian. In ManDi, standard Mandarin
yields the highest scores, while Taiyuan performs
worst, likely reflecting both training data biases
toward the standard variety and linguistic diver-
gence, such as the Taiyuan tone merger (Zhao and
Chodroff, 2022). Overall, these results show that
strong ST performance on a standard variety does
not reliably transfer to other accents/dialects, under-
scoring the need for more diverse and accent-aware
training strategies (Lonergan et al., 2023; Hopton
and Chodroff, 2025; Sameti et al., 2025).

Figure 2: Standard deviation of XxCOMETZ"
scores for ManDi (zh-en) and CommonAccent (all
other directions) across source-language accent.
Numerical values can be found in Table 11.

5.3 Human Evaluation

So far, translation quality has been assessed us-
ing automatic metrics, which are known to be im-
perfect and offer limited insight into error types



(Lavie et al., 2025). To ensure their reliability,
we conducted a small-scale human evaluation on
CoVoST2, comparing one of the top-performing
models of each paradigm in the [GENERIC| category:
Seamless (SFM), Voxtral (SpeechLL.M), and Ca-
nary+Aya (cascade). The annotations were done by
five native speakers of the respective non-English
languages.'® We used a combination of ESA and
MQM protocols (Kocmi et al., 2024b; Freitag et al.,
2021) with three model outputs next to each other
(an extension of side-by-side by Song et al., 2025).
We used Pearmut (Zouhar and Kocmi, 2026) as
an annotation interface (see Appendix A) and col-
lect the scores (e.g., 80/100) as well as marked
error types (e.g., Accuracy/Omission). The human
scores are reported in Table 3 and closely mirror
the automated results, particularly for x-en transla-
tion, where Canary+Aya consistently outperforms
Voxtral and Seamless.

Cascade SpeechLLM  SFM
Average = 81.66 80.41 78.33
en-de 85.21 82.69 84.52
en-es 80.28 84.17 89.60
en-it 78.61 79.23 78.93
en-zh 76.00 72.78 54.87
en-nl 63.47 68.03 67.78
de-en 84.03 80.60 77.08
es-en 94.79 94.44 89.92
it-en 90.43 81.02 83.41

Table 3: Average scores for human evaluation.
Each language pair had 60 items annotated.

Table 4 shows that error type distributions are
largely similar across paradigms. Similar to tex-
tual MT, simple mistranslations are the most com-
mon errors (Freitag et al., 2021). Omissions are
two times more frequent in the SpeechLLM than
they are in cascade and SFM, and SpeechLLM
and direct models suffer more from undertrans-
lation than cascades (as previously demonstrated
by Bentivogli et al., 2021). As expected, models
employing LLMs are more affected by overtransla-
tion (Bawden and Yvon, 2023), doubling this error
compared to the SFM. Lastly, wrong terminology
represents the second most frequent error type, at-
testing to 11.5-12.5% of the identified errors, and
underscoring the importance of measuring NE and
term accuracy, as discussed in Section 5.1.

Human annotations are released under the CC-BY 4.0
license at https://huggingface.co/datasets/zouharvi/
hearing2translate-humeval.

Cascade  SpeechLLM SFM

Accuracy/Mistranslation 71 @52%) 64 @13%) 77 (46.1%)
Terminology/Wrong term 18 (11.5%) 21 (13.5%) 21 (12.6%)
Accuracy/Overtranslation 14 8.9%) 12 (7.7%) T (4.2%)
Style/Unidiomatic style 9 (5.7%) 8 (5.2%) 8 (4.8%)
Linguistic/Grammar 7 (4.5%) 5 (3.2%) 12 (7.2%)
Accuracy/Omission 6 (3.8%) 10 (6.5%) 5 (3.0%)
Accuracy/Undertransl. 4 (2.5%) 9 (5.8%) T (4.2%)

Table 4: Top seven error types (from MQM error ty-
pology) per model (summed across all languages).

XCOMETY" METRICX ("

global item global item
Average 0460 0.152 0574 0.134
en-de 0341 0.098 0412 0.054
en-es 0.613 0.237 0.807 0.181
en-it 0.453 -0.002 = 0.556 0.103
en-zh 0.523 0250 0.546  0.239
en-nl 0312 0202 0.531 0.149
de-en 0.630 0.189 0.676  0.042
es-en 0416 0.112 0592 0.081
it-en 0.390 0.128 0470 0.224

Table 5: Correlations (item=group-by-item Spear-
man, global=micro-Pearson) between human
scores and strict versions of automated metrics.

Correlation with Automatic Metrics. Finally,
we assess the agreement between human judgments
and automated metrics along two dimensions: over-
all scoring and ranking models’ outputs for the
same source. We quantify the former using global
Pearson correlation and the latter using group-by-
item Spearman correlation (Lavie et al., 2025). As
shown in Table 5, automated metrics struggle to
distinguish models at the item level, likely due to
close ties and subtle quality differences. In con-
trast, at the global level across most languages,
both metrics reach a micro-Pearson correlation of
around 0.5, comparable to reference-based metrics
(Machacek et al., 2023; Han et al., 2024). This
indicates that automatic QE metrics provide suffi-
ciently reliable system-level comparisons for ST,
justifying their use throughout this study.

6 Discussion

Comparison with Proprietary Models. To as-
sess how open-weight systems compare against
proprietary models, we evaluate Gemini-2.5-flash
on a subset of benchmarks. As shown in Table 6,
Gemini-2.5-flash is competitive on [GENERIC, of-
ten matching the strongest SpeechLLM. On the
GENDER BIAS FLEURS subset, it shows small gen-
der gaps, achieving parity levels comparable to the
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GENERIC

GENDER BIAS NAMED ENTITIES

FLEURS CoVoST2 EuroParl-ST ~ WMT FLEURS NEuRoparl-ST

XCOMETY" Dgs JoNE % term
en-x X-en en-X X-en en-Xx X-en  en-Xx  en-x X-en en-x en-x
Best SFM 88.6 883 874 89 771 834 266 -13 0.1 61.3 71.2
Best Cascade 932 926 845 825 914 863 662 -1.1 -0.4 65.1 79.2
Best SpeechLLM 944 935 877 852 918 874 663 -05 0.2 74.5 80.9

Gemini-2.5-flash 943 933 843 825

900 847 663 -1.8 -0.6 65.8 81.5

Table 6: Comparative results across the Hearing-to-Translate suite. Performance of the best-in-class SFM,
Cascade, and SpeechLLM architectures of Table 2 compared against Gemini-2.5-flash.

best open-weight systems. In NAMED ENTITIES, the
proprietary model outperforms the best SFM and
cascade systems in both NE and terminology ac-
curacy, while it lags behind the best SpeechLL.M
in terms of NE and performs comparably in ter-
minology. Overall, these results indicate that top
open-weight models can match—and in some set-
tings surpass—proprietary systems.

Computational Efficiency and Latency. To of-
fer an additional perspective on the comparison
between the three paradigms, we benchmark the
memory efficiency and latency of the top two per-
forming systems implemented within the same en-
vironment (HuggingFace).!! Measurements are
end-to-end, including feature extraction, and are
computed on audio inputs of [10, 30, 60, 300,
600] seconds at 16 kHz, with batch size 1 and
greedy decoding capped at 4096 output tokens on
an NVIDIA A100 (64GB VRAM). Each experi-
ment is repeated for 20 runs, and the average la-
tency (in seconds) and peak memory usage (in GB)
are reported in Figure 3. As expected, the largest
(and best performing) models are also the most
computationally intensive: the cascade with Aya
and the Qwen3-Omni SpeechLLM are the least ef-
ficient in terms of both inference latency and mem-
ory usage, requiring x27-34 the latency and x6-14
the memory of the benchmarked SFMs. Voxtral
lies in between, being substantially faster than Aya-
based cascades and Qwen3-Omni (up to x33 lower
latency), while still requiring more memory than
SFMs and Tower+-based cascades (up to +52GB).
Overall, these results highlight a clear trade-off
between translation quality and computational effi-
ciency across the evaluated paradigms.

Effect of Models’ Training Mixture. The mod-
els considered in this study are trained on substan-

""This excludes models such as Canary and OWSM.
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Figure 3: Latency (s) and Memory Peak (GB) for
the top-2 models for each paradigm. Seamless
values not reported are due to out of memory. Note
that the Whisper VRAM is almost constant due to
chunking mechanisms described in Appendix C.

tially different data mixtures and training strate-
gies (see Appendix C), which may directly impact
their performance on the Hearing-to-Translate suite.
On the one hand, speech-native models (includ-
ing SFMs and several SpeechLL.Ms) are explicitly
trained with speech supervision for ASR and/or ST
(Barrault et al., 2023; Rao Koluguri et al., 2025).
These systems are directly optimized to map acous-
tic representations to text, often through end-to-end
objectives or tightly aligned speech-text pretrain-
ing, leading to strong inductive biases toward tran-
scription fidelity and acoustic robustness. On the
other hand, text-native models (LLMs) are trained
purely on multilingual text corpora and later ap-
plied in a cascaded setting that relies on an exter-
nal transcription stage. Their performance there-
fore depends primarily on multilingual text model-
ing capacity, which is typically stronger than that
of speech models due to training on massive text
collections spanning many languages (Liu et al.,



2025b). Notably, among SpeechLLLMs, models
that incorporate speech already during pretraining
rather than only during adaptation (e.g., Voxtral,
Qwen3-Omni) tend to outperform other speech-
native systems, suggesting that early multimodal
alignment may play an important role in effectively
integrating the speech modality into LLM:s.

Cascade vs. SpeechLLM with the same LLM
Backbone. Comparing a SpeechL.LM with cas-
caded models that leverage the same LLM back-
bone better isolates the effect of speech modality in-
tegration, partially disentangling it from differences
in LLM training, quality, and robustness. Table 7
reports the performance of Qwen3-Omni and cas-
caded systems based on the same LLM, Qwen3,12
on [GENERIC. The results show that Qwen3-Omni
generally outperforms the corresponding cascades,
while remaining competitive in the few cases where
cascades perform slightly better, highlighting the
promise of the SpeechLLLM paradigm. These gains
come at the cost of additional training to integrate
speech encoders into the LLM, rather than com-
bining off-the-shelf components, but yields clear
performance improvements.

FLEURS CoVoST2 EuroParl-ST WMT

eén-X X-én en-Xx X-eén en-x X-€n en-x
Qwen3-Omni 944 935 87.7 852 918 874 663
Whisper + Qwen3  92.7 92.1 84.1 820 90.8 86.2 65.0
Seamless + Qwen3 929 909 883 84.8 90.5 87.1 35.8
Canary + Qwen3 93.1 - 858 - 91.7 879 64.8
OWSM +Qwen3  91.3 89.4 839 813 89.6 83.6 528

Table 7: Comparison of SpeechLLM and cascade
models with the same LLM backbone (Qwen3).

Prompt and Parameter Sensitivity. Prompt for-
mulation and decoding parameters can influence
the outputs of large language models, although the
magnitude of this effect varies across tasks and
languages (Mondshine et al., 2025). In transla-
tion, prior work suggests that prompt variations
generally have a smaller impact compared to tasks
such as reasoning or summarization, particularly
for high-resource language pairs (Kocmi et al.,
2025a; Aly et al., 2025; Schmidtov4 et al., 2026).
Standardized prompts, such as those used in WMT
Shared Tasks (Kocmi et al., 2025b), are commonly
adopted to improve reproducibility and comparabil-
ity across MT studies (Deutsch et al., 2025). In our
experiments, we evaluate all models using the same

lewen/Qwen3—308-A3B-Instruct-2507

prompt template and suggested decoding configura-
tion, ensuring that performance differences reflect
off-the-shelf models’ usage. While reformulations
and prompt engineering (Brown et al., 2020) may
affect absolute scores (Garces Arias et al., 2025),
prior analyses in related translation settings (Papi
et al., 2026) suggest that such effects are unlikely
to alter comparative conclusions substantially.

Validity of QE Metrics. Our evaluation relies
on quality estimation metrics due to the scarcity
of high-quality reference translations in speech
benchmarks. We validate this approach by assess-
ing their alignment with reference-based metrics
and human judgments. Table 8 indicates that QE
metrics are extremely strong proxies for reference-
based evaluation: on benchmarks with available
references, global correlations between QE and
standard variants of XCOMET and METRICX ap-
proach 1.0. Regarding human alignment, while
segment-level differentiation remains challenging,
Table 5 shows system-level correlations reaching
0.57 for METRICX. This performance is compara-
ble to reference-based baselines reported in recent
metrics campaigns (Lavie et al., 2025). Despite the
limited scale of our human evaluation, the consis-
tency across metric-to-metric and metric-to-human
comparisons supports the validity of the architec-
tural rankings presented in this work.

XCOMETj METRICXg

global item global  item
ACL6060-long | 1.000 0912 1.000 0918
ACL6060-short | 0.999 0.861 0.999 0.878
CoVoST2 0998 0.804 0999 0.781
CS-FLEURS 0.998 0.879 0998  0.867
EuroParl-ST 0998 0.807 1.000 0.859
FLEURS 0999 0.831 0999 0.882
MCIF-long 1.000 0907 1.000 0.912
MCIF-short 0999 0.891 0999 0.893
mExpresso 0.998 0.809 0.999 0.794

Table 8:  Correlations (item=group-by-item

Spearman, global=micro-Pearson) between strict
quality-estimation and reference-based variants of
XCOMET and METRICX, averaged over reference-
based language pairs.

7 Conclusions

We introduced Hearing to Translate, a compre-
hensive test suite for evaluating 22 ST systems
across 13 language pairs, 9 phenomena, and 16
benchmarks. Our results show that cascaded ar-
chitectures remain the most reliable, but recent


https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507

SpeechLLMs, which are rapidly evolving, are able
to match or even outperform them in various set-
tings, such as noise, code-switching, and disfluen-
cies. Standalone SFMs lag behind, highlighting the
crucial role of LLMs (either integrated or as part of
a cascade) for high-quality ST. Targeted analyses
of gender bias and accent variation further reveal
that all three paradigms struggle to leverage contex-
tual cues for gender assignment, often defaulting
to masculine forms, with bias mostly driven by
the LLM component. Models, particularly Speech-
LLMs, exhibit high sensitivity to accents, showing
substantial performance variations. Human evalu-
ation highlights recurring ST error patterns, with
mistranslations, terminology errors, and overtrans-
lation emerging as the dominant failures—with
the latter being especially prevalent in LLM-based
systems—and their alignment with automatic met-
rics validates our evaluation framework.
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o Click on the start of an error, then click on the end to mark an error span.
o Click on an existing highlight to change error severity (minor/major) or remove it.

Error severity:
o Minor: Style, grammar, or word choice could be better.
o Major: Meaning is significantly changed or is hard to understand.

Tip: Mark the general area of the error (doesn't need to be exact). Use separate highlights for different errors. Use

[missing] at the end of a sentence for omitted content.

« Score each translation using the slider based on meaning preservation and quality. Important: The relative order of
scores matters; ensure better translations have higher scores than worse ones.

o 0: Nonsense: most information is lost.
o 33%: Broken: major gaps and narrative issues.
o 66%: Middling: minor issues with grammar or consistency.
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o 100%: Perfect: meaning and grammar align completely with the source.
« Error types: After highlighting an error fragment, you will be asked to select the specific error type (main category and
subcategory). If you are unsure about which errors fall under which categories, please consult the typology definitions.
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and left the garden.
[missing]

Otto did not want to argue
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'"Otto didn't want to argue
and let go. [missing]

Otto didn't want to argue
and gave in. [missing]
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Figure 4: Screenshot of the Pearmut (Zouhar and Kocmi, 2026) annotation interface together with
annotation guidelines. The annotator first listens to the source audio, then scans the three model outputs
where they mark error spans with severities and categories. Lastly, the annotator assigns the final scores

and proceeds to the next item.

A Human Evaluation Interface

Annotation guidelines and interface are shown in
Figure 4.

B Evaluation Settings

All evaluations are conducted using Python
3.9.16. For xCOMET, we report scores with
unbabel/xcomet-xx1. Scores were computed
using the comet library (v2.2.2) with fp32 pre-
cision. For METRICX, we report scores using
google/metricx-24-hybrid-xx1-v2p6-bfloat16.

C Model Details

The descriptions of the SFMs, LLMs, and Speech-
LLMs used in our study are provided below. Mod-
els’ weights, parameters, and library versions are
reported Table 9.

C.1 SFMs

We select the most popular SEMs supporting trans-
lation tasks and covering a wide set of languages:

Whisper. It is a Transformer encoder-decoder
model trained on large-scale weakly and pseudo-
labeled audio in many languages for ASR and di-
rect many-to-English translation. We use the best-
performing large-v3 model with 1.5B parameters
that was trained on 5M hours for 99 languages,

from which 58 achieve better than 50% WER on
the ASR task. To process long-form audio, we
adopt the chunked decoding pipeline provided in
Transformers.!> This approach processes the in-
put in 30-second segments, dynamically shifting
the window based on timestamps predicted by the
model itself. It also incorporates strategies such as
temperature scaling and beam search to mitigate
timestamp inaccuracies. We do not employ any
external voice activity detection tool when using
Whisper in this work.

Seamless. SeamlessM4T is a foundational all-
in-one Massively Multilingual and Multimodal
Machine Translation model covering multiple lan-
guages and modalities. We use the v2-large model,
supporting 101-to-96 speech-to-text languages. For
ST, it is composed of a Conformer encoder (Gu-
lati et al., 2020) initialized from w2v-BERT 2.0
(Baevski et al., 2020), pretrained on over 4M
hours, and a Transformer decoder initialized from
NLLB (Costa-Jussa et al., 2022). Since there is no
standard implementation for processing long-form
speech with this model, we do not process it in this
work.

Bhttps://huggingface.co/openai/whisper-large-
v3#chunked-long-form
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Model Param. Weights HFv
Aya (Dang et al., 2024) 32B Coherelabs/aya-expanse-32b 4.51.0
Gemma3 (Gemma Team et al., 2025) 12B google/gemma-3-12b-it 4.51.0
Tower+ (Rei et al., 2025) 9B Unbabel/Tower-Plus-9B 4.51.0

B Whisper (Radford et al., 2023) 1.6B openai/whisper-large-v3 4.51.3

B Seamless (Barrault et al., 2023) 2.3B facebook/seamless-m4t-v2-large 4513

B Canary (Sekoyan et al., 2025) 1B nvidia/canary-1b-v2 X

B OWSM (Peng et al., 2025) 1B espnet/owsm_ctc_v4_1B X
DeSTA2 (Lu et al., 2024) 8B DeSTA-ntu/DeSTA2-8B-beta 4.51.3
Phi-4-Multimodal (Abouelenin et al., 2025) 5.6B microsoft/Phi-4-multimodal-instruct 4.48.2
Qwen2-Audio (Chu et al., 2024) 7B Qwen/Qwen2-Audio-7B-Instruct 4.51.3
Qwen3-Omni (Xu et al., 2025b) 30B Qwen/Qwen3-0mni-30B-A3B-Instruct 5.0.0
Spire (Ambilduke et al., 2025) 7B utter-project/SpireFull 4.40.1
Voxtral (Liu et al., 2025a) 24B mistralai/Voxtral-Small-24B-2507 4.54.0

Table 9: Details of the analyzed models, including the number of parameters, category (LLM™, SFMM,
and SpeechLLMT), their public weights release, and the HuggingFace Transformer version (HFv).

Canary. It is FastConformer encoder (Rekesh
et al.,, 2023) and Transformer decoder model
trained for ASR and English-to-X and X-to-English
ST for 25 European languages. The model is
trained on 1.7M hours contained in Granary (Rao
Koluguri et al., 2025), covering various domains.
We use the v2 version with 1B parameters, which
is released under a permissive CC BY 4.0 license.
Long-form audio is handled by the default imple-
mentation in the NeMo toolkit. It segments the
audio into 30-40 second chunks, with a 1-second
overlap between adjacent chunks. The overlapping
transcripts are then merged with the longest com-
mon subsequence algorithm.

OWSM. The Open Whisper-style Speech Model
(OWSM) is a family of open speech foundation
models trained on academic-scale resources with
reproducible pipelines (about 166k hours), cover-
ing over 150 languages. Initially inspired by the
Whisper architecture, successive releases have pro-
gressively improved performance through larger
datasets, refined preprocessing, and more powerful
architectures. We use the CTC-based encoder-only
variant of OWSM 4.0 with 1B parameters (latest
version at the time of writing) for its superior ro-
bustness on long-form input, faster inference, and
stronger ST performance compared to its encoder-
decoder counterpart. Moreover, it is currently the
only large-scale non-autoregressive model support-
ing both ST and ASR, making it especially in-
teresting for this study. Long-form inference is
performed using the batched parallel decoding al-
gorithm implemented in ESPnet (Watanabe et al.,
2018).

C.2 LLMs

To maintain comparable sizes with existing SFMs
and SpeechLLMs, and to allow easier repro-
ducibility of the outputs, we choose to include
one medium-sized model (20-40B parameters),
one small model (<20B parameters), and one
translation-specific LLM. To select the actual mod-
els, we rely on the WMT25 General MT Find-
ings (Kocmi et al., 2025b), identifying the top-
performing LLMs that met our size constraints for
each language pair under consideration.

For the translation-specific and small-model cat-
egories, the choice was clear with Tower+ 9B and
Gemma 3 12B standing out in their respective cat-
egories. For the medium-sized category, we con-
sidered Aya Expanse 32B and Gemma 3 27B, and
ultimately selected Aya Expanse due to its stronger
performance across more language pairs as well as
to promote model diversity in our selection.

Aya. Aya Expanse 32B is a decoder-only mul-
tilingual model built upon the Cohere Command
architecture and optimized for 23 high-resource
and mid-resource languages, covering all of the
languages in our scope. It incorporates standard
modern Transformer components such as SwiGLU
activations (Shazeer, 2020), RoPE positional em-
beddings (Su et al., 2023), and Grouped-Query At-
tention (Ainslie et al., 2023). Its maximum context
window is 128k tokens. The model is trained with
a two-stage multilingual preference optimization
pipeline: offline preference training followed by
online preference training. It is further improved
through weighted model merging across interme-
diate checkpoints. Aya Expanse combines strong
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general-purpose multilingual capabilities with com-
petitive translation performance in a wide range of
language pairs. The size of the training data is not
disclosed publicly, but it was trained on multilin-
gual LLM tasks, including translation, summariza-
tion, and question answering.

Gemma3. Gemma 3 12B is a small multimodal
model, supporting both image and text inputs
and over 140 languages. Similarly to Aya, it
offers a 128k-token context window and uses
a decoder-only architecture with Grouped-Query
Attention (Ainslie et al., 2023). Training in-
cludes distillation from larger Gemma models and
a post-training phase targeting multilingual and
instruction-following performance. Gemma 3 12B
offers a strong balance between model size, multi-
lingual coverage, and general-purpose performance.
The training data size has not been disclosed as well
as the set of tasks, which, in general, include mul-
timodal understanding: text, images, video, multi-
modal reasoning, and generation.

Tower+. Tower+ 9B is a translation-focused
model developed on top of the Gemma 2 9B foun-
dation. Its training follows a four-stage recipe:
Continued Pretraining (on 32 billion tokens) to
strengthen multilingual representations, Instruction
Tuning, Weighted Preference Optimization, and
Reinforcement Learning with Verifiable Rewards.
Tower+ surpasses larger general-purpose LLMs in
translation quality in some of our selected language
pairs, making it a competitive specialized option
while being the smallest text LLM in our scope. It
covers 47 language pairs, including 27 dialects.

C.3 SpeechLLMs

We select the SpeechLL.Ms available on Hugging-
Face and covering translation tasks (e.g., models
covering English transcription only are discarded):

Phi-4-Multimodal. Phi-4-Multimodal is a multi-
modal LLM that integrates text, image, and speech
input modalities into a single model. The pre-
trained speech encoder (consisting of 3 convolu-
tion layers—with a total subsampling rate of 8, and
80ms token rate—and 24 Conformer blocks; Gulati
et al., 2020) is connected with the Phi-4-Mini LLM
through an audio adapter (a 2-layer MLP), and
LoRA (Hu et al., 2022) is applied to the LLM. The
training follows a 2-stage approach: a pre-training
with large-scale ASR data (of approximately 2M
hours) to align the speech encoder and the adapter

with Phi-4-Mini in the semantic space (leaving only
the LLM frozen), and a post-training with about
100M curated supervised samples (updating both
the adapter and LoRA parameters only). The model
covers 8 input languages: Chinese, English, French,
German, Italian, Japanese, Portuguese, and Span-
ish. Given the 128k context length of the LLM,
theoretically Phi-4-Multimodal can support a max-
imum of 2.8 hours of audio (as 750 tokens corre-
sponds to 1-minute audio), but the model has not
been finetuned on long audio data over 30 minutes.

Qwen2-Audio. It is a large-scale SpeechLLM
(Apache 2.0 license) featuring two distinct audio
interaction modes for voice chat and audio analysis.
In voice chat mode, users can engage in voice inter-
actions without textual input. In the audio analysis
mode, users can provide both audio and text instruc-
tions during the interaction. Qwen2-Audio is based
on the Whisper large-v3 encoder with an additional
pooling layer (performing a subsampling of 2) and
Qwen-7B (Bai et al., 2023) LLM. The model is
first pre-trained on multiple tasks (including ASR)
with natural language prompts, then it is fine-tuned
with the two audio interaction modes, and, lastly,
DPO (Rafailov et al., 2023) is applied.

Qwen3-Omni. It is the most recent Omni model
from the Qwen family capable of processing text,
speech, and video, and generating speech and text.
It supports 119 languages for text, and 20 for
speech understanding. Released under Apache
2.0 license, the model follows a Thinker-Talker
Mixture of Experts architecture (Xu et al., 2025a)
equipped with Qwen3-30B-A3B (Yang et al., 2025)
as LLM, Qwen3-VL (Bai et al., 2025) as video
encoder, and an attention-based encoder-decoder
speech encoder (with 0.6B parameters) trained
from scratch on 20 million hours of supervised
audio data, with 80% Chinese and English pseudo-
labeled ASR data, 10% ASR data from other lan-
guages, and 10% audio understanding data. The
audio is transformed into filterbank features and
then downsampled by a factor of 8 through Conv2D
blocks. The model is pretrained following a three-
stage approach: /) encoder alignment, where the
pretrained vision and speech encoders are loaded
and the adapters are trained separately, 2) gen-
eral stage during which the model is trained on
all modalities (text, audio, image, video, and video-
audio) on a large-scale dataset of 2 trillion tokens,
and 3) long context, where the maximum token



length is increased from 8,192 to 32,768 and longer
audio and video are included in the training data.
This is followed by a post-training phase, where
instruction-following capabilities are introduced
into the model by supervised fine-tuning, knowl-
edge distillation from bigger models (Qwen3-32B
or Qwen3-235B-A22B), and preference optimiza-
tion (specifically, GSPO by Zheng et al. 2025).

DeSTA2. It is a SpeechLLM built on Whisper-
small and LLLaMa 3 (Grattafiori et al., 2024), aug-
mented with a Q-Former adapter (Li et al., 2023).
It is trained on a mix of datasets totaling 155 hours
(including speech with noise and reverberation)
covering multiple tasks, with additional metadata
such as speaker gender, age, accent, and emotion
extracted from external models. Both the LLM and
the Whisper components are kept frozen during
training. Unlike the other SpeechLLLMs considered
in this study, DeSTA2 uses both the encoder and
decoder of Whisper, providing the transcript along-
side speech features to the LLM, implementing a
hybrid between direct and cascaded architectures.

Voxtral. Voxtral is a family of two open-weight
SpeechLLMs (Apache 2.0 license) supporting 8
input languages (the ones used in this study plus
Hindi), a context window of 32k tokens, and up
to 40 minutes of speech input. The models are
trained in three phases: pretraining (with speech-
text interleaving; Nguyen et al. 2025), supervised
finetuning (with a mixture of synthetized data), and
preference alignment (with standard and online
DPO; Guo et al. 2024). It was pretrained on large
audio-text corpora (exact hours not disclosed) span-
ning tasks such as ASR, ST, audio question answer-
ing, audio summarization, and long-context audio
understanding. We adopt the small version with
24B parameters that is made of the Whisper en-
coder, which processes the input in chunks of 30s,
an MLP adapter, which maps the audio sequence
in the LLM embedding space by also performing
a downsampling of 4, and the Mistral Small 3.1
24B'* model as decoder.

Spire. Spire is a speech-augmented LLM with
7B parameters, released under the CC-BY-NC 4.0
license. It builds on the multilingual LLLM Tower
(Alves et al., 2024) by introducing a discretized
speech interface, where acoustic representations
from HuBERT (Hsu et al., 2021) are quantized

"*https://mistral.ai/news/mistral-small-3-1

with k-means clustering. Training follows a two-
stage strategy: continued pretraining of TowerBase
on mixed text-speech data (totaling 42k hours),
and subsequent instruction tuning on text trans-
lation, ASR, and ST tasks. The main variant, Spire-
Full, preserves strong text-translation performance
from Tower, while extending the model to En-
glish speech recognition and translation into 10
languages. It is important to note that the model is
only instruction-tuned for speech recognition and
translation tasks, and it relies on tightly defined
instruction formats. As a result, its scope remains
narrow, and Spire should be considered as a partic-
ular case of a SpeechLLLM with no general-purpose
capabilities.

D Prompts

The prompts used for LLMs and Speech-
LLMs'"> are reported below. The {src_lang}
and {tgt_lang} are replaced with the ex-
tended language name (e.g., English or Chinese
(Simplified)).

LLMs Prompt

You are a professional
{src_lang}-to-{tgt_lang} translator. Your
goal is to accurately convey the meaning
and nuances of the original {src_lang}
text while adhering to {tgt_lang} grammar,
vocabulary, and cultural sensitivities.
Preserve the line breaks. Use precise
terminology and a tone appropriate for
academic or instructional materials.
Produce only the {tgt_lang} translation,
without any additional explanations or
commentary. Please translate the provided
{src_lang} text into {tgt_lang}:

SpeechLL.Ms Prompt
You are a professional
{src_lang}-to-{tgt_lang} translator.

Your goal is to accurately convey the
meaning and nuances of the original
{src_lang} speech while adhering to
{tgt_lang} grammar, vocabulary, and
cultural sensitivities. Use precise
terminology and a tone appropriate for
academic or instructional materials.
Produce only the {tgt_lang} translation,
without any additional explanations or
commentary. Please translate the provided

'SFor Spire, we use the prompt template it was trained on:
Speech: {DSUs}\n{tgt_lang}:
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{src_lang} speech into {tgt_lang}:

E Limitations

While our study provides a comprehensive evalu-
ation of SpeechLLLMs across multiple languages,
benchmarks, and speech phenomena, it has a few
inherent limitations. First, the analysis remains
English-centric, reflecting the current language sup-
port of available SpeechLLMs. Expanding to a
fully multilingual setup will require broader model
coverage and additional resources. Second, we
do not report results for traditional neural MT
models, as our focus is on assessing the integra-
tion of speech within LLMs and the comparison
with cascaded and direct speech-to-text transla-
tion pipelines. Third, we do not include toxicity
or safety benchmarks, since no publicly available
datasets currently target these aspects in speech-
to-text translation. Despite these constraints, our
work provides the first systematic, phenomenon-
aware evaluation of SpeechLLMs, offering critical
insights into their translation quality, robustness,
and the practical trade-offs between integrated and
modular architectures.
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. QF G Accent-specific Results
We report the overall results using METRICX ™ in

Table 10. To ensure consistency with XCOMETgE, Accent-specific results are presented in Figs. 5
where higher values indicate better performance, and 6, and numeric values used to create Fig. 2
we transform the scores as 100 — 4 - METRICXZ®,  are reported in Table 11.

GENERIC GENDER BIAS ACCENTS CODE SWITCHING
FLEURS CoVoST2 EuroParl-ST WMT FLEURS CommonAccent ManDi CS-Dialogue  CS-FLEURS
ME’l’RchSQE AQ@ METRICX?E Aaccem ME'l‘IuCXgE
en-x X-en en-x X-en en-x X-en en-x en-x X-en en-x X-en zh-en zh-en X-en
Whisper - 83.0 - 72.8 - 78.7 - - 0.5 - 76.1 32,5 69.8 70.9
Seamless 86.2 863 86.1 802 709 818 264 -1.0 0.1 86.8 82.1 37.0 65.0 79.4
Canary - - - 64.5 - 83.8 - - - - 80.8 = = =
OWSM 499 519 529 480 548 550 291 -7.1 22 502 547 316 274 53.4
Whisper + Aya 913 915 848 819 903 851 804 -0.6 -0.0 84.6 83.7 18.6 79.7 85.1
+Gemma3 912 90.8 847 808 899 844 786 -0.6 -0.2 840 826 324 71.7 83.9
+ Tower+ 91.1 913 847 814 902 849 783 -08 0.5 839 834 346 77.8 84.6
Seamless + Aya 91.3 904 88.1 825 89.7 854 429 -1.0 0.1 89.0 843 10.0 76.3 82.6
+Gemma3 913 89.8 879 815 894 847 429 -12 0.1 88.6 834 227 72.3 81.2
+Tower+ 913 899 879 820 896 853 415 -14 0.2 88.5 83.8 18.8 71.2 81.9
Canary + Aya 91.5 - 86.2 - 91.0 858 803 -0.2 - 86.5 844 - - -
+ Gemma3 91.4 - 85.9 - 90.6 850 798 -04 - 86.0 83.2 - - -
+ Tower+ 91.4 - 85.9 - 90.9 856 782 0.1 - 86.0 83.9 = = o
OWSM + Aya 89.9 895 844 81.0 890 835 588 -0.8 0.2 83.6 824 324 70.9 80.3
+Gemma3 89.7 882 84.1 795 88.6 824 579 0.1 0.1 832 81.1 492 65.3 77.6
+ Tower+ 89.5 89.0 840 802 888 832 545 -04 0.6 829 81.0 475 65.7 78.4
DeSTA2 793 834 68.6 702 640 769 557 -23 -1.7 68.0 72.1 323 72.8 76.5
Qwen2-Audio 799 825 784 747 839 793 479 -1.7 0.3 783 754 1.9 72.6 79.9
Phi-4-Multimodal 68.1 86.6 59.0 710 662 764 496 -1.7 0.7 71.6 715 8.9 61.8 80.5
Voxtral 927 910 854 80.1 902 847 798 -09 0.6 85.7 833 11.3 79.5 86.0
Spire 81.3 - 70.2 - 83.6 - 520 -0.6 - 73.4 - - - -
Qwen3-Omni 91.8 921 87.1 831 90.6 858 80.7 -04 -0.3 86.2 85.6 9.2 71.0 87.3
DISFLUENCIES NOISE EMOTION LONG-FORM
LibriStutter NoisyFLEURSg ~ NoisyFLEURS, ~ mExpresso ~ EmotionTalk ~ ACL6060 MCIF
Adisfiuency Apoise METR‘CXgE Alength
en-x en-x X-en en-X  X-en en-x zh-en en-x en-x
‘Whisper = = 48.6 = 10.1 = 752 =
Seamless 36.6 592 510 114 9.0 80.1 74.0 =
Canary - - - - - - - -
OWSM 25.7 758 684 198 158 63.7 329 24.7 9.3
‘Whisper + Aya 2.7 508 479 7.1 8.7 87.8 84.7 3.8 4.3
+ Gemma3 3.4 513 483 74 8.6 86.7 83.1 3.7 4.4
+ Tower+ 39 50.1 442 7.1 8.0 86.8 82.8 4.8 52
Seamless + Aya 7.6 539 517 84 8.3 86.3 84.6 -
+ Gemma3 11.3 538 535 83 8.8 85.4 82.4 z
+ Tower+ 9.7 545 531 87 86 84.9 82.6 - -
Canary + Aya 6.4 574 - 7.8 - 87.6 - 2.7 -0.3
+ Gemma3 9.6 57.6 = 7.5 = 86.5 = -1.8 0.9
+ Tower+ 8.2 58.3 - 79 - 86.7 - -1.6 0.7
OWSM + Aya 72 656 619 128 124 86.7 82.2 24 -1.1
+ Gemma3 10.6 68.5 647 13.1 13.6 85.6 79.5 2.2 -1.7
+ Tower+ 8.2 794 657 988 84.6 85.8 80.5 -2.9 -1.3
DeSTA2 7.0 695 664 178 179 74.9 71.0 88.6 90.3
Qwen2-Audio 11.5 384 509 8.0 12.4 76.1 78.7 94.9 92.0
Phi-4-Multimodal 12.3 539 279 46 54 33.7 74.7 0.7 19.5
Voxtral 2.7 340 373 40 53 86.8 80.2 -0.5 1.2
Spire 10.9 71.6 = 439 = 71.7 = =
Qwen3-Omni 4.7 326 394 3.0 5.0 87.0 83.4 4.1 -0.1

Table 10: Overall performance computed with METRICX?E. AFl,s, %onE, and %ogerm metrics are
excluded as they are not computed via QE models. en-x denotes averages across all target languages,
except where each benchmark covers a specific subset. x-en denotes averages across all source languages
for each benchmark, as per Table 1.
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Figure 5: XCOMET§2E results for language pairs into English, broken down by source-language accent.
zh-en results come from ManDi, while all other pairs represent CommonAccent results.
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Figure 6: CommonAccent XCOMETg]3 results for language pairs out of English, broken down by source
speech accent.

System en—de en—es en—fr en—it en—nl en—pt en—zh de—en es—en it—en zh—en
Whisper - - - - - - - 0.044  0.032 0.031 0.020
Seamless 0.023  0.024 0.037 0.039 0.038 0.036 0.018 0.042  0.017 0.037 0.043
Canary 0.022  0.033 0.035 0.030 0.029 0.027 - 0.025  0.016  0.043 -
OWSM 0.026  0.039 0.037 0.044 0.044 0.058 0.021 0.013  0.021  0.094 0.029
Whisper + Aya 0.030  0.032 0.032 0.030 0.035 0.029 0.030 0.034  0.008  0.042 0.141

+ Gemma3 0.035 0.043  0.036 0.032 0.036 0.035 0.028 0.039 0.015  0.046 0.147
+ Tower+ 0.025 0.033  0.027 0.031 0.039 0.032 0.029 0.034 0.011  0.041 0.161
Seamless + Aya 0.020 0.022  0.034 0.028 0.029 0.027 0.021 0.043 0.013  0.036 0.113
+ Gemma3 0.018 0.031  0.032 0.032 0.027 0.031 0.016 0.034 0.025  0.045 0.126
+ Tower+ 0.020 0.028  0.033  0.030 0.033 0.029 0.017 0.034 0.018  0.035 0.137
Canary + Aya 0.021 0.031  0.026 0.027 0.030 0.029 0.024 0.039 0.012  0.026 -
+ Gemma3 0.028 0.037  0.033  0.032 0.033 0.034 0.017 0.040 0.020  0.038 -
+ Tower+ 0.023 0.033  0.026 0.030 0.031 0.033 0.018 0.034 0.016  0.034 -
OWSM + Aya 0.025 0.034  0.031 0.034 0.033 0.027 0.023 0.052 0.020  0.028 0.170
+ Gemma3 0.023 0.040 0.032 0.034 0.038 0.036 0.021 0.061 0.026  0.040 0.142
+ Tower+ 0.027 0.035  0.031 0.036 0.036 0.031 0.023 0.038 0.016  0.029 0.161

DeSTA2 0.085 0.081 0.071 0.071 0.088 0.084 0.066 0.039 0.033 = 0.115 0.054
Qwen2-Audio 0.031 0.031  0.044 0.042 0.043 0.034 0.024 0.063 0.018  0.036 0.061
Phi-4-Multimodal 0.075 0.063  0.115  0.049 0.066 0.083 0.044 0.056 0.024  0.048 0.090
Voxtral 0.028 0.037  0.037 0.036 0.035 0.032 0.023 0.036 0.016  0.058 0.072
Spire 0.062 0.067  0.076  0.079 0.074 0.067 0.066 - - - -
Qwen3-Omni 0.023 0.028  0.024  0.022 0.024 0.026 0.019 0.025 0.016  0.045 0.071

Table 11: St. dev. of xCOMETg2E scores for ManDi (zh-en) and CommonAccent (all other directions).



