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Abstract

This paper reports on the outcomes of the
shared tasks organized as part of the 23rd
International Workshop on Spoken Language
Translation (IWSLT). The workshop covered
ten major challenges in spoken language trans-
lation, including speech-to-text translation for
both high-resource and low-resource language
pairs, customized speech translation, speech
generation, instruction-following speech pro-
cessing, and the evaluation of speech transla-
tion systems. The shared tasks received strong
participation, with more than 30 teams submit-
ting runs. This year’s edition broadened the
range of tasks, placing particular emphasis on
speech generation and evaluation metrics.
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1 Introduction

The International Conference on Spoken Lan-
guage Translation (IWSLT) stands as the lead-
ing annual scientific conference dedicated to ad-
vancing all aspects of spoken language translation
(SLT). Operating under the auspices of the Spe-
cial Interest Group on Spoken Language Trans-
lation (SIGSLT), the conference receives support
from three prestigious organizations: the Asso-
ciation for Computational Linguistics (ACL), the
International Speech Communication Association
(ISCA), and the European Language Resources
Association (ELRA).

Maintaining its 23-year tradition, the 2026 con-
ference was preceded by a comprehensive eval-
uation campaign designed to address critical sci-
entific challenges in SLT. This paper presents the
outcomes of the 2026 IWSLT Evaluation Cam-
paign, which comprised ten distinct shared tasks
organized into five primary research areas:
• Speech-to-Text Translation

– Offline track, with focus on unconstrained
speech-to-text translation of audio from a
variety of diverse domains in mostly high-
resource languages in two tracks (language-
aware and language-agnostic).

– Low-resource SLT, focusing on the trans-
lation of recorded speech from a variety
of domains in low-resource and generally
under-served languages, covering 10 lan-
guage pairs. It also included a data track,
inviting participants to submit newly col-
lected speech translation datasets of under-
resourced language pairs.

• Customized ST
– Model compression, with focus on speech-

to-text translation of recorded scientific pre-
sentations, TV series, and business news
from English to German and Chinese,
achieved by reducing the size of a large mul-
tilingual speech-to-text foundation model.

– Subtitling track, with focus on speech-
to-subtitle translation of audio-visual docu-
ments from English to five languages (Ara-
bic, German, Chinese, Japanese, and Span-
ish).

– Simultaneous track, focusing on speech-to-
text translation of streamed audio of confer-

ences and interviews from English to Ger-
man, Italian and Chinese, and from Czech to
English.

• Speech Generation
– Indic S2S track focuses on speech-to-

speech translation between English and three
Indic languages (Hindi, Marathi, Punjabi) in
both directions.

– African/Celtic S2S track focuses on
speech-to-speech translation from three
under-resourced languages (Hausa, Igbo,
Yorùbá) to English (targets being both text
and speech for two tracks).

– Cross-Lingual Voice Cloning track, which
requires systems to synthesize speech in a
target language while preserving the voice
characteristics of a speaker from source lan-
guage audio. Unlike traditional speech trans-
lation tasks, the cross-lingual voice cloning
task focuses on transferring voice identity
across languages while maintaining natural-
ness and intelligibility.

• Instruction-following Speech Processing task
It aims to test general-purpose multimodal
models (known as multimodal LLMs or audio-
LLMs) for the speech modality. Covers
the downstream tasks of Speech Recognition,
Translation, Question Answering, Summariza-
tion, Audio Chaptering, and a surprise task,
with focus on Scientific talk audios from En-
glish to German, Italian, and Chinese.

• Speech Translation Metrics task, focusing on
Quality Estimation for speech translation, a
reference-free evaluation of speech translation
quality. Participants assess the quality of trans-
lations produced in other IWSLT shared tasks,
and system outputs will be evaluated based on
their correlation with human judgments.

2 Cross-Task Evaluation

The evaluation campaign features both automatic
and human evaluation. To support automatic eval-
uation, we developed a dedicated evaluation server
this year, as detailed in Section 2.1. The server was
piloted in the Offline, Model Compression, and In-
struction Following tracks. For the other tracks,
submission and evaluation processes were man-
aged by the respective organizers, following the
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Team Organization Tracks Reference

ADAPT-MTU Munster Technological University � Sonawane and Afli (2026)
APG individual Ù Palomino (2026)

ARN-SPA Universidad Nacional Autónoma de México E Martı́nez et al. (2026)
APPTEK AppTek Ä

AURA-ST Kitami Institute of Technology and RBG AI Research � HB et al. (2026)
BSC Barcelona Supercomputing Center � Pareras et al. (2026)

CATENG Universitat Pompeu Fabra, Universitat Politècnica de Catalunya,
Barcelona Supercomputing Center, Northeastern University

E Zevallos et al. (2026)

CPII-HK Centre for Perceptual and Interactive Intelligence HK 7 Xing et al. (2026)
CUHKSZ The Chinese University of Hong Kong, Shenzhen E7 Yang and Nakamura (2026); Sun et al. (2026)

CUNI-POCKET Charles University 7 Ortega and Macháček (2026)
CUNI-ALIGN Charles University 7 Fuxa and Macháček (2026)

CISCO Cisco Ì Gupta (2026)
ETH ETH Zürich Ì Zarzu and Zouhar (2026)
FBK Fondazione Bruno Kessler, Italy Ä � Cettolo et al. (2026a); Xie et al. (2026)

FLEURS-Badini LIUM, Le Mans University and University of Duhok E Mohammadamini et al. (2026)
HW-TSC Huawei Translation Services Center, China �Ä	 Huang et al. (2026b); Lan et al. (2026a); He et al. (2026)

OSU The Ohio State University Ì Krahn and Fosler-Lussier (2026)
IIIT-BGP Indian Institute of Information Technology Bhagalpur E Singh et al. (2026)

IIT-PATNA IIT-Patna 	 Ahtasam et al. (2026)
individual University of Washington 7 Pong (2026)

KIT Karlsruhe Institute of Technology 	Ù� Ì Akti and Waibel (2026); Liu et al. (2026); Ugan et al. (2026); Dinh and Niehues (2025)
KHU Kyung Hee University Ì Shah et al. (2026)

Langswap 	 Shigabeev et al. (2026)
LIUM LIUM, Le Mans University E Mohammadamini and Tahon (2026)

MLLP-VRAIN UPV Universitat Politècnica de València 7 Iranzo-Sánchez et al. (2026)
NEMO NVIDIA 7 Grigoryan et al. (2026)

NLE NAVER LABS Europe � Boito et al. (2026)
PINCH-AST Pinch 7 Bentes and Safka (2026)

QUESPA Northeastern University, Universitat Pompeu Fabra, Barcelona Super-
computing Center, Universidad Nacional de Ingenierı́a, Peru, Univer-
stiy of Georgia

E Ortega et al. (2026a)

SIT-TCD Shaggar Institute of Technology and Trinity College Dublin 	 Abebe and Moslem (2026)
TALTECH TalTech Ù

VELO individuals E Callañaupa et al. (2026)

Table 1: List of participants to the IWSLT 2026 shared tasks (� Offline track; 7 Simultaneous track; Ä Sub-
title track; Ù Compression track; E Low-resource track; � Indic S2S track; � African/Celtic S2S track; �
Instruction-following track; 	 Cross-Lingual Voice Cloning; Ì Metrics track.

procedure used in previous campaigns. In addi-
tion, we performed a human evaluation across sev-
eral tracks as described in 2.2

2.1 SPEECHM-IWSLT2025 Evaluation
Server

The Evaluation Server is a suite of datasets
and metrics designed to measure and monitor
the performance of task-specific systems. It is
part of the “SPEECHM” platform, developed
under the Meetween European Project.1 For
the IWSLT-2025 Evaluation Campaign, a ded-
icated instance—SPEECHM-IWSLT20252—was
created. This instance features a web-based user
interface that allows participants to submit sys-
tem outputs and track their performance via a
leaderboard. The implemented evaluation metrics
depend on the task: COMET, BLEURT, BLEU
and CharacTER are used in the Offline and the
Model Compression tasks, while WER, COMET
and BERT scores are used Instruction Following
task.

The Evaluation Server is described in detail in
Appendix B.1.

1www.meetween.eu
2iwslt2025.speechm.cloud.cyfronet.pl

2.2 Human Evaluation
Similar to last year’s round, a human evaluation
through direct assessment is performed on the pri-
mary submissions of each participant of offline,
compression, and instruction following tasks in
order to verify the soundness and completeness
of the results. We mostly follow Sperber et al.
(2024)’s approach to handle the automatically seg-
mented long-form speech in a robust manner. A
key difference is that human evaluation was done
based on segmented source audio, not segmented
source transcripts. Details are provided in Ap-
pendix A.
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Track I Offline track
1 Introduction

The Offline speech translation task represents the
longest-standing tradition within the IWSLT eval-
uation campaigns, serving as a primary bench-
mark for tracking and fostering technological
progress in spoken language translation. Unlike
tasks subject to strict temporal or structural con-
straints, such as simultaneous translation or sub-
titling, the offline track focuses on unconstrained
speech translation. While maintaining a consistent
core formulation, the evaluation has progressively
evolved to reflect the complexities of real-world
applications by introducing more challenging sce-
narios, diverse language pairs, heterogeneous do-
mains, and spontaneous speaking styles. In this
spirit, the 2026 edition introduced several key
advancements designed to push the boundaries
of state-of-the-art architectures. First, Japanese
was integrated among the target languages. Sec-
ond, the multi-domain evaluation corpus, which
in 2025 already featured TV series, scientific pre-
sentations, business news, and dedicated accented
speech data, was further expanded in this edition.
By incorporating two brand-new scenarios, call
center interactions and YouTube videos, the task
significantly broadened the spectrum of commu-
nicative situations and acoustic conditions, such as
overlapping speakers and background noise, that
systems had to navigate. Third, this year marked
the debut of a novel “language-agnostic” track, de-
signed to test a system’s ability to translate speech
when the source language is unknown.

2 Task Description

The 2026 round of the Offline task challenged par-
ticipants to build robust translation systems capa-
ble of operating across diverse acoustic environ-
ments and domains without resorting to ad-hoc,
domain-specialized models. To evaluate different
aspects of this challenge, the campaign was struc-
tured into two distinct tracks:
• Language-aware Track: This track followed

the traditional evaluation setup, where the
source and target languages were known a pri-
ori. Participants could submit systems for four
translation directions originating from English:
– English → German: Evaluated on TV se-

ries, scientific presentations, call center two-
person conversations, YouTube videos, busi-

ness news, and accented speech.
– English → Chinese: Evaluated on TV series,

scientific presentations, call center conversa-
tions, YouTube videos, and business news.

– English→ Japanese: Evaluated on TV series,
scientific presentations, call center conversa-
tions, YouTube videos, and business news.

– English→ Arabic: Focused exclusively on the
business news domain.

• Language-agnostic Track: A newly introduced
challenge designed to foster the development
of universal, flexible speech translation models.
Under this paradigm, systems had to process and
translate input speech without any pre-defined
source language labels. The evaluation covered
three source languages (Czech, German, and
English) and a single target language (English),
which implicitly required the systems to perform
English-to-English Automatic Speech Recogni-
tion (ASR) alongside translation.
Participating teams were free to submit sys-

tems for any combination of translation directions
within the language-aware track, the language-
agnostic setting, or both.

In line with previous campaigns, both cas-
cade (pipeline) and end-to-end (E2E) architec-
tures were eligible for participation. To ensure
a fair comparison, E2E systems were strictly de-
fined as those that did not employ intermediate
discrete representations (such as source language
transcripts) during inference. Furthermore, all pa-
rameters and components utilized during decod-
ing had to be optimized for the direct speech-to-
translation task (multitask training was permitted,
whereas language model rescoring was prohib-
ited).

To accommodate different computational con-
straints and resource availability, three training
paradigms were defined for each translation di-
rection: constrained (restricted to a specific list
of medium-sized corpora), constrained with LLMs
(allowing the standard constrained data plus any
open-source Large Language Model under a per-
missive license), and unconstrained (permitting
any external resource except the official evaluation
sets).

Also this year, system submissions were man-
aged via the centralized “SPEECHM” Evaluation
Server.3 While teams were allowed to upload mul-
3https://speechm.cloud.cyfronet.pl/0000
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tiple runs, they were required to designate one pri-
mary system per track, with all remaining submis-
sions treated as contrastive.

3 Data and Metrics

Test Data The evaluation framework for this
edition featured a heterogeneous suite of test sets
designed to reflect a wide array of operational do-
mains and acoustic environments, specifically en-
compassing:
• TV Series from ITV Studios4 – This subset

comprises three distinct recordings of roughly
45 minutes each, capturing multi-party interac-
tions across diverse scenarios. Deploying sys-
tems on this data requires managing complex
phenomena such as overlapping speech, hetero-
geneous accents, and ambient noise.

• Scientific Presentations – This dataset includes
21 recordings of oral presentations, with an av-
erage length of approximately 6 minutes per
recording, providing the original transcripts
alongside their multilingual translations. The
collection covers a broad spectrum of techni-
cal and academic topics presented by an inter-
national cohort of speakers.

• Call Center two-person conversations – This
dataset gathers unscripted, 10-to-15-minute
simulated interactions between customers and
agents recorded via online streaming platforms.
The dialogues cover spontaneous transactions
and inquiries regarding goods or services across
multiple commercial sectors.

• YouTube videos from YODAS5 (YouTube-
Oriented Dataset for Audio and Speech) –
Sourced from large-scale YouTube collections,
this dataset includes five English audio files with
durations spanning between 10 and 30 minutes
(amounting to approximately 1.5 hours in total).
High-quality reference translations for German,
Japanese, and Chinese were professionally cu-
rated by AppTek6.

• Business News from Asharq Business with
Bloomberg7 – Representing the financial and
economics domain, this dataset consists of a
single broadcast recording (approximately 1.5
hours) from a television channel and distributed

005
4https://www.itvstudios.com/
5https://huggingface.co/datasets/espnet
/yodas

6https://www.apptek.ai/
7https://asharqbusiness.com/

across digital and social platforms.
• Accented English Conversations sampled

from the Edinburgh International Accents of En-
glish Corpus (EdAcc, Sanabria et al., 2023) –
This dataset contributes roughly 3.5 hours of un-
scripted dialogues where pairs of friends discuss
everyday topics, such as leisure activities and
travel. It introduces a substantial phonetic chal-
lenge by featuring 33 distinct international En-
glish accents, combined with the inherent diffi-
culties of highly spontaneous speech.

• Synthetic TTS Audio Data is generated from
the English-German “Scientific Presentation”
dataset, where the transcripts are synthesized us-
ing different TTS models. Specifically, two TTS
systems are used: VITS (Kim et al., 2021) and
Kokoro-82M8. VITS was used to generate two
versions of the data — one with a male voice and
one with a female voice. The purpose of this test
set is to evaluate the impact of the voice quality
on the performance of the submitted models.

• Language-agnostic test data For the language-
agnostic task, we combined multiple datasets,
without revealing the data source of individual
test instances to the participants. The English in-
put data comprised scientific presentations used
in the other track. For German, we recorded ad-
ditional scientific presentations in German and
translated them into English. For the Czech-
to-English condition, we used the dataset from
the simultaneous track. Furthermore, motivated
by (Sinhamahapatra et al., 2026), we created
an additional test set containing mixed German-
English dialog about scientific papers, which
was translated into English.

Training and Development Data In continu-
ity with recent rounds of the challenge, partic-
ipants could submit systems built under three
training data conditions: i) constrained, ii) con-
strained with large language models, and iii) un-
constrained. Under the constrained setting, the list
of permitted training resources9 comprised a vari-
ety of speech, speech-to-text parallel, text-parallel,
and text-monolingual datasets. In this condition,
the use of any pre-trained language models was
prohibited. For the Constrained with large lan-
guage models condition (constrained+LLM ), par-
ticipants were allowed to supplement the con-

8https://huggingface.co/hexgrad/Kokoro-8
2M

9See https://iwslt.org/2026/offline
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strained resources with freely accessible large lan-
guage models released under permissive licenses.
The objective of this setup was to enable the lever-
aging of accessible LLMs within a standardized
evaluation scenario. For the unconstrained con-
dition, the use of any resources, including pre-
trained language models, was permitted, with the
sole exception of the official evaluation sets. The
aim of this setup was to accommodate teams
equipped with high computational power and ca-
pable of developing effective solutions leveraging
additional in-house resources.

Two types of development data were made
available. These included the material released for
previous rounds of the Offline task10 and the de-
velopment data provided for the Subtitling task11,
which specifically covered the TV series, business
news, and YouTube video domains.

Evaluation Metrics System performance was
evaluated against human-curated target-language
references using a suite of automatic metrics:
COMET, BLEURT, BLEU, TER, and characTER.
COMET, the metric selected for the official rank-
ing, was computed on hypotheses automatically
resegmented to match the reference text via the
mwerSegmenter12 tool.

4 Results

In this edition, only HW-TSC (Huang et al.,
2026a) participated in the English–German and
English–Chinese language-aware tracks, using a
cascade system trained under the “unconstrained”
condition. The model is a pipeline composed
of: (1) a VAD module to segment long audio,
(2) a two-pass transcription system that first pro-
duces a rough transcript with timestamps, then
re-segments the audio based on these timestamps
and finally runs ASR on the newly segmented au-
dio, and (3) a translation component that gener-
ates the final translations. All components—VAD,
ASR, and MT—are implemented using Qwen-
family LLMs (Qwen et al., 2025) of varying
sizes (0.6M, 4B, and 8B parameters). The ASR
and MT components have been fine-tuned us-
ing existing datasets. The MT training data was
cleaned through a series of heuristic filters to

10https://huggingface.co/datasets/IWSLT/
IWSLT.OfflineTask

11https://iwslt.org/2026/developmentData
12https://www-i6.informatik.rwth-aachen.
de/web/Software/mwerSegmenter.tar.gz

remove noise, including language identification,
length-ratio constraints, character-level deduplica-
tion, and a semantic alignment step.

The results are reported in Tables 27 and 28. Al-
though the evaluation is limited to a single partic-
ipant, these results clearly highlight the different
levels of complexity across the evaluated test sets.
Specifically, domains featuring multi-party inter-
actions and challenging acoustic phenomena—
such as the TV Series, Accented English Conver-
sations (evaluated only for En-De), and YouTube
videos—yield substantially lower automatic qual-
ity scores. In contrast, single-speaker audio such
as the Scientific Presentations subset yields signif-
icantly higher evaluation scores, despite contain-
ing specialized terminology. These results con-
firm the well-known challenges that current sys-
tems face when dealing with complex, real-world
acoustic conditions, and highlight the need for
continued research and development in this area.

When comparing the model’s performance on
human-generated audio (Scientific Presentations)
against its respective transcripts and references
with TTS-generated audio (Synthetic TTS Au-
dio data 1, 2, and 3), the differences in COMET
scores are marginal and likely lack statistical sig-
nificance. This suggests that the model is largely
robust to the acoustic characteristics of the input
signal, treating human-recorded and synthetically
generated speech in a similar manner. Further-
more, the choice of synthesis engine and speaker
voice (female vs. male) exerts no discernible im-
pact on the final metrics, indicating that the spe-
cific acoustic properties introduced by different
voice types or synthesis architectures are not a de-
cisive factor in determining downstream transla-
tion quality.

While these findings warrant validation at a
larger scale and across a broader range of lan-
guages and domains, they point to promising ap-
plications of synthetic audio data in speech trans-
lation research and development. Specifically, the
viability of supplementing or substituting human-
recorded audio with high-quality synthetic alterna-
tives could significantly reduce the cost and effort
required to curate benchmark datasets and training
resources.

For instance, synthetic data could be used to
construct evaluation benchmarks for specialized
domains—such as medical, legal, or technical
fields—where parallel textual corpora exist but
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corresponding audio is missing, and where col-
lecting authentic recordings is economically or lo-
gistically prohibitive. Furthermore, TTS engines
could be leveraged to synthesize extensive training
subsets across diverse domains, thereby enhanc-
ing model robustness and generalization capabil-
ity while bypassing the constraints of resource-
intensive data collection. Overall, these initial
insights suggest that synthetic audio represents
a promising path toward viable and scalable re-
sources for supporting the evaluation of speech
translation systems.
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Track II Low-resource SLT
1 Challenge

As with previous years, the goal of the low-
resource shared task is to benchmark and promote
speech translation technology for a diverse range
of dialects and low-resource languages. While sig-
nificant research progress has been demonstrated
recently on popular datasets, many of the world’s
languages lack the parallel data at scale needed
for standard supervised learning. The community
will likely require creative approaches in leverag-
ing disparate resources in order to make progress.

The low-resource shared task will, as last year,
involve two tracks:
• Track 1: A ”traditional” speech-to-text transla-

tion track focusing on 10 typologically diverse
language pairs.

• Track 2: A data track, inviting participants
to provide open-sourced speech translation
datasets for under-resourced languages.
This year’s focus was on explicitly multilin-

gual systems that can handle speech from as
many diverse languages as possible. We wel-
comed general recipes aimed at improving speech
translation broadly for a wide typology of lan-
guages. Thus, while participants were free to par-
ticipate in any number of language pairs that are
our focus, we highly encouraged participation in
as many as possible. Of course, we still welcomed
dedicated systems that are designed to cater to a
single language pair.

2 Data and Metrics

Irish–English (gle-eng) Irish (also known as
Gaeilge; ISO code: gle) has around 170,000 L1
speakers and 1.85 million people (37% of the pop-
ulation) across the island (of Ireland) claim to be
at least somewhat proficient with the language. In
the Republic of Ireland, it is the national and first
official language. It is also one of the official lan-
guages of the European Union (EU) and a recog-
nised minority language in Northern Ireland with
the ISO ga code.

The provided Irish audio data were compiled
from the news domain, Common Voice (Ardila
et al., 2020),13 and Living-Audio-Dataset.14 The
Irish-to-English corpus comprises approximately

13commonvoice.mozilla.org/en/datasets
14github.com/Idlak/Living-Audio-Dataset

13 hours of Irish speech data , translated into En-
glish texts.15 This year, we also provided the par-
ticipants of three synthetic audio Irish-to-English
datasets comprising 196 hours (Moslem, 2024).
The synthetic data was created by synthesizing au-
dio from parallel textual datasets obtained from
OPUS (Tiedemann, 2012), namely EUbookshop,
Tatoeba, and Wikimedia.16

Bhojpuri–Hindi (bho-hin) Bhojpuri (ISO
code: bho) belongs to the Indo-Aryan language
group. It is dominantly spoken in India’s western
part of Bihar, the north-western part of Jharkhand,
and the Purvanchal region of Uttar Pradesh. As
per the 2011 Census of India, it has around 50.58
million speakers (Ojha and Zeman, 2020). Bho-
jpuri is spoken not just in India but also in other
countries such as Nepal, Trinidad, Mauritius,
Guyana, Suriname, and Fiji. Since Bhojpuri was
considered a dialect of Hindi for a long time, it
did not attract much attention from linguists and
hence remains among the many lesser-known and
less-resourced languages of India.

The provided Bhojpuri–Hindi corpus consists
of approximately 24 hours of Bhojpuri speech data
from the news domain, extracted from News On
Air17 and translated into Hindi texts.18 Addi-
tionally, the participants were directed that they
may use monolingual Bhojpuri audio data (with
transcription) from ULCA-asr-dataset-corpus19 as
well as Bhojpuri Language Technological Re-
sources (BHLTR) (Ojha et al., 2020; Ojha, 2019)20

and Bhojpuri-wav2vec2 based model.21

Mapuzugun–Spanish (arn-spa) Mapudungun
is a language isolate and the indigenous language
of the Mapuche people, spoken by about 100,000-
200,000 people in Chile and Argentina.

Data are based on the corpus described in this
paper, providing more than 130 hours of Mapuzu-
gun speech, along with transcriptions and transla-
tions in Spanish.

15github.com/shashwatup9k/iwslt2026 ga-eng
16hf.co/collections/ymoslem/irish-english-speech-

translation-datasets-665dd9e8fbaa279db3474ca0
17newsonair.gov.in
18github.com/shashwatup9k/iwslt2026 bho-hi
19github.com/Open-Speech-EkStep/ULCA-asr-dataset-

corpus
20github.com/shashwatup9k/bho-resources
21www.openslr.org/64/
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Bemba–English (bem-eng) Bemba is a Bantu
language, spoken by over 10 million people in
Zambia and other parts of Africa. It is the most
populous indigenous language spoken by over
30% of the population in Zambia where English
is the lingua franca and official high-resourced
language of communication. Bemba is native to
the people of Northen, Luapula and Muchinga
provinces of Zambia but also spoken in other parts
of the country including urban areas such as Cop-
perbelt, Central and Lusaka provinces by over
50% of the population (ZamStats, 2012).

The provided Bemba-English corpus (Sikasote
et al., 2023a) consists of over 180 hours of Bemba
audio data, along with transcriptions and trans-
lations in English. The dataset is comprised of
recorded multi-turn dialogues between native Be-
mba speakers grounded on images.

In addition, we provided transcribed (28 hours)
and untranscribed (60 hours) monolingual Be-
mba speech from Zambezi Voice (Sikasote et al.,
2023b) and BembaSpeech (Sikasote and Anasta-
sopoulos, 2022) datasets.

Central Kurdish–English (ckb-eng) This task
focuses on speech-to-text translation from Central
Kurdish to English. Central Kurdish (ISO 639-3)
with an estimated 8 million speakers, is the sec-
ond most widely spoken dialect of the Kurdish lan-
guage. It is spoken mainly in the Kurdistan regions
of Iran and Iraq and uses a modified version of the
Arabic script.

The task is based on the COMMUTE-Kurdish
corpus, which contains 30 hours of spontaneous
Central Kurdish speech collected from Kurdish
media. The data are manually segmented, tran-
scribed, and translated into English. The corpus
covers multiple domains, including politics, cul-
ture, economy, sports, art, and science.

The COMMUTE-Kurdish dataset, complemen-
tary datasets, baseline models, evaluation instruc-
tions, and contact information are publicly avail-
able.22

Igbo–English (ibo-eng) The Igbo language is a
Niger-Congo language spoken by approximately
30–45 million people in Nigeria, Cameroon, and
Equatorial Guinea.

Newly collected data is available here, and they
are the same as the ones used for the African and
22https://lium.univ-lemans.fr/en/corpus-c
ommute-kurdish/

Celtic Speech-to-Speech Shared Task. We encour-
age interested participants to also consider partic-
ipating in that task as well.

Hausa–English (hau-eng) Hausa is a Chadic
language spoken by more than 100 million people
in Nigeria and Niger.

Newly collected data is available here, and they
are the same as the ones used for the African and
Celtic Speech-to-Speech Shared Task. We encour-
age interested participants to also consider partic-
ipating in that task as well.

Quechua–Spanish (que-spa) Quechua is an in-
digenous language spoken by more than 8 million
people in South America. It is mainly spoken in
Peru, Ecuador, and Bolivia where the official high-
resource language is Spanish. It is a highly inflec-
tive language based on its suffixes which agglu-
tinate and found to be similar to other languages
like Finnish. The average number of morphemes
per word (synthesis) is about two times larger than
English. English typically has around 1.5 mor-
phemes per word and Quechua has about 3 mor-
phemes per word.

There are two main region divisions of Quechua
known as Quechua I and Quechua II. This data
set consists of two main types of Quechua spoken
in Ayacucho, Peru (Quechua Chanka ISO:quy)
and Cusco, Peru (Quechua Collao ISO:quz) which
are both part of Quechua II and, thus, considered
“southern” languages. We label the data set with
que - the ISO code for Quechua II mixtures.

IWSLT participants may obtain the public
Quechua-Spanish speech translation dataset along
with the additonal parallel (text-only) data for the
unconstrained task at no cost here: IWSLT 2026
QUE-SPA Data set. IWSLT particpants should
feel free to use any publicly available data for the
unconstrained task. This includes a data set of
nearly 50 hours of fully transcribed Quechua audio
from previous shared tasks along with the intro-
duction of a new data set this year which is about
8 hours of synthetic (post-edited) translations. A
new addition this year is a Quechua Collao dataset
which contains 15 hours of ASR data with Spanish
translation.

Catalan–English (cat-eng) Catalan (català) is a
Western Romance language which has approxi-
mately 4.1 million L1 speakers and more than 10
million people who can speak the language across
its territories. It is spoken primarily in Catalo-
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nia, the Valencian Community, the Balearic Is-
lands, and parts of Aragon in Spain, as well as
in Andorra, where it is the sole official language.
Catalan is also spoken in parts of southern France
(Northern Catalonia) and in the city of Alghero in
Sardinia, Italy.

In Catalonia, the Valencian Community, and the
Balearic Islands, Catalan is co-official with Span-
ish and is widely used in education, media, and
public administration. It is recognized as a re-
gional or minority language in several European
regions.

Yoruba–English (yor-eng) The Igbo language
is a Niger-Congo language spoken by approxi-
mately 50 million people in Nigeria, Benin, and
Togo.

Newly collected data is available here, and they
are the same as the ones used for the African and
Celtic Speech-to-Speech Shared Task. We encour-
age interested participants to also consider partic-
ipating in that task as well.

2.1 Metrics
We use standard lowercase BLEU with no punctu-
ation to automatically score all submissions. Ad-
ditional analyses for some language pairs are pro-
vided below. We also report chrF++ (Popović,
2015a).

3 Submissions

QUESPA (Ortega et al., 2026b) submitted three
unconstrained systems for the Quechua–Spanish
track, marking the team’s fourth consecutive par-
ticipation in the shared task. This year’s sub-
mission introduced three notable novelties beyond
prior work: a machine translation case study us-
ing LLM-based prompting, an audio enhance-
ment pipeline using SIDON (Nakata et al., 2025),
and the formal incorporation of a Quechua Col-
lao (ISO: quz) speech corpus (Paccotacya-Yanque
et al., 2022) into the provided datasets. For the
MT case study, the team benchmarked a range of
large language models—including GPT-5, GEM-
INI 3, CLAUDE, DEEPSEEK-V3, and QWEN—
using guided prompts in Spanish, finding that none
surpassed the fine-tuned NLLB-200 baseline from
the previous year (19.5 BLEU / 23.5 ChrF), with
the best prompt-based result reaching 10.8 BLEU
via Gemini 3 Flash. The team attributed the un-
derperformance of prompting approaches to hal-
lucinations, dialectal confusion between Quechua

variants, and a tendency of models to prioritize
high-resource language signals over low-resource
Quechua input.

The primary and first contrastive systems fol-
low a cascaded ASR+MT architecture, employ-
ing ConMamba and Whisper Large V3, respec-
tively, each enhanced with SIDON noise reduc-
tion prior to fine-tuning, and decoded through the
NLLB-based MT system; these yield 15.0 and
15.4 BLEU, gains of approximately 0.4 BLEU
over the equivalent 2025 systems, attributable to
SIDON preprocessing. The best-performing sys-
tem (contrastive 2) is an end-to-end SpeechT5
model (Ao et al., 2022) fine-tuned on the
full unconstrained training set augmented with
nlpaug noise and distortion techniques, 15 hours
of Quechua Collao speech (Paccotacya-Yanque
et al., 2022), and SIDON-enhanced audio, yield-
ing a BLEU score of 27.2—an improvement of
0.5 BLEU over the team’s 2025 best result of 26.7
and the highest score recorded for the Quechua–
Spanish task to date. As in 2025, ChrF scores for
the SpeechT5 system did not improve alongside
BLEU, while the cascaded Mamba and Whisper
systems saw gains on both metrics with the addi-
tion of SIDON.

ADAPT-MTU HAI (Sonawane and Afli, 2026)
presented a cascaded speech translation frame-
work for the Bhojpuri-Hindi and Irish-English lan-
guage pairs. Their approach combined Whisper-
based Automatic Speech Recognition (ASR) with
the NLLB-200 multilingual translation model.
The team evaluated multiple ASR models and
routing strategies, comparing direct and pivot-
based translation. For Bhojpuri-Hindi, their best
configuration utilised Whisper-large-v3 alongside
direct NLLB translation, achieving a BLEU score
of 14.7, a Chrf++ of 43. While for Irish-English,
the team achieves 2.4 BLEU and 0.16 Chrf++
scores.

LIUM Mohammadamini and Tahon (2026) built
a system for the Central Kurdish–English lan-
guage pair. They focused on different data aug-
mentation methods for low-resource speech-to-
text translation, including two main pipelines:
pseudo-labeling and speech synthesis. Their goal
was to generate parallel speech data in low-
resource scenarios without relying on human-
annotated speech translation data. The pseudo-
labeling approach essentially produces silver
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translations for untranscribed audio through au-
tomated ASR and MT pipeline. The second ap-
proach uses a TTS and MT pipeline over source-
side text data.

Their main finding is that using synthetic speech
generation for real-world applications such as
spontaneous speech translation remains particu-
larly challenging and not fruitful. In contrast, the
pseudo-labeling pipeline proved to be more effec-
tive, achieving performance comparable to cas-
caded models while reducing latency.

CATENG Zevallos et al. (2026) submitted to
the Catalan-English language pair. Their pri-
mary system uses a Mabmba-based ASR (Con-
Mamba) with a fine-tuned NLLB-200 MT model.
Their contrastive system replaces the ASR with
Whisper-v3. Their approach is similar in some as-
pects to the QUESPA system and highlights some
of the popular approaches taken this year. Addi-
tionally, they evaluated an end-to-end SpeechT5
model with data augmentation. Overall, they find
that cascaded systems continue to outperform end-
to-end speech translation, with performance pri-
marily being constrained by ASR quality over MT.

Arn-Spa Martı́nez et al. (2026) participated in
the Mapudungun-to-Spanish speech translation
shared task under the unconstrained condition.
The team used the provided Mapudungun corpus
and experimented with data augmentation tech-
niques as well as discarding long recordings. For
end-to-end translation, they applied parameter-
efficient fine-tuning to Canary-1B-v2, a multilin-
gual multi-task ASR and speech translation model.
To avoid introducing a new language code for Ma-
pudungun, they used English as the source lan-
guage code. Their experiments showed that filter-
ing out utterances longer than 15 seconds yielded
the best performance.

IIIT-BGP (Singh et al., 2026) developed sys-
tems for low-resource Bhojpuri-Hindi speech
translation, exploring both end-to-end and cas-
caded architectures. Their end-to-end model
connected a Bhojpuri-fine-tuned Wav2Vec 2 en-
coder to a pre-trained NLLB-200 decoder via a
lightweight interconnection adapter. This adapter
utilised a combination of learnable layer aggre-
gation, CNN-based temporal compression, and
Transformer refinement, with optional LoRA-
based decoder adaptation. For their cascaded sys-
tem, the team fine-tuned Whisper for Bhojpuri

ASR and NLLB-200 for Hindi machine transla-
tion. Furthermore, they improved the cascaded
pipeline’s outputs by applying Quality Estimation
(QE) Fusion with COMET-Kiwi, which optimised
translation selection directly from beam candi-
dates. They submitted one primary and two con-
trastive systems. In these, the contrastive 1 system
achieved slightly higher results: 12.3 BLEU and
35 Chrf++ scores.

CUHKSZ The Chinese University of Hong
Kong, Shenzhen (Sun et al., 2026) participated
in the shared task with 6 official languages from
2026, plus an additional 2 from prior iterations
(bem, ckb, gle, hau, ibo, yor, aeb, est). The
crux of their approach was a new method they
proposed called Gradient-Driven Parameter Shar-
ing (GDPS) which looks at inter-language gradi-
ent behaviors to automatically group languages.
The idea is motivated by the problem of gradi-
ent conflicts that can occur when fine-tuning mul-
tilingual models on low-resource languages. Un-
like other IWSLT low-resource systems, they do
not rely on data augmentation. They use Seam-
lessM4T Medium as their baseline model.

Velo Callañaupa et al. (2026) participated in the
Quechua-Spanish translation task. They used a
fine-tuning and incremental retraining process of
the NLLB-200 model for both Quechua variants
(Chanka and Collao).

AURA-ST HB et al. (2026) participated in the
XX → English speech-to-text translation (S2TT)
task for the African-languages track. Their sys-
tem, AURA-ST (Acoustic-Unconstrained Resid-
ual Architecture for Speech Translation), is a low-
resource end-to-end speech translation framework
that combines frozen w2v-BERT 2.0 (Baevski
et al., 2020) and ResNet34 (He et al., 2015)
speech encoders with a frozen Gemma-4-E2B lan-
guage model. Acoustic representations are fused,
compressed through a convolutional subsampler,
and projected into the language model embedding
space, where they are provided as a prefix prompt
rather than through cross-attention. The model
is adapted using parameter-efficient LoRA fine-
tuning applied only to Gemma’s MLP layers, en-
abling effective speech-to-text learning while min-
imizing catastrophic forgetting.

4 Results
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Hausa Igbo Yorùbá

Model SPBLEU CHRF++ SSA-COMET SPBLEU CHRF++ SSA-COMET SBLEU CHRF++ SSA-COMET

Aura-ST 5.2 23.2 33.9 4.6 16.7 20.6 19.5 41.0 57.1

SeamlessM4T Mono FT 18.6 41.9 54.9 17.6 39.2 52.3 21.1 43.5 60.3

Cascaded 17.3 42.0 54.1 11.0 33.8 42.9 17.0 38.1 50.6

Table 2: S2TT results (XX → English) across three metrics: spBLEU (↑), chrF++ (↑), and SSA-COMET (↑).
Bold = best overall per column; underlined = second best. SeamlessM4T Mono FT is a fully supervised fine-tuned
upper bound, monolingually fine tuned for each individual language pair. The cascaded model is a combination of
Omnilingual-ASR (OmniASR LLM 1B) and NLLB-200 for machine translation.

Submission BLEU Chrf++

IIIT-BGP Contrastive 2 10.1 39.0
IIIT-BGP Primary 12.1 34.0
IIIT-BGP Contrastive 1 12.3 35.0
ADAPT-MTU Contrastive 14.5 38.0
ADAPT-MTU Primary 14.7 43.0

Table 3: Bhojpuri–Hindi Results. All submissions
were to the unconstrained track.

African-Celtic tracks Table 12 presents S2TT
results for Hausa, Igbo, and Yorùbá. The su-
pervised SeamlessM4T Mono FT system achieved
the strongest overall performance, while the cas-
caded OmniASR+NLLB approach remained com-
petitive for Hausa but degraded more noticeably
for Igbo and Yorùbá. Although AURA-ST trailed
both baselines on Hausa and Igbo, it performed
particularly well on Yorùbá→English, achieving
the second-best result across all three evalua-
tion metrics and outperforming the cascaded sys-
tem. These findings highlight both the chal-
lenges of speech translation for African languages
and the potential of parameter-efficient speech-to-
LLM adaptation methods, especially for relatively
higher-resource languages such as Yorùbá.

Bhojpuri-Hindi Results are presented in Ta-
ble 3, with the ADAPT-MTU primary submission
outperforming the others.

Quechua-Spanish Results are presented in Ta-
ble 4, with the QUESPA submissions outperform-
ing the Velo submission. Interestingly, the second
contrastive submission that employs a different ar-
chitecture and additional data outperforms all oth-
ers and improves over all previous years’ submis-
sions as well.

Irish-English Results are presented in Table 5.
Notably, all submissions struggle to produce

Submission BLEU Chrf++

Velo Primary 8.9 39.9
Quespa Primary 15.0 50.7
Quespa Contrastive 1 15.4 52
Quespa Contrastive 2 27.2 51.4

Table 4: Quechua–Spanish Results. All submissions
were to the unconstrained track.

meaningful outputs, showcasing the difficulty of
this task.

Submission BLEU Chrf++

MTU Contrastive 1 2.3 15.0
SLC Primary 2.4 10.0
MTU Primary 2.4 16.0

Table 5: Irish–English Results. All submissions were
to the unconstrained track.

Mapuzugun-Spanish Results are presented in
Table 6. Notably, all submissions struggle to pro-
duce meaningful outputs, showcasing the diffi-
culty of this task.

Central Kurdish-English Results are presented
in Table 7. All submissions are unconstrained.

5 Data Track Results and Discussion

This track aims to empower language communi-
ties to contribute to key datasets. These datasets
are essential for expanding the reach of spoken
language technology to more languages and vari-
eties.

Progress made in translation quality has largely
been directed at high-resource languages. Re-
cently, focus has started to shift to under-served
languages, and foundational datasets such as FLO-
RES (Goyal et al., 2022) and NTREX (Federmann
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Submission BLEU Chrf++

KK Contrastive 1 0.34 6.92
KK Primary 0.73 12.7
KK Contrastive 2 0.82 14.31

Table 6: Mapazugun–Spanish Results.

Speech Translation ASR
Team BLEU Chrf++ CER WER

SLC 0.16 13.6 - -
LIUM 21.09 49.48 6.98 19.76

Table 7: Central Kurdish–English Results for Transla-
tion and Speech Recognition. Note that all submissions
were to the unconstrained track.

et al., 2022b) have made it easier to develop and
evaluate MT models for an increasing amount of
languages. The high impact of these components
left some in the research community wondering:
how do we add more languages to these existing
open-source datasets?

The goal of this shared task track is to expand
open datasets to more languages. In particular, we
are soliciting contributions to Speech Translation
Training and Evaluation Datasets, either on text-
to-speech or speech-to-speech formats.

Data Submission Requirements We highly en-
couraged participants to get creative, however we
also wanted to ensure data quality and we asked
participants to adhere to some suggestions.

Translations should be performed, wherever
possible, by qualified, native speakers of the tar-
get language. We strongly encourage verifica-
tion of the data by at least one additional native
speaker. Dataset card: dataset cards should be at-
tached to new data submissions, detailing precise
language information and the translation workflow
that was employed. In particular, we ask partic-
ipants to identify the language with both an ISO
639-3 individual language tag and a Glottocode.
The script should be identified with an ISO 15924
script code.

License: We highly encourage new contribu-
tions to be released under CC BY-SA 4.0 or other
similarly permissive licenses. By contributing
data to this shared task, participants agree to have
this data released under these terms. At a mini-
mum, data should be made available for research
use.

Use of automatic translation or LLMs for data
generation: while post-editing of automatic out-
put is allowed, we require that any data submitted
for the shared task are 100% verified by humans,
if not directly created by humans. Raw, unveri-
fied machine translated outputs are not allowed. If
using MT, you must ensure that the terms of ser-
vice of the model you use allow re-using its out-
puts to train other machine translation models (as
an example, popular commercial systems such as
DeepL, Google Translate and ChatGPT disallow
this).

Fleurs-Badini Mohammadamini et al. (2026)
extended the FLEURS benchmark to the Badini
variant of Northern Kurdish. Badini is a variant of
Norther Kurdish spoken widely in the Kurdistan
Region of Iraq. It differs from other Kurdish vari-
eties by distinct phonological, lexical, and syntac-
tic features.

The authors begin with 2,000 English sentences
from FLORES and translate them into Badini di-
alect relying on university students from the De-
partments of English and Translation at the Uni-
versity of Duhok. The translation process in-
cludes various efforts to ensure coherence and
naturalness. Speech recordings of the translated
sentences are then collected from native speakers
through an online platform. Both the translations
and recordings have been manually reviewed by
faculty members.

The resulting dataset contains 5,224 utterances
totaling 15 hours and 40 minutes of speech con-
taining recordings from 45 speakers. It is split into
a training set of 2,022 utterances (5h47m), a devel-
opment set of 1,165 utterances (3h36m), and a test
set of 2,037 utterances (6h17m). The authors also
evaluate ASR and speech translation models on
the dataset. A fine-tuned Whisper model achieves
5.24 BLEU and 29.57 chrF++ on the test set.
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Track III Model compression track
1 Introduction

The Model Compression task, now in its second
edition, addresses a critical challenge in the nat-
ural language processing community: reconcil-
ing the remarkable capabilities of large foundation
models with the strict constraints of practical de-
ployment. Although large-scale text and speech
models have fundamentally transformed spoken
language translation, their massive parameter size
and intensive computational demands pose severe
bottlenecks in real-world applications. This is es-
pecially critical in resource-constrained environ-
ments, such as mobile devices, embedded sys-
tems, and edge computing, where low-latency, on-
device inference is paramount. Model compres-
sion offers a viable path forward, shrinking model
size and complexity while striving to minimize
performance degradation. By focusing on this crit-
ical trade-off, the task aims to establish a rigor-
ous benchmark for monitoring advancements in
the development of efficient, accessible, and sus-
tainable speech translation systems.

2 Task Description

Building on the foundation laid during the in-
augural 2025 round, the 2026 evaluation chal-
lenged participants to effectively reduce the size
of a large multilingual speech-to-text foundation
model while minimizing performance drops in
English→German and English→Chinese speech
translation settings. The chosen baseline model re-
mained Qwen2-Audio (Chu et al., 2024), selected
due to its substantial size of 8.2 billion parame-
ters (requiring approximately 16 GB of storage),
its versatile support for multiple speech processing
tasks, and its permissive Apache 2.0 license. Its
memory-intensive nature and computational cost
made it an ideal candidate for task-oriented model
compression.

To ensure a fair comparison, admissible com-
pression techniques had to focus exclusively on
modifying or optimizing the model’s internal pa-
rameters, ensuring that the final compressed sys-
tem remained strictly derived from the original
Qwen2-Audio. Eligible methodologies, which
could be deployed either in isolation or in combi-
nation, included pruning (the removal of less im-
portant neurons or entire layers within the model
by identifying and eliminating parameters that

contribute minimally to the output), quantization
(the reduction of the numerical precision of the
model’s weights, such as converting from 32-bit
to 16-bit, 8-bit, or lower, to minimize the overall
memory footprint), and distillation (the creation
of a smaller student model derived from Qwen2-
Audio and trained to replicate the behavioral char-
acteristics of the original teacher model), as well
as any other method that produces a compressed
counterpart of the original model.

As in the 2025 round of the task, system
submissions were managed via the centralized
“SPEECHM” Evaluation Server,23 allowing teams
to upload multiple runs. However, participants
were required to explicitly designate one primary
system per track and language direction, with all
remaining submissions treated as contrastive. In
the absence of an explicit designation, a default
timestamp-based rule was applied to automatically
select the most recent submission as the primary
run.

3 Data and Metrics

Test Data In contrast to the inaugural edition,
which evaluated systems exclusively on the scien-
tific presentations domain, the 2026 campaign ex-
panded the evaluation scope to cover a heteroge-
neous multi-domain suite of test sets. This year’s
framework featured five common domains shared
across both target languages (English→German
and English→Chinese): TV Series, Scientific
Presentations, Call Center two-person conversa-
tions, YouTube videos, and Business News. Ad-
ditionally, the Accented English Conversations
dataset was included among the test data for the
English→German direction. Since these evalua-
tion materials are identical to those utilized in the
Offline task for the respective language pairs, we
refer the reader to Section I for a comprehensive
description of the datasets, including their origin,
acoustic conditions, and specific challenges.

Training and Development Data As in the pre-
vious campaign, participants could submit sys-
tems developed under two distinct data condi-
tions, which were differentiated by the resources
permitted to assist the model compression work-
flow (such as post-compression fine-tuning after
23https://speechm.cloud.cyfronet.pl/0000
005
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pruning or quantization, or student-model train-
ing via knowledge distillation from the larger
teacher model). Under the constrained set-
ting, participants were strictly limited to utilizing
the ACL60/60 dataset.24 This corpus, domain-
consistent with one of the evaluation sets (Scien-
tific Presentations), features identical sizing and
source audio content for both language directions.
Conversely, the unconstrained condition imposed
no restrictions on data usage, thereby allowing
teams to leverage any external or proprietary re-
sources to optimize their compressed models.

4 Baselines

As baselines for the task, we provide two mod-
els. The first baseline is the full precision
model. The second is a 4-bit quantization
of the model. We adopt a 4-bit quantiza-
tion strategy implemented through the bitsand-
bytes25 library. The model weights are loaded
in 4-bit precision (load in 4bit=True). We
use the NormalFloat4 (NF4) quantization for-
mat (bnb 4bit quant type="nf4"), a data
type specifically designed for normally distributed
neural network weights (Dettmers et al., 2023),
as NF4 has been shown to provide better re-
construction fidelity than standard uniform INT4
quantization for large language models. To fur-
ther decrease storage, we enable double quantiza-
tion (bnb 4bit use double quant=True),
where the quantization constants themselves
are quantized. Computations during inference
and adaptation are performed in half precision
(bnb 4bit compute dtype=float16), as
operations in lower bit rates are more efficient only
on recent GPUs and not in older ones used by the
organizers (ie. Ampere GPUs).

In both cases, the inference has been con-
ducted on segments obtained by segmenting the
audios with SHAS (Tsiamas et al., 2022) using
18 seconds as maximum value for all datasets but
CHALLENGEACCENT, which contains short au-
dio segments.

5 Submissions

The task has received 3 submissions, two for the
en-de language pair, one of en-zh:

24https://aclanthology.org/attachments/2
023.iwslt-1.2.dataset.zip

25https://github.com/bitsandbytes-foundat
ion/bitsandbytes

KIT Two submission have been prepared: con-
trastive1 and contrastive2, which has been elected
as the primary, since it was the last submission.
In both cases, the base model has first been fine-
tuned for the speech translation task, to start from
a stronger model before compressing it. Their sub-
mission mostly relies on HQQ quantization, whihc
minimizes the error in the reconstructed weights,
where the error is defined as the euclidean norm
of the difference between the original weight ma-
trix and the reconstructed one after quantization
(Badri and Shaji, 2023). 4-bit HQQ is applied to
the linear layers, while 2-bit quantization to the
embedding table, using a group size of 128, which
means that the quantization parameters (weights
and scales) are computed separately for blocks of
128 weights). Lastly, they select 4 MLP layers to
quantize with 3 bits instead of 4 bits, using sen-
sitivity selection, in which the cross-entropy with
respect to the full precision model on the valida-
tion set is the sensitivity score. This corresponds
to their contrastive1 submission, while the primary
submission (contrastive2) includes a further cali-
bration step based on AWQ (Lin et al., 2025).

APG This submission focuses on a selective
quantization of the model for en-zh. Specifi-
cally, it applies compression strategies only to the
weight matrices of linear layers. It validated both
compressing all linear layers and selecting only
the linear layers correpsonding to the MLP com-
ponent of the Transformer layers. The compres-
sion is done using the quantization provided by the
numcodecs library with either 2 o 3 bits. In ad-
dition, it further reduces the storage size of the re-
sulting weight representation by means of the Zs-
tandard compression algorithm.

TalTech This submission focuses on efficient
neural model compression through a combination
of low-bit quantization and adaptation techniques
for en-de. It applies uniform INT4 quantization to
substantially reduce model storage. To mitigate
the degradation typically introduced by aggres-
sive quantization, it employs quantization-aware
parameter-efficient fine-tuning (PEFT), enabling
the model to adapt to low-precision representa-
tions with minimal trainable parameters. Lastly,
it incorporates self-distillation, where the com-
pressed model is guided by the predictions of the
original higher-precision model under controlled
optimization constraints.
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6 Results and Discussion

Appendix B.5 reports the COMET scores obtained
by the submitted systems for the two language
pairs. Overall, the proposed quantization approach
achieves substantial model size reductions while
largely preserving translation quality. In particu-
lar, the compressed models require 4–6GB of stor-
age, with a 2.7-4X reduction with respect to the
full-precision baseline.

For the English–Chinese (en–zh) direction, the
4-bit baseline surprisingly achieves slightly higher
scores than the corresponding full-precision base-
line. This result suggests that the NF4 quantiza-
tion can act as a form of regularization, mitigat-
ing overfitting effects while preserving the capac-
ity of the original model. In contrast, for English–
German (en–de), compression leads to consistent
but moderate degradations across all datasets. This
different behavior across language pairs may be
related to the fact the Qwen has much larger Chi-
nese data in its training than German data and
might uncover another source of exacerbation of
the performance gap between high-resource and
lower-resource languages. However, this finding
has to be confirmed with a broader investigation
covering more models, language pairs, and test
sets.

Looking at the en-de results in Table 29, KIT
obtains the strongest overall performance across
most datasets. However, its results on the CHAL-
LENGEACCENT subset are noticeably weaker. A
likely explanation is that their initial fine-tuning
did not adequately cover accented speech condi-
tions, although a more detailed analysis would be
required to confirm this hypothesis. Looking at
the results of other models, it does not seem likely
that the gap is due to a peculiarity of the quanti-
zation procedure that makes the model weaker for
accented data. TalTech exhibits a markedly differ-
ent behavior, achieving competitive performance
only on CHALLENGEACCENT, where it outper-
forms all other submissions by a large margin. No-
tably, this dataset consists primarily of short au-
dio segments. Inspection of the generated outputs
suggests that the system does not segment long
recordings into smaller chunks, instead producing
a single output sequence per audio file. This be-
havior likely explains the strong degradation ob-
served on datasets containing longer utterances,
where the model under-generates.

Moving to en-zh, a similar issue (under-

generation) is observed for the APG submission.
The total number of generated characters is sub-
stantially lower than that of the baselines (39k
characters vs 86k–98k), indicating severe under-
generation. As a consequence, direct comparison
between systems becomes difficult, since some of
the lower evaluation scores may reflect incomplete
outputs due to suboptimal splitting of the source
audio rather than pure translation quality differ-
ences.

Overall, the shared task results demonstrate that
aggressive quantization can reduce model size by
4 times while retaining performance close to, and
in some cases exceeding, that of the full-precision
models. Quantization has emerged as the to-go ap-
proach for all submission, while pruning has not
been equally investigated. These findings high-
light the practical viability of quantization-based
approaches for deploying large speech translation
systems in resource-constrained environments, al-
though they also demonstrate that compressing for
very low-resource settings, where a 4GB system is
still too big, is a challenging problem yet to be ad-
dressed for speech translation.
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Track IV Subtitling track
1 Introduction

In recent years, the task of automatically creating
subtitles for audiovisual content in another lan-
guage has gained significantmn attention due to
the rapid increase in the global distribution and
streaming of movies, series, and user-generated
videos. Reflecting these trends, the automatic sub-
titling trackmn was introduced for the first time in
2023 (Agarwal et al., 2023) and proposed again
in 2024 (Ahmad et al., 2024) and 2025 (Abdul-
mumin et al., 2025) as part of the IWSLT Evalua-
tion Campaigns. For this year’s round of the task,
participantsmn were asked to generate subtitles in
a target language chosen from a pool of five (Ara-
bic, Chinese, German, Japanese, Spanish) from
English speech in audiovisual contentmn.

2 Task Description

The task of automatic subtitling is multifaceted:
starting from speech, not only must the transla-
tion be generated, but it must also be segmented
into subtitles that comply with constraints ensur-
ing a high-quality user experience. These con-
straints include proper reading speed, synchrony
with the voices, the maximum number of subti-
tle lines, and the maximum number ofmn charac-
ters per line. Most audio-visual companies define
their own subtitling guidelines, which can differ
slightly depending on the content type, platform
requirements, and the cultural or linguistic expec-
tations of the target audience.mn We asked IWSLT
participants to generate subtitles according to spe-
cific guidelines provided by TED26 and Netflix
(for Japanese27 and Chinese28), including:

• Maximum subtitle reading speed:
– 21 characters per second for Arabic, German

and Spanish
– 4 characters per second for Japanese (half-

width characters counted as 0.5)
– 9 characters per second for Chinese

• Maximum line length:

26https://www.ted.com/participate/transl
ate/subtitling-tips

27https://partnerhelp.netflixstudios.com
/hc/en-us/articles/215767517-Japanese-T
imed-Text-Style-Guide

28https://partnerhelp.netflixstudios.com
/hc/en-us/articles/215986007-Chinese-S
implified-Timed-Text-Style-Guide

– 42 characters per line for Arabic, German and
Spanish

– 13 characters per line for Japanese (half-width
characters counted as 0.5)

– 16 characters per line for Chinese
including white spaces

• Maximum lines per subtitles: 2 for all the
languagesmn

Participants were expected to use only the audio
track from the provided videos (dev and test sets),
as the video track could be either of low quality
and primarily intended to check the temporal syn-
chronicity and other aspects of displaying subtitles
on screen, or not provided at all.

Subtitles had to be generated for three kinds
(domains) of audiovisualmn documents, all featur-
ing English as the spoken language:
• ITV29 entertainment series, to be subtitled in

Chinese, German, Japanese, and/or Spanish
(Europe)

• economic news programs from the Asharq-
Bloomberg platform,30 to be subtitled in Ara-
bic, Chinese, German, and/or Japanese

• audio recordings from the YODAS YouTube
dataset,31 to be subtitled in Chinese, German,
and/or Japanese.
Audio-visual documents of development and

evaluation sets were provided in MP4 format
(asharq-bloomberg and ITV) and WAV format
(YODAS); subtitles of development sets were re-
leased in SRT (SubRip File Format) UTF-8 en-
coded files, the same format required for submis-
sions.

3 Data and Metrics

Data. This track proposed two training data con-
ditions:32

• Constrained: the official training data condi-
tion, in which the allowed training data is limited
to a medium-sized framework to keep the train-
ing time and resource requirements manageable;

• Unconstrained: a setup without data restric-
tions (any resource, pre-trained language mod-
els included, can be used) to allow also the par-

29https://www.itvstudios.com
30https://asharqbusiness.com
31https://huggingface.co/datasets/espnet
/yodas

32https://iwslt.org/2026/subtitling#trai
ning-and-data-conditions
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ticipation of teams equipped with high compu-
tational power and effective in-house solutions
built on additional resources.
For each language and domain, a development

set (dev2026) and an evaluation set (test2026)
were released; in addition, where available, test
sets of previous evaluations (tst2023, tst2024 and
tst2025) were provided as well for measuring
progress over years. Table 8 shows some statistics
on these sets.

task set AV hh: #ref subtitles
docs mm ar de es ja zh

IT
V

dev26 3 2:25 - 1516 1526 1613 1522
tst23 7 6:08 - 4806 4896 - -
tst24 7 5:54 - 4568 4532 - -
tst25 3 2:07 - 1845 - - -
tst26 3 2:16 - 1488 1507 1511 1506

A
sh

ar
q-

-B
lm

br
g dev26 2 3:02 2974 3676 - 3796 3329

tst25 2 3:03 2759 3543 - - -
tst26 1 1:34 1476 1686 - 2262 2281

Y
O

-
D

A
S dev26 6 1:40 - 2344 - 2746 2442

tst26 5 1:35 - 1795 - 2579 2497

Table 8: Statistics of the dev and evaluation sets for the
subtitling task.

Metrics. The evaluation was carried out from
three perspectives, subtitle quality, translation
quality, and subtitle compliance, through the fol-
lowing automatic measures:
• Subtitle quality vs. reference subtitles:

– SubER (↓)mn, primary metric, used also for
ranking (Wilken et al., 2022);33

• Translation quality vs. reference translations:
– BLEU (↑)mn34 and CHRF (↑)mn35 via sacre-

BLEU (Post, 2018); BLEU scores are
computed using the following tokenization
schemes: “13a” for Arabic, German, and
Spanish; “ja-mecab” for Japanese; and “zh”
for Chinese.

– BLEURT (↑)mn (Sellam et al., 2020).
Before metric computation, automatic subtitles
are realigned with the reference subtitles using
mweralign (Post and Hoang, 2025), which
implements a variant of the AS-WER algo-
rithm (Matusov et al., 2005),36 by applying the
tokenization methods listed above.

33github.com/apptek/SubER
34sacreBLEU signature: nrefs:1|case:mixed|eff:
no|tok:X|smooth:exp|version:2.0.0

35sacreBLEU signature: nrefs:1|case:mixed|eff:
yes|nc:6|nw:0|space:no|version:2.0.0

36www-i6.informatik.rwth-aachen.de/web/Software/
mwerSegmenter.tar.gz

• Subtitle compliance:37

– rate of subtitles with more than 21/4/9 charac-
ters per second (CPS);

– rate of lines longer than 42/13/16 characters,
whitespace included (CPL);

– rate of subtitles with more than 2 lines (LPB).

4 Submissions

The subtitling track saw the participation of three
teams: APPTEK, the MT unit of Fondazione
Bruno Kessler (FBK), and Huawei Translation
Service Center (HW-TSC). The details about the
participants’ systems are provided below.

AppTek: The APPTEK38 system is a cascade of
ASR, MT, and ILS components. To a large ex-
tent it follows last year’s submission (Petrick et al.,
2025), but has been extended by LLM-based auto-
matic post-editing.

ILS is AppTek’s Intelligent Line Segmentation.
It creates the subtitle structure from timed ASR
output, extracts full sentences from it, and then
inserts the translations of these sentences with
proper line breaks as predicted by its neural clas-
sifier, at the same time respecting subtitling con-
straints. Subtitle timings are set from the word
timings as predicted by the ASR system, but are
extended where possible to fulfill a reading speed
limit of 17 characters per second on the English
side before translation.

The ASR system is AppTek’s hybrid ASR pro-
duction model. For ITV and YODAS, a variant of
this model is used that is additionally trained on
media and entertainment content from AppTek’s
customer Deluxe. Separate punctuation, casing,
and inverse text normalization models are used to
post-process the raw ASR output.

The MT systems are variants of Transformer
Big that support additional metadata inputs, in par-
ticular genre, speaker gender, and length class.
Genre is set to ”dialogs” for the ITV and YO-
DAS domains and ”news” for the Asharq domain.
For ITV English-to-Spanish, automatic gender de-
tection from speech is used to set the MT gender
input. In cases where an initial translation can-
not be distributed into the source subtitle struc-
ture, the length parameter is used in an iterative
way to shorten the translation until ideally all sub-
title constraints (CPS, CPL, LPB) are fulfilled.
37github.com/hlt-mt/FBK-fairseq/blob/master/examples/

speech to text/scripts/subtitle compliance.py
38www.apptek.ai
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For Japanese and some of the German submis-
sions, strict following of the CPS constraint is dis-
abled as it avoids a large drop in MT metrics and
also matches the low compliancy of the human
references. For YODAS, AppTek’s general do-
main production models are used. For ITV, mod-
els fine-tuned on large amounts of subtitle con-
tent provided by Deluxe are used. For Asharq,
the English-to-Arabic system is fine-tuned on fi-
nancial news data available to AppTek as part
of their cooperation with Asharq business with
Bloomberg. For German and Japanese, fine-
tuning was done by mining in-domain data from
the mixed-domain training data based on embed-
ding similarity to the Asharq dev2026 set. For
Chinese, the general domain MT is used as the
above fine-tuning did not yield improvements.

For the domains of YODAS (all target lan-
guages) and ITV (except Japanese), AppTek’s pri-
mary submissions also include automatic post-
editing of AppTek’s NMT output with OpenAI’s
gpt-4o model. For this, each English SRT file (ob-
tained from ASR+ILS) is first split into several
parts using a dynamic programming segmenta-
tion algorithm that favors long pause durations be-
tween parts but penalizes too few or too many sen-
tences in each part (with a target of 20 sentences
per part). Processing parts of approximately this
size allows the LLM to exploit enough context
to produce high-quality post-edits, while avoid-
ing hallucinations or failure to follow prompt in-
structions. For each part, full sentences and their
NMT translations obtained as described above are
sent to OpenAI’s API with prompt instructions to
fix errors only when absolutely necessary, includ-
ing errors propagated from ASR, while not alter-
ing the order, number, and length of the translated
sentences. The post-edits are then processed by
ILS, so that the resulting subtitles have proper line
segmentation and fulfill CPL and, in most cases,
LPB constraints. For the Asharq domain, no such
automatic post-editing was performed. Here, con-
trastive submissions either differ in the MT fine-
tuning domain (general for Ja, Deluxe media for
Zh), or consideration of the CPS limit for MT
length control (disabled for Ar, enabled for De).

FBK: The FBK automatic subtitling system is a
two-stage ASR-MT cascade built exclusively from
freely available open-source components (Cettolo
et al., 2026b).

The first stage constitutes the baseline pipeline

used for the Contrastive 1 submission. Au-
dio is first segmented by SpeechBrain VAD (SB
VAD), then transcribed by Whisper large-v3,
which natively produces time-aligned SRT output.
Each subtitle block is subsequently translated by
MADLAD-400-10B-MT using 4-beam decoding,
and the resulting translations replace the source
transcripts in the SRT file.

Stage 2 introduces a sentence-aware refinement
step aimed at improving textual quality; its output
was submitted as the FBK Primary run. Adja-
cent SB VAD segments are aggregated into longer
units, subject to proximity (< 10 s gap) and dura-
tion (≤ 600 s) constraints, and re-transcribed using
VOXTRAL, an ASR model whose 32k-token con-
text window yields higher accuracy on long-form
audio than Whisper-based models. The resulting
text is split into sentence units by punctuation cues
and translated by MADLAD-400-10B-MT. The
sentence-level translations are then word-level re-
aligned to the Stage 1 subtitles via mweralign,
and inserted into the original SRT template, pre-
serving subtitle synchronization while leveraging
broader linguistic context.

Both stages are followed by post-processing
steps that enforce subtitle compliance: end times-
tamps are extended where reading speed thresh-
olds are exceeded (21/9/4 cps for non-CJK, Chi-
nese, and Japanese, respectively); overly long sub-
titles are split across lines or blocks; and consec-
utive n-gram repetitions - a known hallucination
pattern of both ASR and MT models - are re-
moved.

FBK also submitted a Contrastive 2 run
generated by a system that follows the same base-
line architecture but relies on different models:
SHAS for audio segmentation, Faster Whisper for
ASR, and a smaller MADLAD-400 (3B) model
for MT.

HW-TSC: The HW-TSC system (Lan et al.,
2026b) adopts a cascaded pipeline for automatic
subtitle generation, articulated into three main
stages: streaming speech recognition, machine
translation, and subtitle compression.

The speech recognition stage is built upon the
Qwen3 model family and integrates several com-
ponents designed for long-form audio process-
ing. Voice activity detection first filters out silent
segments, after which a sliding-window mecha-
nism performs streaming audio segmentation with
two-second windows, maintaining cached con-
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textual information to ensure output coherence.
During inference, audio features extracted by the
encoder are fused with textual prompts and de-
coded efficiently via the vLLM framework, with
length-based filtering applied to suppress hallu-
cinations. A forced alignment module then es-
tablishes token-level temporal synchronization be-
tween the transcribed text and the corresponding
audio signal, producing timestamped transcripts of
high precision.

A text preprocessing step follows, merging
consecutive ASR segments at the semantic level
based on sentence-ending punctuation and enforc-
ing word-count constraints informed by the length
ratio between English and the target (Chinese) lan-
guage. This ensures that subtitle blocks are both
semantically coherent and compliant with display
space limitations before being passed to the trans-
lation module. Machine translation is handled by a
dedicated Qwen3-based model. Since timestamps
are already accurately assigned at the recognition
stage, only the textual content is translated while
all temporal information is preserved unchanged.

The final stage addresses subtitle compres-
sion. Non-compliant segments, those exceeding
the CPS or CPL thresholds, are identified auto-
matically and subjected to a two-stage rewriting
procedure using Qwen3-32B. A first pass applies
greedy decoding at temperature 0, removing only
redundant auxiliaries and conjunctions; if con-
straints are still unsatisfied, a second pass with
temperature 0.3 performs deeper compression, al-
ways retaining proper nouns and core semantic
content.

HW-TSC submitted Primary Chinese subti-
tles generated for each of the three domains.

5 Results

Scores on submitted runs are shown in Ta-
bles 31, 32 and 33 for Asharq-Bloomberg, YO-
DAS and ITV domains, respectively.

The YODAS domain was introduced this year,
so no comparison with previous editions is pos-
sible. In contrast, for Asharq-Bloomberg and es-
pecially for ITV, primary runs from systems that
participated in past editions of the shared task
are available. Specifically, for Asharq-Bloomberg,
which was introduced in 2025 (for Arabic and
German), results are available from APPTEK, the
sole participant in that edition; for ITV, which has
been part of the shared task since its inaugural edi-

tion in 2023 (for German and Spanish), results are
available from all participants across the various
test sets and editions. To avoid overloading the ta-
bles, we restrict the reported ITV results to those
obtained on the tst23 set, omitting those on more
recent legacy test sets, namely tst24 and tst25.

Starting from the tst26 results, the most im-
mediately striking observation concerns Japanese
subtitles across all three domains, which exhibit
comparatively low scores in terms of SubER,
translation quality metrics, and CPS. Regarding
CPS in particular, the phenomenon may be a di-
rect consequence of the extremely strict threshold
(4 cps) imposed for Japanese, especially given that
the reference subtitles themselves display an un-
usually low CPS. For instance, the CPS of the ITV
dev26 reference SRT files is 44.89%. A modest re-
laxation of the reading speed threshold, from 4 to
6, raises that figure to 95.74%, supporting the in-
tuition that low CPS scores on submitted runs may
reflect the severity of the threshold rather than ac-
tual subtitle non-compliance.

The bad SubER and translation quality scores
observed in general for automatically created
Japanese subtitles may be attributable to word-
level segmentation: Japanese does not natively use
whitespace to delimit word boundaries, making
explicit segmentation necessary both for subtitle
alignment (via mweralign) and for score com-
putation. Ambiguities or even errors in automatic
word segmentation could negatively affect both
operations, and this may account for the observed
issue. In support of this hypothesis, we consider
ChrF scores, which are sensitive to word-level
segmentation during hypothesis re-segmentation
against references but not during evaluation it-
self. The official ChrF scores of APPTEK’s pri-
mary ITV runs for Japanese and Chinese are 12.19
and 28.14, respectively (Table 33). By bypassing
Japanese word-level re-segmentation and evaluat-
ing hypotheses against references as single long
character-level strings, ChrF rises to 28.18 for
Japanese and 35.52 for Chinese. Note that Chi-
nese evaluation is performed directly at the char-
acter level and is therefore largely unaffected by
word-segmentation ambiguities. The resulting re-
duction of the gap between the two languages from
16 to 7 points suggests that the underlying transla-
tion quality is not as divergent as the official scores
would indicate.

Across primary runs on tst26, the following ob-

355



servations can be made:
• APPTEK systems rank first under virtually all

metrics, with only two exceptions:
• for Chinese subtitles in the Asharq-Bloomberg

domain, where HW-TSC stands out, particularly
in terms of translation quality;

• for German subtitles, again in the Asharq-
Bloomberg domain, where FBK achieves no-
tably better overall quality (SubER) and trans-
lation scores.

Regarding the comparison with past editions in the
Asharq-Bloomberg domain, APPTEK’s 2026 and
2025 systems perform on a par on the Arabic tst25
section (SubER of 61.64 and 62.13, respectively),
whereas on the German section this year APPTEK

seems to have prioritised translation quality over
compliance: BLEURT improved from .6020 to
.6234, while CPS dropped from 92.44 to 73.50.

For ITV, the numerous runs available on tst23
for both German and Spanish reveal a general up-
ward trend in performance over the years. Trans-
lation quality in particular has improved substan-
tially: the best primary BLEURT scores in 2023
were .4438 for German and .4530 for Spanish,
rising to .5520 and .5514, respectively, in 2026.
SubER and CPS, by contrast, are more volatile,
with peak values not necessarily achieved by the
most recent systems, a sign that the optimal trade-
off between translation quality and compliance
with subtitling spatiotemporal constraints has yet
to be conclusively resolved.
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Track V Simultaneous track
1 Introduction

Simultaneous speech translation (SIMULST)
translates source-language audio into target-
language text concurrently with the incoming
speech. Similar to offline speech translation (ST),
SIMULST aims to maximize translation quality.
At the same time, the real-time constraint requires
the system to produce output immediately as
the speech is being received (Laplante, 1992).
The core challenge of SIMULST is to balance
translation quality and latency: the longer the
system waits to acquire more context, the better
the translation quality, but the higher the latency.

Historically, this quality-latency tradeoff was
evaluated in a simplified setting where the au-
dio input was pre-segmented into small chunks of
a few seconds, typically aligning with sentence
boundaries. However, for the second consecu-
tive year, the focus of the IWSLT Simultaneous
Speech Translation Shared Task remains on the
more realistic setting (Papi et al., 2025) where
evaluation is conducted on raw audio streams
without any pre-segmentation. A novelty of this
year’s task is the introduction of an Extra Context
track, where systems are provided with additional
context to improve translation quality.

2 Task Description

The 2026 IWSLT SIMULST shared task is divided
into two tracks:
• Speech-to-Text: The standard SIMULST task.
• Speech-to-Text with Extra Context: A track

where systems are additionally provided with
relevant context to improve translation quality.
The task continues to focus on the long-form

speech setting, where systems operate on raw, un-
segmented audio streams. Participants are per-
mitted to use publicly available Large Language
Models (LLMs), including speech-based founda-
tion models. The task features two data condi-
tions: constrained with LLMs allowing the stan-
dard constrained data39 plus any open-weight
Large Language Model under a permissive li-
cense, and unconstrained permitting any external
resource except the official evaluation sets. Sub-
missions leveraging closed-source models are ex-
cluded from the main ranking.

39https://iwslt.org/2026/simultaneous#tr
aining-data-and-data-conditions

2.1 Latency Regimes

Participants’ systems are evaluated in one of two
latency regimes that are shared across all lan-
guage pairs:
• Low Latency: 0–2 seconds.
• High Latency: 2–4 seconds.
Latency is measured using the non-computation-
aware LongYAAL (Polák et al., 2025) on the de-
velopment set, which is then used to assign sys-
tems to their respective latency regimes.

2.2 Submission Format

Participants are allowed to use the SimulStream
or SimulEval toolkits, although the use of Simul-
Stream is strongly encouraged. Participants are
offered two options for submitting their simulta-
neous translation systems:
• Docker Image Submission (Preferred): Under

this setup, the organizers run the participants’
systems in a controlled environment equipped
with a single NVIDIA H100 GPU (80 GB of
memory). This allows for a direct comparison
of computation-aware latency metrics.

• System Log Submission: Alternatively, partic-
ipants can submit their system translation out-
puts and timestamps generated locally using ei-
ther the SimulStream log format or the legacy
SimulEval JSONL format. While computation-
aware latency is reported, it cannot be compared
directly due to hardware discrepancies.

Regardless of the submission format, participants
must submit their translation logs on the develop-
ment set—MCIF (Papi et al., 2026b) or the dedi-
cated Czech-to-English dev set—to determine the
latency regime of their systems.

3 Data and Metrics

3.1 Data

The evaluation features four language direc-
tions: English→{German, Chinese, Italian} and
Czech→English. The evaluation datasets consist
of long-form, unsegmented audio recordings of
talks or news broadcasts.

For the English-to-X directions, the evaluation
datasets are as follows:
• Main Evaluation Domain (ACL Talks): Com-

prises oral presentations from ACL conferences.
For the Speech-to-Text with Extra Context sub-
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track, the systems are provided with the corre-
sponding ACL paper PDFs.

• Optional Evaluation Domain (Asharq-
Bloomberg News): A single two-hour
recording of business news produced by Asharq
Business with Bloomberg.

• Optional Evaluation Domain (YODAS):40

Five audio recordings (ranging from 10 to 30
minutes) from the YouTube-Oriented Dataset
for Audio and Speech. The “en003” partition
of the dataset is strictly held out from training.
For the Czech-to-English direction, the datasets

comprise:
• Main Evaluation Domain (Political Confer-

ence Talks): The development set consists of
recordings of the Chamber of Deputies’ meet-
ings from the Czech Parliament (2024–2025).
The test set comprises recordings from the Me-
dia and Ukraine conference held in Prague in
June 2025.

3.2 Metrics
Each system is evaluated in terms of quality and
latency. The entire evaluation is conducted using
the OmniSTEval41 toolkit on re-segmented out-
puts. This re-segmentation is based on the align-
ments between reference translations and system
outputs, computed via SoftSegmeter (Polák et al.,
2025). For translation quality, the primary met-
ric is COMET-XL (Guerreiro et al., 2024). For
consistency with previous years, we also report
SacreBLEU. For latency, we report LongYAAL as
the primary metric, alongside StreamLAAL (Papi
et al., 2024)42 for comparison.

4 Submissions

CUHKSZ (Yang and Nakamura, 2026) par-
ticipated in the English→{Chinese, German} lan-
guage directions in the standard and extra-context
tracks. Their end-to-end streaming agent is de-
veloped with the multimodal Qwen3-Omni-30B-
A3B model (Qwen et al., 2025) as the back-
bone. The agent generates translation hypotheses
by 1) feeding each incoming audio window as a
new user turn in a multi-turn conversation setup,
and 2) applying a strict set of emission controls
to ensure every decision step complies with the
40https://huggingface.co/datasets/espnet
/yodas

41https://github.com/pe-trik/OmniSTEval
42Notably, StreamLAAL uses a different segmenter, mW-

ERSegmenter, instead of SoftSegmeter.

computation-aware latency budget. During infer-
ence time, the system relies on the internal pol-
icy generated by the LLM itself—i.e., a dedicated
<wait> token for the READ action, and WRITE

otherwise—which is fine-tuned on syntax-aware
chunks (Yang et al., 2026). For the extra context
track, along with the audio chunk, the agent ex-
tracts per-talk named entities (for low-latency) or
full paper abstracts (for high-latency), and injects
them to the system prompt.

CPII-HK (Xing et al., 2026) participated in all
language pairs of the standard track. Their solu-
tion adopts a test-time approach derived from the
wait-k policy (Ma et al., 2019) applied to offline
models (Papi et al., 2022), specifically Qwen3-
Omni (Qwen et al., 2025). The inference is con-
ducted by using a multi-turn conversation strategy
(Ouyang et al., 2025), where each user message
contains a new audio chunk and each assistant re-
sponse provides the accumulated translation. The
long-form processing is achieved by leveraging a
VAD, Silero (Silero Team, 2021), in a hybrid man-
ner (Gaido et al., 2021a) with minimum and max-
imum durations. Since multi-turn conversations
leads to growing context, response prefilling and
KV caching (Pope et al., 2023) were used.

MLLP-VRAIN UPV (Iranzo-Sánchez et al.,
2026) participated in all language direction in
the standard track, and in English→{German, Ital-
ian, Chinese} of the context-augmented track.
The submission is based on the last year’s sys-
tem (Iranzo-Sánchez et al., 2025), specifically, on
the cascade of Parakeet (Sekoyan et al., 2025a)
and Qwen 3.543 models. The system adopts a
Longest Common Prefix (LCP) policy (Liu et al.,
2020; Polák et al., 2022) with relaxed constraints,
SoftLCP, leveraging the Ratcliff/Obershelp (RO)
pattern recognition algorithm (Ratcliff and Ober-
shelp, 1841). The core idea to identify ”anchor”
tokens via RO and greedily accept all preceding
tokens, propagating committed output more fre-
quently than regular LCP. The long-form process-
ing is based on an audio buffer that accumulates
the input chunks, pushing old chunks out of the
buffer when the maximum length is reached. At
decoding time, the entire content of the buffer
is provided to the model, and, to avoid output
repetitions, timestamp-based repetition control is
adopted by selecting tokens with time overlaps of

43https://qwen.ai/blog?id=qwen3.5
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the preceding decoding steps.

PINCH-AST (Bentes and Safka, 2026) partici-
pated in all four language pairs in the standard
track. Their cascaded system consists of three ded-
icated components: 1) an ASR model of either
Parakeet-TDT-0.6B-v3 (for the Czech→English
direction) or Qwen3-ASR-1.7B (for the other
three; Shi et al. 2026); 2) a Qwen3.5-4B-based
translation model; and 3) the SimulStream emis-
sion layer (Gaido et al., 2025) with character-level
and CJK-aware LCP re-translation policy. Long-
form audio processing is handled by feeding the
entire accumulated audio chunk since the last ut-
terance boundary and its full transcription as the
current hypothesis to the ASR model, while also
applying character-level LCP across consecutive
hypotheses to identify the stable transcript prefix.

NEMO (Grigoryan et al., 2026) participated in
all language directions in the standard track, ex-
tra context track, and in the optional tracks for
Bloomberg News and YODAs. Their submission
is a cascaded system featuring models from the
Parakeet family for ASR44 and Qwen 3.5-based
LLMs37 used for translation. Regarding long-form
segmentation, they relied on the NVIDIA NeMo
streaming inference framework (Kuchaiev et al.,
2019) with translation beginning upon consecu-
tive end-of-utterance tokens being emitted by the
transducer. For translation, they leverage the LCP
policy. Regarding the extra context track, their
submission differs from the baseline in that the
context extraction pipeline is more fine-grained
and engages in further preprocessing and postpro-
cessing of the extracted text.

CUNI-POCKET (Ortega and Macháček, 2026)
participated in three of the four language pairs
in the standard track (English→Chinese is not in-
cluded). Their system is particularly notable for
how compact and efficient it is: the neural network
component is a Canary model composed of 1B
parameters,45 making it particularly suitable for
edge devices and other low resource applications.
Regarding the structure of their system, they cus-
tomize the Canary 1B model to incorporate Alig-
nAtt (Papi et al., 2023) for making emission deci-
sions. Similar to some other works, they maintain

44https://huggingface.co/nvidia/parakeet
-unified-en-0.6b

45https://huggingface.co/nvidia/canary-1
b-v2

a sliding window of context on the audio side, ac-
cumulating the last 30 seconds of audio for use
by their system. This is all executed on an adapted
version of the NVIDIA NeMo streaming inference
framework (Kuchaiev et al., 2019).

CUNI-ALIGN (Fuxa and Macháček, 2026)
participated in three of the four language pairs
in the standard track (Czech→ English is not in-
cluded). This system positions itself uniquely
as one that leverages decoder-only LLMs but
still integrates an adapted version of the Alig-
nAtt policy for emission decisions (Papi et al.,
2023). Their system is composed of the Qwen3-
ASR-1.7B model (Shi et al., 2026) cascaded with
Gemma 4 E4B-it46 for simultaneous translation.
The adaptation of AlignAtt to decoder-only mod-
els is done by providing the source transcript, pro-
duced by Qwen3-ASR, in the prompt (together
with the already accepted target prefix, and a
fixed translation instruction), selecting a small set
of translation-specific self-attention heads offline
(following BINBINLIU et al. 2026), and accept
only partial translation hypotheses whose recon-
structed attention signal remains within the cur-
rently available source frontier. To make the cas-
caded system fast, vLLM (Kwon et al., 2023) is
used as a backbone.

UW (Pong, 2026) participated in three of the
four language pairs in the standard track (Czech→
English is not included). The system uses dynamic
attention masking to constrain the encoder looka-
head during training based on the predictions of
per-layer schedulers injected into its Conformer
encoder. It is built upon SeamlessM4T-medium
(Seamless Communication et al., 2023) with full
fine-tuning of the additional scheduler parameters
and LoRA adapters applied to the self-attention
layers. In inference, two different strategies are
compared: the sliding window retranslation (Sen
et al., 2022) and StreamAtt (Papi et al., 2024) with
a modification of its cutoff implementation using
the proposed schedulers.

5 Results

The results for English→German are avail-
able in Table 35, for English→Chinese in Ta-
ble 36, for English→Italian in Table 37, and for
Czech→English in Table 34. We also provide
quality-latency tradeoff figures in Figures 4 to 7.
46https://huggingface.co/google/gemma-4-E4B-it
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Main Results Across all language pairs and
evaluation sets, the expected quality-latency trade-
off between the low- and high-latency regimes
is generally observable, though it is not uniform
across all systems. In most cases, the high-latency
regime yields superior translation quality com-
pared to the low-latency regime, although the per-
formance gains are often modest for the strongest
systems. Due to the aforementioned latency mea-
surement issues, several systems exhibit higher la-
tencies on the test sets than their development set
metrics initially suggested at the time of submis-
sion, explaining the unusually large latency values
reported in the results tables.

Based on the results within individual latency
regimes (see Tables 34 to 37), the NEMO sub-
mission ranks first, demonstrating highly consis-
tent performance across the various evaluation sets
and latency regimes. In terms of absolute per-
formance, MLLP-VRAIN UPV delivers robust
results in the high-latency regime. However, it
shows a more pronounced quality drop in the
low-latency regime compared to all other submis-
sions. The baseline system is consistently outper-
formed by most submissions, often by substantial
margins, validating the efficacy of the proposed
methodologies.

Quality-Latency Tradeoff Based on the
quality-latency tradeoff (see Figures 4 to 7), we
observe that the NEMO submission is part of
the Pareto frontier in all language pairs. How-
ever, other submissions, such as CUHKSZ in
English→German, CUHKSZ, CPII-HK, and
MLLP-VRAIN UPV in English→Chinese,
and CUNI-ALIGN and MLLP-VRAIN UPV
in English→Italian, are also part of the Pareto
frontier.

Out-of-domain Latency Spike Interestingly,
the YODAS test set consistently induces the high-
est latencies across all language pairs, averaging
approximately 1.0 second higher than the other
evaluation sets. This latency increase is likely
driven by the domain mismatch and distinct acous-
tic characteristics of the YouTube-sourced YO-
DAS data compared to the other talk- and news-
oriented datasets.

Computation-aware Latency Computation-
aware latency metrics are generally not available
for all submissions, therefore we cannot draw firm
conclusions on the computation-aware latency

performance. On average, the computation-aware
latency is approximately 0.3 seconds higher than
the non-computation-aware baseline. Interest-
ingly, the compact CUNI-POCKET submission,
the only end-to-end submission, which relies on
a single 1B-parameter model, exhibits the largest
difference between computation-aware and non-
computation-aware latency (by more than 0.4
seconds), despite expectations that smaller models
would incur lower computational overhead.

Ranking and Metric Correlation Rankings on
the development set generally mirror those on the
test sets, indicating the robustness of the evalu-
ation setup and the absence of obvious overfit-
ting. The only exception is the MLLP-VRAIN
UPV system, which ranks higher on the devel-
opment set than on the test sets. While chrF,
BLEU, and COMET scores are generally well-
correlated, some exceptions exist. For example,
in many cases, the MLLP-VRAIN UPV sys-
tem achieves higher lexical metric scores (chrF
and BLEU) than other systems that are ranked
higher according to COMET. This discrepancy is
most prominent in the English→Chinese direc-
tion, where MLLP-VRAIN UPV outperforms
the higher-ranked NEMO submission by an aver-
age of 1.6 chrF and 1.7 BLEU points, despite scor-
ing 0.067 points lower in COMET.

Impact of additional context This year’s si-
multaneous translation shared task introduces a
subtrack in which participants may use addi-
tional context relevant to the source speech. For
ACL talks, this context is the corresponding pa-
per PDF. We received three submissions to this
subtrack, from CUHKSZ, MLLP-VRAIN UPV,
and NEMO. In the low-latency regime, the NEMO

submission achieves the highest COMET scores
across all three language directions, whereas the
MLLP-VRAIN UPV achieves the best COMET
scores in the high-latency regime. To isolate
the impact of context, we compare each team’s
submissions with and without context (see Fig-
ures 8 to 10). Almost all submissions show a
positive impact of additional context, with the
exception of the CUHKSZ submission in the
English→Chinese direction, which shows a slight
decrease in COMET score when using additional
context. MLLP-VRAIN UPV shows the largest
gain, improving by an average of 2.75 COMET
points across all three language directions and la-
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tency regimes, whereas the NEMO submission
performs comparably to its context-free counter-
part. We find that the additional context has a
positive impact on entity recognition and transla-
tion if used properly, which in turn benefits overall
translation quality, as exemplified by the MLLP-
VRAIN UPV submission. The NEMO submis-
sion on the English→Chinese direction exhibits an
unusually high latency of 10.86 seconds and case
studies reveal that it often buffers an entire Chi-
nese sentence and emits it well after the corre-
sponding speech has ended.

6 Conclusions

The submissions highlight a clear trend toward in-
corporating large language models. Furthermore,
with the exception of a single end-to-end sub-
mission, all participating teams adopted cascaded
approaches. Although the quality-latency trade-
off remains generally observable across systems,
higher latency does not always yield proportional
translation quality improvements, particularly for
the top-performing submissions.

A key novelty in this year’s task was the intro-
duction of the Extra Context track, enabling par-
ticipants to leverage external document-level in-
formation. The integration of this additional con-
text demonstrated clear benefits—particularly for
resolving domain-specific vocabulary and translat-
ing specialized entities—though the magnitude of
these improvements varied significantly depend-
ing on the system’s integration strategy.

Finally, the performance degradation and la-
tency spikes observed on the YouTube-sourced
YODAS dataset underscore the ongoing challenge
of handling out-of-domain conditions.
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Track VI Indic S2S
1 Introduction

The Indic S2S shared task aims to establish a
benchmark dataset and develop speech-to-speech
(S2S) translation models for three Devanagari-
family Indian languages. Most of these languages
are severely low-resource and remain largely un-
explored in the context of S2S translation. This
poses a unique challenge, as existing pre-trained
models often struggle to generalize effectively to
such underrepresented languages. An additional
difficulty arises from the fact that many of the tar-
get languages are linguistically distant from En-
glish, further complicating translation tasks. The
two major S2S translation architectures, cascaded
and end-to-end (E2E) models, each have their own
limitations. Cascaded models are prone to error
propagation and higher latency due to their multi-
stage pipeline (Jia et al., 2019; Gupta et al., 2025).
In contrast, E2E models require large-scale par-
allel speech datasets for training, which are both
costly and time-consuming to collect (Jia et al.,
2019). Indic languages pose additional challenges,
such as morphological variation across scripts and
a lack of standardization of their tokens. These
challenges also affect the evaluation process.

The dataset we propose will serve as the first
benchmark and gold-standard resource for S2S
translation across these languages, covering three
major Indian languages. By providing this re-
source, we aim to catalyze the development of ro-
bust systems that not only advance research but
can also be deployed in real-world applications to
improve accessibility and multilingual communi-
cation.

2 Task Description

This year, Indic S2S shared track challenged the
participants to develop S2S Translation models for
Indian languages. The languages include Hindi
(Hi), Marathi (Mr), and Punjabi (Pa) from the
Devanagari family, which cover a large portion
of India’s population. However, these languages
are low-resource in the S2S domain, which makes
them challenging. The objective was to develop
either a cascaded or an end-to-end (direct) speech-
to-speech (S2S) model for the language pairs (En←→Hi, Mr, Pa). The monolingual or multilin-
gual model submissions were allowed. The S2S
translation models are invited in two setups, con-

strained and unconstrained:

Constrained In this setup, participants were al-
lowed to use only the provided dataset, which in-
cludes speech and their transcriptions. Any exter-
nal speech or text, or pretrained components, were
not allowed, except for the speech quantization
module (HuBERT (Hsu et al., 2021) and K-mean
clustering model) and the unit-vocoder in the case
of direct S2S models.

Unconstrained In the unconstrained setup, par-
ticipants were allowed to use any external speech
or text data, or any pretrained module, to build the
model. Speech and text data may include mono-
lingual as well as parallel speech and text data, in
addition to the provided dataset. Participants can
pretrain the encoder and decoder in an encoder-
decoder architecture. However, the final evalua-
tion is done on the provided test set.

3 Data and Metrics

We provided a parallel speech dataset for the three
language pairs from Indic-S2ST (Sethiya et al.,
2025) shown in Table 9. The dataset includes
parallel speech and its transcriptions. The dataset
consists of 45 hours of speech data and has 17297
utterances. We provided 3 language pairs (En←→Hi, Mr, Pa), which is an n-way parallel dataset.
The dataset consists of a train, validation, and test
set; however, we only provided the source and tar-
get for the train and validation sets. For the test
set, we provided only the source; participants sub-
mitted their predictions, and the metrics were eval-
uated by the Indic S2S organizing team. “‘

Table 9: Provided Indic-S2ST (Sethiya et al., 2025)
Dataset for Training and Evaluation

Language
Speech Hours No. of Sentences

Indic-S2ST FLEURS Indic-S2ST FLEURS
Hi 46.34 4.82 17,297 1702
Mr 46.72 6.21 17,297 1992
Pa 43.63 5.13 17,297 1588
En 37.22 4.64 17,297 1938

The submitted systems were evaluated on the
provided dataset, and an additional evaluation (op-
tional) was also performed on the FLEURS (Con-
neau et al., 2023) dataset. The translation qual-
ity was assessed using sacreBLEU (Papineni et al.,
2002), Translation Edit Rate (TER), and BLASER
(Dale and Costa-jussà, 2024; Chen et al., 2022)
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metrics under both reference-based and reference-
free evaluation settings. We also provided a
baseline for direct S2S models from Indic-S2ST
(Sethiya et al., 2025) to compare the performances
as shown in Table 10.

Table 10: Baseline Results of Direct S2S Model

Language Pair Indic-S2ST FLEURS
Hi → En 26.08 24.87
Pa → En 19.35 29.18
Mr → En 15.29 13.98

4 Submissions

In the Indic S2S track, three teams with multiple
registered members participated in system devel-
opment. However, none of the teams submitted a
system that achieved significant performance.
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Track VII African/Celtic S2S
1 Introduction

The African and Celtic Speech Translation track
targets a central limitation of current speech and
language technology: progress in speech trans-
lation is still strongly shaped by the availabil-
ity of large-scale parallel data, leaving many
low-resource language communities underserved.
While recent multilingual speech translation sys-
tems have expanded coverage, performance and
robustness remain uneven for languages with lim-
ited speech resources, particularly when systems
must preserve culturally specific content, proper
nouns, named entities, and phonetic details that
are poorly represented in pretraining data.

This track focuses on speech translation for
three major Nigerian languages of Hausa, Igbo,
and Yorùbá, paired with English. The task is moti-
vated not only by the need for accurate translation,
but also by the broader challenge of linguistic and
cultural fidelity in low-resource settings. Transla-
tion errors in names, local terminology, and cul-
turally grounded expressions can substantially re-
duce the usefulness of speech translation systems
for the communities they are intended to serve. By
providing newly recorded parallel speech and text
data, the track aims to support more realistic evalu-
ation of both speech-to-text and speech-to-speech
translation systems for African languages.

2 Task Description

The official task consists of two modeling tracks.
The primary direction for both tracks is from the
three source languages, Hausa, Igbo, and Yorùbá,
into English. Participants could submit systems
for any subset of the language pairs and were
allowed to use pretrained models and additional
training data.

The first track is speech-to-text translation
(S2T), in which systems translate source-language
speech into English text. This track serves as the
foundational setting for the shared task and eval-
uates whether systems can produce high-quality
English translations directly from low-resource
speech input. Systems are ranked separately for
each language direction.

The second track is speech-to-speech transla-
tion (S2S), in which systems translate source-
language speech into English speech. This track
evaluates the more challenging end-to-end sce-

Train split (# hours) Dev-Test split Gender ratio
Language # Recorded After QC # Dev # Test Female:Male

English (en) 30.09 24.96 2.33 2.32 F:19, M:21
Hausa (ha) 58.34 55.06 3.89 5.11 F:47, M:25
Igbo (ig) 65.57 56.89 4.43 4.38 F:47, M:25
Yorùbá (yo) 63.39 61.38 4.38 4.49 F:46, M:26

Table 11: NaijaS2ST Speech information before and
after Quality Control (QC).

nario in which the output must be intelligible
and natural spoken English while preserving the
source utterance’s content. The dataset includes
English speech recorded by native speakers of the
African source languages, enabling analysis of
how systems handle accented English and paralin-
guistic aspects of the translation.

Although the released data also supports trans-
lation from English into Hausa, Igbo, and
Yorùbá, these reverse directions are considered ex-
ploratory. Submissions in these directions may be
analyzed, but are not part of the official ranking.

3 Data and Metrics

The track is based on a newly collected parallel
speech translation corpus comprising Hausa, Igbo,
and Yorùbá paired with English. The source text
was originally authored in English; the training
sentences are drawn from three existing world-
news resources: MAFAND (Adelani et al., 2022),
NTREX (Federmann et al., 2022a), and SSA-MT.
The test sets were curated from open-source news-
papers, with emphasis on arts and culture, busi-
ness, and sports articles from Voice of America.
The test material is balanced between European-
context and African-context articles. These sen-
tences are subsequently translated into Hausa,
Igbo, and Yorùbá by native speakers. Note that the
three African languages are not mutually parallel
with one another.

Using this translated text material, approxi-
mately 75 hours of speech were newly recorded by
native speakers. Each example includes source-
language speech, source-language text, English
text, and English speech. For each language,
the corpus was partitioned into training, develop-
ment, and test sets containing 5,000, 500, and 500
unique sentences, respectively, with utterance-
level segmentation provided. The source-language
recordings include up to 70 speakers per language,
with held-out speakers in the development and
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test sets. In the training split, each low-resource-
language sentence is recorded by three different
speakers, producing 15,000 recordings per lan-
guage from 5,000 unique sentences and approxi-
mately 60–70 hours of training data per language
pair. English recordings are included to repre-
sent accented English speech corresponding to the
speakers’ first-language background. In the test
set, each English sentence is recorded in two Nige-
rian English accent varieties, Northern Nigerian
and Southern Nigerian English. The training and
development splits were released for system devel-
opment, while the test split was reserved for the
official evaluation period. All speech recordings
are provided as 48 kHz .wav files, along with
text transcriptions and recording metadata. Par-
ticipants were instructed to shuffle the data before
training or testing and to normalize text by remov-
ing punctuation, capitalization, and related surface
variation before evaluation.

Model performance is assessed using both lexi-
cal and embedding-based metrics to ensure a com-
prehensive evaluation. For S2T, we use SSA-
COMET (Li et al., 2025), which is an exten-
sion of COMET for African languages. SpBLEU
and Chrf++ (Popović, 2015b) are additionally pro-
vided for analysis. For S2S, the official metric
is character error rate (CER); generated English
speech is first transcribed with Omnilingual ASR
(OmniASR LLM 1B), and the resulting transcrip-
tion is compared against the text reference.

Baseline systems include a fine-tuned Seam-
lessM4T (Seamless Communication et al., 2023)
for S2T, and a cascaded S2T baseline combining
Omnilingual ASR with NLLB-200 (NLLB Team
et al., 2022). As Hausa is not supported in Seam-
lessM4T, each language-specific model is trained
with a learning rate (LR) of 1e-5, 16 gradient ac-
cumulation (GA) steps and 3 epochs.

4 Submissions

This track received one submission from the
KIT-RBG-AI team. The team uses AURA-
ST (Acoustic-Unconstrained Residual Architec-
ture for Speech Translation), a low-resource S2TT
system that directly connects acoustic represen-
tations to a large causal language model without
relying on cross-attention. The framework con-
sists of three stages: dual-stream feature extrac-
tion, modality alignment, and adapter-based fine-
tuning.

In order to capture the acoustic diversity of low-
resource languages, two complementary encoders
are employed. A frozen w2v-BERT 2.0 model
(Baevski et al., 2020) extracts 1024-dimensional
phonetic and linguistic features, while a ResNet34
encoder (He et al., 2015) captures paralinguis-
tic information such as speaker traits, tonal vari-
ation, and dialectal cues. The fused represen-
tations provide both high-level linguistic content
and fine-grained acoustic context, which is par-
ticularly beneficial for languages such as Hausa,
Igbo, and Yorùbá.

A trainable convolutional subsampler reduces
sequence length by 4× and projects the fused
acoustic features into the 2048-dimensional em-
bedding space of a frozen Gemma-4-E2B lan-
guage model. Rather than using cross-attention,
the projected acoustic sequence is treated as a pre-
fix prompt and concatenated with the task instruc-
tion and target text before being processed by the
causal decoder.

They also apply Low-Rank Adaptation (LoRA;
rank 16, α = 32, dropout = 0.05) exclusively to
the Gemma MLP layers (gate proj, up proj, and
down proj). Standard attention-based LoRA in-
jection was ineffective due to architectural con-
straints in Gemma’s custom projection modules.
By adapting only the MLP layers, they enable the
model to learn a mapping from acoustic repre-
sentations to English text while minimizing catas-
trophic forgetting.

5 Results

Table 12 presents S2TT results for Hausa, Igbo,
and Yorùbá across spBLEU, chrF++, and SSA-
COMET. The supervised SeamlessM4T Mono FT
baseline achieves the strongest overall perfor-
mance, obtaining the highest score across most
languages and metrics. This result is unsurpris-
ing given that the model is individually fine-tuned
for each language pair and therefore represents a
practical upper bound under fully supervised con-
ditions. The cascaded system, consisting of Omni-
ASR LLM 1B followed by NLLB-200 translation,
performs particularly well for Hausa, where it re-
mains competitive with the monolingually fine-
tuned SeamlessM4T system. However, its perfor-
mance deteriorates more substantially for Igbo and
Yorùbá, suggesting that recognition errors propa-
gate through the translation pipeline and become
increasingly difficult to recover from in lower-
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Hausa Igbo Yorùbá

Model SPBLEU CHRF++ SSA-COMET SPBLEU CHRF++ SSA-COMET SBLEU CHRF++ SSA-COMET

Aura-ST 5.2 23.2 33.9 4.6 16.7 20.6 19.5 41.0 57.1

SeamlessM4T Mono FT 18.6 41.9 54.9 17.6 39.2 52.3 21.1 43.5 60.3

Cascaded 17.3 42.0 54.1 11.0 33.8 42.9 17.0 38.1 50.6

Table 12: S2TT results (XX → English) across three metrics: spBLEU (↑), chrF++ (↑), and SSA-COMET (↑).
Bold = best overall per column; underlined = second best. SeamlessM4T Mono FT is a fully supervised fine-tuned
upper bound, monolingually fine tuned for each individual language pair. The cascaded model is a combination of
Omnilingual-ASR (OmniASR LLM 1B) and NLLB-200 for machine translation.

resource settings. This may also be due to the fact
that Yorúbà is the highest resource out of our three
studied languages.

AURA-ST exhibits a different performance pro-
file. While its scores lag behind both baselines
for Hausa and Igbo, it remains highly competi-
tive for Yorùbá. In the Yorùbá→English direction,
AURA-ST achieves the second-best result across
all three evaluation metrics and outperforms the
cascaded system by +2.5 spBLEU, +2.9 chrF++,
and +6.5 SSA-COMET. This finding is notable
because AURA-ST does not rely on language-
specific supervised fine-tuning or cross-attention-
based speech-language fusion. Instead, the system
uses frozen speech encoders and a frozen Gemma
language model, learning the speech-to-text map-
ping through lightweight LoRA adaptation of the
decoder’s MLP layers.

Overall, the results underscore the continuing
difficulty of speech translation for African lan-
guages, as the nuances in tone and diacritic,
for example, are much more difficult to detect
than in text. Additionally, despite recent ad-
vances in multilingual speech and language mod-
eling, substantial performance disparities remain
across languages. The results further indicate
that parameter-efficient speech-to-LLM adapta-
tion is a promising direction, particularly for mod-
erately resourced languages such as Yorùbá, but
additional advances in multilingual representation
learning and low-resource adaptation are needed.
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Track VIII Cross-lingual Voice Cloning
1 Introduction

Voice cloning is a type of speech synthesis task
that aims to mimic the characteristics of an origi-
nal voice for a new input text. Cross-lingual voice
cloning extends this to target languages different
from the source. Current systems have limited ca-
pabilities in diverse areas as they support a limited
number of languages, struggle with scientific and
domain-specific terminology, and show difficulty
with code-switching scenarios. The task of voice
cloning is used for diverse purposes, including:

• Speaker standardization: In speech systems,
voice cloning can be employed as a speaker stan-
dardization step, especially in commercial sys-
tems that require the final output to match cer-
tain voice characteristics.

• Multilingual content creation: Content creators
can convert their audio into other languages in
their voices.

• Augmentative and alternative communication:
In general, speech synthesis can be used in as-
sistive tools. Voice cloning can make the ex-
perience more personalized by mimicking the
voice of people with special needs or creating
age-appropriate voices for teaching children.

Despite recent advances in zero-shot text-to-
speech synthesis, cross-lingual voice cloning re-
mains challenging due to the need to preserve
speaker identity across phonetically and prosod-
ically distinct languages. In the following sec-
tions, we describe the first edition of the Cross-
Lingual Voice Cloning Shared Task at IWSLT
2026, which attracted five participating teams who
have submitted their systems for Arabic, Chinese,
and French. We describe the task setup, evaluation
methodology, system submissions, and results.

2 Task Description

The cross-lingual voice cloning task requires sys-
tems to synthesize speech in a target language
while preserving the voice characteristics of a
source speaker. Given a small set of reference ut-
terances from a source speaker in English and tar-
get texts in Arabic, Chinese, and French, systems
must generate speech that maintains speaker iden-
tity (timbre, prosody, and speaking style) while
ensuring naturalness and intelligibility in the tar-
get language.

3 Dataset

3.1 Training and Development Data
Participants were allowed to use any suitable train-
ing and development data for system construc-
tion. In addition, the use of the ACL 60/60
dataset47 (Salesky et al., 2023), comprising trans-
lations of ACL 2022 presentations, was recom-
mended due to its alignment with the evalua-
tion domain. Systems are expected to handle
cross-lingual voice cloning, where speech synthe-
sis must preserve speaker identity while adapt-
ing to a target language. The task explicitly en-
courages multilingual modeling, although sepa-
rate language-specific models are also permitted.

3.2 Evaluation Data
The evaluation data consists of English source
speech used as reference speaker material and
target-language text in Arabic, Chinese, and
French. For each target language, a set of 12 ref-
erence audio files is provided, each representing a
different source speaker. The corresponding refer-
ence text contains 49 lines in Arabic, 112 in Chi-
nese, and 99 in French.

Reference audio files were extracted from 12
ACL 2023 presentations in English with diverse
speaker accents. Most reference audios include
approximately 5 minutes each. While voice
cloning typically requires a few seconds of refer-
ence audio, we did not trim the reference audio
files in order to give the participants the opportu-
nity to investigate different approaches, which in-
deed benefited some of the submissions.

Target data was collected from various bilin-
gual journals. Scientific papers were sourced from
arXiv (Chinese and French), TAL48 (French),
JOS49 (Chinese), as well as Najah,50 PalUniv,51

and PSUT52 (Arabic). We then filtered out trans-
lation pairs with lower semantic similarity using
the Sentence-Transformers library (Reimers and
Gurevych, 2019) and the LaBSE model (Feng
et al., 2022), although for this edition we only pro-
vided the target text for simplicity.
47https://hf.co/datasets/ymoslem/acl-6060
48Traitement Automatique des Langues
49Journal of Software
50An-Najah University Journal for Research
51Journal of Palestine Ahliya University for Research
52Princess Sumaya University for Technology
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In contrast to the training setup, the evalua-
tion data is blind, meaning that only reference au-
dio and target text are provided without source
transcriptions or ground-truth target synthesized
speech. Each system submission must gener-
ate speech conditioned on the reference audio
while producing the correct target-language con-
tent. The resulting evaluation sets contain 588
samples for Arabic, 1,344 for Chinese, and 1,188
for French across all submissions.

4 Evaluation Metrics

The evaluation protocol assesses three key aspects
of cross-lingual voice cloning systems: content
consistency, speaker similarity, and speech quality.
Content consistency evaluates whether the syn-
thesized speech accurately reflects the target text,
speaker similarity measures preservation of voice
identity, and speech quality assesses the natural-
ness, intelligibility, and overall acoustic quality of
the generated audio.

4.1 Content Consistency

Content consistency is evaluated by first convert-
ing the generated speech into text using an Au-
tomatic Speech Recognition (ASR) system. We
use the faster-whisper53 (Klein et al., 2020) im-
plementation of the Whisper large-v3 model (Rad-
ford et al., 2023),54 configured with beam search
decoding (beam size = 5) and VAD55 filtering to
improve robustness across languages and speak-
ing conditions. The ASR-generated transcripts are
then compared against the ground-truth reference
texts.

Prior to evaluation, both the hypothesis and ref-
erence texts are normalized using Unicode canon-
icalization (NFKC56), lowercasing, and punctua-
tion removal to reduce superficial discrepancies.
For Chinese, additional word segmentation is per-
formed using jieba57 to ensure consistent to-
ken boundaries. Content consistency is then as-
sessed using Word Error Rate (WER) and Char-
acter Error Rate (CER), computed via the Hug-
ging Face evaluate library,58 which quantifies
the edit distance between hypothesis and reference

53https://github.com/SYSTRAN/faster-whisp
er

54https://github.com/openai/whisper
55Voice Activity Detection
56Normalization Form Compatibility Composition
57https://github.com/fxsjy/jieba
58https://github.com/huggingface/evaluate

transcriptions at the word and character levels, re-
spectively (Morris et al., 2004).

Word Error Rate (WER) measures content
consistency by computing the minimum edit dis-
tance between the hypothesis and reference texts
at the word level. It captures insertions, deletions,
and substitutions required for alignment. Due
to language differences, tokenization is language-
specific, with segmentation applied for Chinese
before scoring. Final scores are computed per ut-
terance and averaged across all evaluation samples
for each language and system.59

Character Error Rate (CER) evaluates tran-
scription accuracy at the character level and pro-
vides a more fine-grained measure of textual simi-
larity. This metric is particularly important for lan-
guages without explicit word boundaries and for
capturing minor transcription variations that WER
may not reflect. CER is computed per sample and
averaged across all evaluation instances per lan-
guage and system.60

4.2 Speech Similarity

Speech-based evaluation measures similarities be-
tween generated and reference speech that are not
captured by text-based metrics alone, including
speaker identity and prosodic characteristics.

Speaker Similarity is computed using a pre-
trained ECAPA-TDNN model (Desplanques et al.,
2020) implemented in SpeechBrain61 (Ravanelli
et al., 2021). The model extracts speaker embed-
dings from both reference and generated wave-
forms and compares them using cosine similar-
ity. In addition to similarity scores, the model
also produces binary speaker verification deci-
sions. This metric evaluates whether the gener-
ated speech preserves the vocal identity of the ref-
erence speaker.

Prosodic Similarity evaluates how closely gen-
erated speech matches the reference speech in
terms of pitch variation and intensity patterns.
Acoustic features are extracted using Praat-
Parselmouth62 (Jadoul et al., 2018), including the

59https://github.com/huggingface/evaluat
e/tree/main/metrics/wer

60https://github.com/huggingface/evaluat
e/tree/main/metrics/cer

61https://speechbrain.github.io/
62https://github.com/YannickJadoul/Parse
lmouth
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mean and standard deviation of the fundamental
frequency (F0) together with mean energy. The
extracted features are aggregated into feature vec-
tors and compared using cosine similarity to mea-
sure similarities in rhythm, intonation, and speak-
ing dynamics between generated and reference
speech.

5 Submissions

This year, five teams have participated in the cross-
lingual voice cloning shared task: HW-TSC, IIT-
Patna, KIT, Langswap, and SIT-TCD. All teams
submitted systems for the three target languages,
Arabic, Chinese and French, except HW-TSC, who
submitted system outputs for only Chinese and
French. The source language for all submissions
is English. Across all submissions, the most com-
mon models are Qwen3-TTS63 and OmniVoice64

while VoxCPM2,65 Fish Audio S2 Pro,66 and
Chatterbox67 are each used by individual teams.

HW-TSC (He et al., 2026) sliced each reference
audio into 10-second segments with a 5-second
sliding window to account for diverse features in
the long reference audio. Then, they generated
many versions of the target texts in Chinese and
French using Qwen3-TTS 1.7B (Hu et al., 2026).
Finally, they computed cosine similarity between
timbre feature vectors of three random segments
from the original reference audio and each synthe-
sized target audio, and then they selected the one
with the highest similarity as the optimal output.

IIT-Patna (Ahtasam et al., 2026) benchmarked
four zero-shot TTS models to evaluate their cross-
lingual voice cloning capabilities, namely Qwen3-
TTS (Hu et al., 2026), CosyVoice3 (Du et al.,
2025), VoxCPM2 (Zhou et al., 2025), and MOSS-
TTS (Gong et al., 2026). Based on the evaluation
results, they decided to use VoxCPM2 for Arabic
and Qwen3-TTS 1.7B for Chinese and French.

KIT (Akti and Waibel, 2026) used a multilin-
gual text-to-speech (TTS) model, Fish Audio S2
Pro (Liao et al., 2026), which supports several
languages, including Arabic, Chinese and French.

63https://hf.co/Qwen/Qwen3-TTS-12Hz-1.7
B-Base

64https://hf.co/k2-fsa/OmniVoice
65https://hf.co/openbmb/VoxCPM2
66https://hf.co/fishaudio/s2-pro
67https://hf.co/ResembleAI/chatterbox

At inference time, the authors introduced native-
script language tag prompting to improve lan-
guage control and mitigate accent leakage from
the source language to the target. To enhance
terminology pronunciation in the target language,
they chose reference segments that contain word-
level matches with the target text. To this end, they
used VibeVoice-ASR (Peng et al., 2026) to gen-
erate the transcriptions of the reference English
speech and create segmented speech-transcription
pairs. Furthermore, they fine-tuned the model with
reinforcement learning (GRPO) on the ACL 60/60
dev set to adapt it to the newly introduced lan-
guage tags and improve the quality of the gener-
ated audio.

Langswap (Shigabeev et al., 2026) used Om-
niVoice (Zhu et al., 2026) for Arabic and Qwen3-
TTS 0.6B (Hu et al., 2026) for Chinese and French
for zero-shot voice cloning at inference time, with-
out fine-tuning. The cloning process is condi-
tioned on 20-second reference audio clips and
their transcriptions via Whisper Large V3 (Rad-
ford et al., 2023).

SIT-TCD (Abebe and Moslem, 2026) com-
bined multiple voice cloning models through an
ensemble distillation pipeline, and fine-tuned the
best-performing model for each target language.
For data synthesis, they used three voice cloning
models, namely OmniVoice (Zhu et al., 2026),
VoxCPM (Zhou et al., 2025), and Chatterbox (Re-
semble AI, 2025), to synthesize candidate audio
for every utterance. Then, they selected the best
output using a best-of-N strategy, where each can-
didate is scored using a combined quality metric:
combined = 0.5×(1−CER)+0.5×SIM , where
CER is measured via automatic transcription and
speaker similarity (SIM) is the cosine similarity
between the speaker embeddings of the synthe-
sized and reference audio. Finally, they fine-tuned
OmniVoice with Low-Rank Adaptation (LoRA)
(Hu et al., 2022) with the ensemble-distilled data.
For inference, they extracted a 20-second segment
of clean speech from each reference audio us-
ing energy-based Voice Activity Detection (VAD).
They split long target texts into chunks of max-
imum 200 characters at sentence boundaries to
prevent quality degradation. Each chunk is syn-
thesized independently with the fine-tuned model,
and then concatenated to form the final output.
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Language HW-TSC IIT-Patna KIT Langswap SIT-TCD
WER ↓ CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓ CER ↓ WER ↓ CER ↓

Arabic - - 0.219 0.135 0.157 0.055 0.160 0.063 0.132 0.050
Chinese 0.043 0.047 0.042 0.046 0.113 0.099 0.189 0.171 0.191 0.181
French 0.050 0.010 0.051 0.010 0.063 0.017 0.133 0.052 0.069 0.020

Table 13: Content Consistency with WER and CER

Language HW-TSC IIT-Patna KIT Langswap SIT-TCD
Speaker ↑ Prosody ↑ Speaker ↑ Prosody ↑ Speaker ↑ Prosody ↑ Speaker ↑ Prosody ↑ Speaker ↑ Prosody ↑

Arabic - - 0.669 0.990 0.637 0.982 0.785 0.996 0.786 0.997
Chinese 0.580 0.989 0.499 0.989 0.609 0.981 0.686 0.989 0.789 0.993
French 0.582 0.987 0.479 0.987 0.602 0.980 0.761 0.991 0.813 0.996

Table 14: Speaker Similarity and Prosody Similarity

6 Results

In this first edition of the Cross-Lingual Voice
Cloning Shared Task, five systems have been sub-
mitted across three target languages, Arabic, Chi-
nese, and French. Three teams operated in a
zero-shot setting without fine-tuning (HW-TSC,
IIT-Patna, Langswap), while KIT fine-tuned their
model using reinforcement learning (GRPO) and
SIT-TCD applied LoRA supervised fine-tuning.
Table 13 and Table 14 present the content consis-
tency and speaker/prosody similarity scores across
all submissions.

Content Consistency. French yields the best
(lowest) error scores overall, with most systems
achieving WER below 0.07 and CER below 0.02,
suggesting it is the most tractable target language
for cross-lingual voice cloning among the three
languages. Arabic proves the most challenging,
resulting in higher WER and CER scores across all
four submissions, with SIT-TCD and KIT achiev-
ing the best scores. Chinese shows a clear split
between systems, with HW-TSC and IIT-Patna
achieving the lowest error rates, likely due to their
use of Qwen3-TTS, which offers strong Chinese
language support.

Speaker and Prosody Similarity. Prosody sim-
ilarity scores are uniformly high across all sys-
tems and languages (0.980–0.997), with little vari-
ance between systems. Speaker similarity pro-
vides a more informative signal, as it ranges from
0.479 to 0.813 across systems and languages.
SIT-TCD achieves the highest speaker similar-
ity scores across all three languages, followed by
Langswap as the second-best system overall. By
contrast, IIT-Patna and HW-TSC achieve the worst

speaker similarity scores in Chinese and French,
despite their strong content consistency, pointing
to a trade-off between textual accuracy and voice
identity preservation.

Overall, the results reveal a clear trade-off be-
tween content consistency and speaker similarity,
with systems excelling in one dimension often un-
derperforming in the other. Fine-tuning can im-
prove voice cloning performance, as evidenced
by KIT and SIT-TCD submissions. Nevertheless,
strong zero-shot systems remain competitive, par-
ticularly for content consistency. While French
is the most accessible target language, Arabic re-
mains the most challenging language across both
dimensions.

7 Future Work

Future editions of the shared task could expand
the set of target languages to cover a more di-
verse range of language families and scripts. Ad-
ditionally, rather than providing pre-translated tar-
get text, future runs could require systems to per-
form translation and voice cloning jointly, bring-
ing the task closer to real-world multilingual con-
tent creation scenarios. We would like also to ex-
pand evaluation to cover other linguistic and tech-
nical aspects such as code-switching and terminol-
ogy consistency.

370



Track IX Instruction-Following Track
1 Introduction

Large language models (LLMs) have significantly
transformed natural language processing by en-
abling a single model to perform a broad range
of tasks without task-specific training or fine-
tuning. Through simple textual instructions, these
systems can address diverse applications such as
translation, summarization, and question answer-
ing within a unified interface (Hendy et al., 2023;
Gaido et al., 2024). While originally limited to
textual inputs, LLMs are increasingly evolving to-
ward multimodal systems, extending their capa-
bilities to additional modalities such as vision and
speech (Li et al., 2024).

In parallel, speech foundation models (SFMs)
have emerged as scalable architectures for pro-
cessing spoken language across a wide range of
conditions (Latif et al., 2023). The integration of
SFMs with the instruction-following abilities of
LLMs (Ouyang et al., 2022) has given rise to a new
class of systems, often referred to as SpeechLLMs.
This paradigm aims to combine the strengths of
both components: the ability to robustly model
speech inputs together with the flexible reason-
ing and generalization capabilities of LLMs, en-
abling more general-purpose and controllable spo-
ken language interfaces (Rubenstein et al., 2023).

Building on the success of the first edition,
this second iteration of the Instruction Follow-
ing (IF) shared task further explores this emerg-
ing paradigm. The goal is to evaluate general-
purpose instruction-following models for speech
that can handle multiple speech-to-text tasks con-
ditioned on natural language instructions. Systems
are tested on both short-form audio segments and
long-form spoken content, reflecting realistic us-
age scenarios and current research trends in multi-
modal language modeling (Papi et al., 2026b).

2 Task Description

In the Instruction-Following (IF) task, partici-
pants had to develop a single instruction-following
model that can perform multiple speech-to-text
tasks based on natural language prompts. The
model receives both a speech input and a task in-
struction in textual form and is expected to follow
the instruction to produce the appropriate output.

Sub-Tracks. The task is divided into two sub-
tracks based on the nature of the input: SHORT,

where the input is represented by automatically
segmented speech, and LONG, where the input is
a long-form speech. Depending on the sub-track,
the following tasks have to be supported:
• SHORT + LONG Common Tasks:

– Automatic Speech Recognition (ASR): the
speech is transcribed into the same language;

– Speech-to-text Translation (S2TT): the
speech is translated into the target language;

– Spoken Question Answering (SQA): textual
questions have to be answered based on the
spoken content in the same language and in
a language different from the speech (ques-
tions and answers are always in the same lan-
guage);

– [Suprisal] Quality Esitmation (QE): a task
that was unknown at submission time but
doable through in-context learning abilities of
SpeechLLMs; this year, Quality Estimation
has been chosen, requiring the model to give
select the translation having the best quality
among two options (A, B).

• Additional LONG Only Tasks:
– Speech-to-text Summarization (S2TSUM):

a summary has to be provided from the spo-
ken content in the same language and in a lan-
guage different from the speech.

– Audio Chaptering (ACHAP): the spoken
content has to be segmented into coherent sec-
tions, each labeled with a concise title sum-
marizing its topic.

All tasks listed for each sub-track were mandatory;
that is the model must be capable of handling each
task type when prompted appropriately.

Languages. The tasks involve both monolingual
and cross-lingual processing. The supported lan-
guages are English (en) for ASR, monolingual
SQA, S2TSUM, and ACHAP, and English to Ger-
man (de), Italian (it), and Chinese (zh) for S2TT,
multilingual SQA, multilingual S2TSUM, mul-
tilingual ACHAP, and surprisal QE. Participants
were allowed to submit results for a subset of lan-
guage directions.

Prompts. For each sample in the test set, there
is no information about the specific task to be per-
formed (e.g., ASR) or the language pair to support
(e.g., en); rather, the model has to correctly inter-
pret and fulfill diverse instructions across the sup-
ported language pairs (e.g., “Traduci questo au-
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dio in inglese”[it], “Translate this audio into En-
glish”[en]).

3 Data and Metrics

3.1 Training and Development Data

We adopt two evaluation conditions: constrained
and unconstrained. In the constrained condi-
tion, participants are allowed to use the speci-
fied Speech Foundation Model, SeamlessM4T v2
large68, and Large Language Model, Qwen3 4B69,
training their systems70 on the following datasets:
• EuroParl-ST (Iranzo-Sánchez et al., 2020),

CoVoST2 (Wang et al., 2020), and GigaST (Ye
et al., 2023) for ASR/S2TT,

• LibriSQA (Zhao et al., 2024) for SQA;
• NUTSHELL (Züfle et al., 2025) for S2TSUM;
• YTSeg (Retkowski and Waibel, 2024) for

ACHAP.
Development data are MCIF (Papi et al., 2026b)
for all data but ACHAP, and the test split of YTSeg
(Retkowski and Waibel, 2024) for ACHAP.

No training data is provided for cross-lingual
SQA, S2TSUM, or ACHAP tasks where the out-
put languages differ from the source speech lan-
guage, which is designed to test the models’ zero-
shot cross-lingual abilities. The unconstrained
condition places no limitations on model architec-
tures, pre-trained models, or training data.

The constrained evaluation condition is meant
for providing a controlled environment for com-
paring different approaches without the confound-
ing effects of varying data sources or model scales.
On the other hand, the unconstrained condition
reflects real-world deployment scenarios where
practitioners may leverage cutting-edge models,
proprietary datasets, and computational scaling to
achieve optimal performance.

3.2 Evaluation Data

We evaluate the submitted models with a novel
resource, scraped from the scientific talks from
2023 and 2025 available from the ACL Anthol-
ogy,71 with the same process of MCIF (Papi et al.,
2026b).

68hf.co/facebook/seamless-m4t-v2-large
69hf.co/meta-llama/Qwen/Qwen3-4B-Instruct-2507
70The use of the pre-trained SFM and LLM is not mandatory,

and submissions with models trained from scratch on the
allowed data are accepted, as are systems using only one of
the two pre-trained models.

71aclanthology.org

The dataset contains 21 videos, corresponding
to 2 hours, covering all tasks but S2TSUM, while
the S2TSUM section contains 100 videos, corre-
sponding to 10 hours and a half. Source audio and
video content in English (talks of about 6 minutes
each on average) are enriched with multilingual
annotations and translations to support: i) ASR
(en→en); ii) S2TT (en→de, it, zh), iii) S2TSUM
(en→en, de, it, zh); iv) SQA (en→en, de, it, zh); v)
ACHAP (en→en, de, it, zh).

For SQA, at least 10 questions were manually
created for each video, and, for ACHAP, the titles
were manually created based on the video and the
transcript/translation content. The SQA task in-
cludes unanswerable questions, to which the only
correct response is “Not answerable or its corre-
sponding translations in the other languages. 72

The audio data are provided as complete audio
files in WAV format for the LONG sub-track, and
as automatically segmented audio (of 15-20 sec-
onds) using SHAS (Tsiamas et al., 2023) for the
SHORT sub-track.

Additionally, for the surprisal QE, we use a sub-
set of the IWSLT 2025 ACL Talks (Abdulmumin
et al., 2025), drawing from the development set
of the metrics shared task dataset.73 The can-
didates consist of system submissions from last
year’s instruction-following shared task, paired
with their corresponding human scores, which
serve as ground truth for determining the better
translation.

We release the videos, source audio, and task
instructions to participate in the shared task. Also,
we provide an example submission for the LONG
sub-track, which could be used as a 1-shot task
demonstration. Participants submit their system
outputs and may adjust instructions to suit their
models’ prompts. The evaluation is conducted via
the SPEECHM platform, presented in Section 2.

3.3 Metrics

The evaluation was carried out by computing sep-
arate scores for each of the tasks involved, simi-
lar to last year. Namely, for ASR, we computed
WER using the jiWER library74 after normaliz-
ing the test using the Whisper normalizer75 (Rad-

72Namely, in Italian “Non è possibile rispondere”, German
“Nicht zu beantworten.”, and Chinese 无法回答。 .

73hf.co/datasets/maikezu/iwslt2026-metrics-shared-train-dev
74github.com/jitsi/jiwer
75Specifically, we used version 0.0.10.
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ford et al., 2023). For S2TT, we used COMET76

(Rei et al., 2020) after concatenating all segments
belonging to the same talk in the case of the
SHORT sub-track and resegmenting the text with
mwerSegmenter to pair them with the reference
sentences. For SQA and S2TSUM, we computed
BERTScore (Zhang* et al., 2020) rescaling the
scores with baselines to obtain more interpretable
scores in a wider range (typically, in the [0, 1]
range).77 For ACHAP, we follow the protocol
of Retkowski et al. (2026) as implemented in the
chunkseg package78 reporting Collar-F1 (±3s)
for segmentation and BERTScore (Zhang* et al.,
2020) under the Global Concatenation protocol for
title quality. Since current multimodal LLMs do
not produce reliable timestamps, hypotheses are
submitted as Markdown transcripts and boundary
timestamps are recovered via CTC forced align-
ment of the predicted transcript to the source au-
dio. In the cross-lingual sub-track (en→{de, it,
zh}), the translated body is first re-aligned to the
gold translation with mwerSegmenter and sub-
stituted with the source-language reference tran-
script so that alignment is consistently performed
in English. As diagnostics, we additionally report
WER (monolingual) and COMET (cross-lingual)
on the predicted transcript or translation. Lastly,
for the QE surprisal task, we introduce two met-
rics: QE-format-accuracy, which assesses
how many samples (in percentage) follow the for-
mat specified in the instruction in the output of
a system; QE-accuracy, which is the number
of times (in percentage) in which a system cor-
rectly identifies the best translation among the two
options proposed. Notice that QE-accuracy
is computed only on the fraction of samples that
follow the correct output format: for this rea-
son, if the QE-format-accuracy is low, the
QE-accuracy should be disregarded, as it is
computed on a few samples, which makes it un-
reliable. In addition, since the output options are
two, a QE-accuracy of 0.5 is equivalent to a
random guess or to a system always predicting the
same output.

The code used for the evaluation is available at:
github.com/hlt-mt/iwslt2026.

76With model Unbabel/wmt22-comet-da.
77See github.com/Tiiiger/bert score/blob/master/journal/

rescale baseline.md
78github.com/retkowski/chunkseg

4 Submissions

In total, we received 14 submissions from four dif-
ferent teams. Two teams submitted under the con-
strained settings, and four submissions were con-
trastive. Moreover, all teams participated in all
language directions. The participants’ systems in
the SHORT (NLE, FBK, KIT, and BSC) and LONG
(KIT, and FBK) sub-tracks are detailed below.

BSC (Pareras et al., 2026) participated in the
SHORT unconstrained track, submitting to all lan-
guage pairs. Their system combines a speech
encoder with a translation-tailored LLM back-
bone, SalamandraTA-7b-instruct-WMT25 (Gar-
cia Gilabert et al., 2025), connected via a lin-
ear projection layer. Their primary submission
uses SeamlessM4T-v2-Large (Seamless Commu-
nication et al., 2023) as speech encoder (frozen
during training). A key feature of their approach is
a chain-of-thought generation strategy that forces
the model to produce an intermediate transcription
before generating the final output, so to enable
the reuse of text-only supervision. Training data
cover ASR, S2TT, T2TT, QA, SQA, and IF. At in-
ference, beam search decoding is used alongside
a post-editing stage with Gemma4-31B to correct
output formatting errors. They additionally sub-
mitted contrastive systems using and mHuBERT-
base-25Hz (Hassid et al., 2023) as encoder, either
with and without post-editing.

FBK (Xie et al., 2026) participated in both the
SHORT and LONG tracks in constrained condi-
tions, submitting to all language pairs. Their sys-
tem uses the allowed models, SeamlessM4T-v2-
large as speech encoder and Qwen3-4B as LLM,
and merges them through an MLP with 2 lay-
ers. The encoder is kept frozen, while the LLM
is finetuned using LoRA to the query, key, and
output projection layers of the self-attention mod-
ules. Their training data is built by creating syn-
thetic translations when the reference for a tar-
get language is missing (filtering samples with
low COMET), and generating synthetic question-
answer pairs with the LLM. For the LONG track,
they create long-form data by concatenating sam-
ples in LibriSQA and explore three audio seg-
mentation strategies for chunking long audios to
be able to process them with the speech encoder:
using fixed windows, leveraging a VAD, and a
hybrid approach (Gaido et al., 2021b) combin-
ing pause-based segmentation with a duration con-
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straint.

NLE (Boito et al., 2026) participated in the
SHORT constrained sub-track, submitting to all
language pairs. Building on their submission last
year (Lee et al., 2025), they train two compo-
nents in parallel and then merge them: a speech-
to-text projector mapping averaged SeamlessM4T-
v2-large encoder representations into the frozen
Qwen3-4B LLM, and text-only LoRA adapters
trained on MT and QA data. The main change
from last year is replacing the transformer-based
projector with an improved SpeechMapper (Mo-
hapatra et al., 2026), which learns the speech-to-
embedding mapping from ASR-only data without
LLM forward passes. The two modules are then
integrated through a brief multimodal SFT stage.
To reduce the domain gap with the scientific-talk
evaluation data, they introduce fakACL, a syn-
thetic SQA dataset of generated NLP paper pre-
sentations, built by prompting the LLM backbone
and synthesizing speech with SeamlessM4T-v2-
large TTS.

KIT (Ugan et al., 2026) participated in the
SHORT and LONG unconstrained sub-track, sub-
mitting to all language pairs. Their primary model
is based on Qwen2.5-Omni (Xu et al., 2025a),
fine-tuned on task-specific data constructed via
a three-stage augmentation framework combining
segment concatenation, LLM-based label genera-
tion, and cross-lingual reference translation. To
improve generation quality, they applied a com-
bined Likelihood and MBR re-ranking strategy
over 17 candidates, applied selectively for En-
glish and Chinese. They additionally submitted
a cascaded contrastive system pairing parakeet-
tdt-0.6b-v2 (Sekoyan et al., 2025b) for ASR with
Qwen2.5-7B-Instruct (Qwen et al., 2025) for in-
struction following.

5 Results

5.1 Automatic Evaluation
The complete results for both SHORT and LONG
sub-tracks are presented in Tables 38–41. For
comparison, we include the results of the Phi4-
Multimodal (Abouelenin et al., 2025) and Qwen3-
Omni (Xu et al., 2025b). The inference code is
available at github.com/hlt-mt/mcif.

ASR. In the ASR SHORT sub-track, the two
baselines show a substantial gap, with Phi4-
Multimodal clearly outperforming Qwen3-Omni

(6.9 vs. 19.7 WER). All participants surpass
the Qwen3-Omni baseline but fall short of Phi4-
Multimodal: KIT’s unconstrained primary comes
closest with the lowest participant error rate (7.4),
followed by FBK’s constrained primary (12.3),
while BSC’s unconstrained primary and NLE’s
constrained primary follow closely behind, ty-
ing at 13.4 WER. In the LONG sub-track, the
Phi4-Multimodal baseline degrades considerably
(28.1), while Qwen3-Omni remains far more sta-
ble (15.8). The participants’ end-to-end primaries
follow the Phi4-Multimodal pattern: FBK’s con-
strained primary reaches 19.6 WER and KIT’s
unconstrained primary 26.9 WER, both improv-
ing over Phi4-Multimodal but falling behind the
more robust Qwen3-Omni. The degradation from
SHORT is substantial, with KIT’s WER more than
tripling (7.4 → 26.9) and FBK’s rising by over
50% (12.3 → 19.6). The exceptions are cascaded
models like KIT’s unconstrained contrastive1 that
obtains the best overall result (6.4 WER).

SQA. Overall, for the SQA task, FBK and
NLE’s constrained systems perform best in the
SHORT track, while KIT’s unconstrained primary
and Phi4-Multimodal are the strongest systems
in the LONG track across all languages. Scores
drop consistently from the SHORT to the LONG
track, with Qwen3-Omni being the weakest sys-
tem in the LONG track across all languages. In
the SHORT track, FBK’s constrained systems
lead consistently across German (0.477), Italian
(0.527), and Chinese (0.520), with NLE’s con-
strained primary leading for English (0.531) and
FBK close behind (0.505–0.507). KIT’s uncon-
strained primary is also competitive across all
languages (0.466–0.519), often ranking second
or third. In the LONG track, the picture shifts,
with KIT’s unconstrained primary leading for Ger-
man (0.405), Italian (0.439), and Chinese (0.452),
and Phi4-Multimodal leading for English (0.420).
FBK’s constrained systems remain competitive
in the LONG track, consistently ranking second
or third across languages (0.348–0.390), while
Qwen3-Omni performs worst across all languages
(0.246–0.354).

S2TT. In the S2TT SHORT sub-track, the two
baselines differ substantially: Qwen3-Omni is
consistently strong (0.836, 0.827, 0.857 for de,
it, zh), confirming results of previous work (Papi
et al., 2026a), whereas Phi4-Multimodal falls be-
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hind (0.802, 0.772, 0.809). Among the par-
ticipants, KIT’s unconstrained primary is the
strongest, leading in German (0.840) and Italian
(0.841) and trailing only Qwen3-Omni in Chinese
(0.852 vs. 0.857). Unlike ASR, it surpasses both
baselines in two of the three directions. BSC’s
unconstrained primary is the next-best participant
(0.808, 0.773, 0.782), while the constrained sub-
missions sit lower, with NLE’s primary marginally
ahead of FBK’s (e.g., 0.794 vs. 0.777 in Chi-
nese). These results reflect the difficulty of com-
petitive S2TT without external data. In the LONG
sub-track, KIT’s cascaded contrastive system ob-
tains the strongest results in all three directions
(0.840, 0.841, 0.847 for de, it, zh), matching
its short-track scores. This confirms the robust-
ness of cascaded systems to long-form input, as
also observed on ASR. In contrast, the end-to-
end systems degrade substantially: KIT’s primary
loses substantially in German and Italian (0.840→ 0.733, 0.841 → 0.732), and FBK’s constrained
systems cluster around 0.65 to 0.72. The base-
lines are hit hardest, with Qwen3-Omni collapsing
in German (0.836 → 0.408) while staying com-
paratively stable in Chinese (0.857→0.820), and
Phi4-Multimodal dropping to 0.55 to 0.62 overall.
Across tracks, translation quality is consistently
lower in the LONG than in the SHORT sub-track
for every end-to-end system.

SSUM. For the SUM task, KIT’s unconstrained
systems lead across all languages in the LONG
track. While KIT’s primary and contrastive sys-
tems perform similarly for Italian (0.267–0.269)
and Chinese (0.378–0.383), KIT’s unconstrained
primary leads more clearly for German (0.238 vs.
0.208) and KIT’s unconstrained contrastive for
English (0.218 vs. 0.212). FBK’s constrained sys-
tems consistently rank second, clustering closely
together across languages (0.149–0.185), and per-
forming similarly to the baselines. Qwen3-Omni
is the weakest system across all languages, par-
ticularly for Chinese (0.021). Scores are notably
higher for Chinese than for the other languages
across all systems.

ACHAP. As a LONG-only task, ACHAP re-
ceived submissions only from KIT and FBK, eval-
uated alongside the baselines. Phi4-Multimodal
fails across all settings (Collar-F1 0.030-0.148).
Qwen3-Omni is the leading model in English,
obtaining the overall top Collar-F1 (0.609), but

struggles cross-lingually: it collapses in German
(0.062) and Chinese (0.000), remaining compet-
itive only in Italian (0.446). In contrast, KIT’s
submissions are outperformed in English (with the
contrastive scoring 0.583) but are strong cross-
lingually. For KIT’s primary, other languages even
outperform its own English score (0.436), reach-
ing 0.500 (de), 0.456 (it), and 0.503 (zh). Chinese
is the hardest setting overall, where all baselines
and submissions are weak except KIT’s primary
(0.503). All FBK’s systems score 0.000 Collar-
F1 under strict evaluation, due to a mix of model
behaviour and XML formatting issues: space in-
dentation that does not strictly follow the Mark-
down format, missing newlines between chap-
ters, and occasionally a single chapter spanning
the whole document. Under a relaxed evaluation,
FBK’s systems recover some performance in En-
glish, German, and Italian, best in Italian at 0.348,
though still behind KIT and Qwen3-Omni. As di-
agnostics, the WER and COMET show that tran-
scription/translation quality is mainly stable com-
pared to the ASR/S2TT task, with some language-
specific characteristics: English and German tend
to get slightly worse, Italian slightly better, and
Chinese remains stable. The notable exception is
KIT contrastive, which had the best S2TT results
in Chinese, but its COMET drops catastrophically
as part of ACHAP (0.847 to 0.451), which also
explains its weak Collar-F1 (0.103). Title quality
(BERTScore) broadly tracks segmentation quality,
with KIT and Qwen3-Omni leading. The notable
exception is Phi4-Multimodal in English, which
obtains surprisingly strong titles (0.837) despite
near-zero Collar-F1: it appears to output sensi-
ble titles but a poor transcript (94.1 WER), so the
chapters cannot be grounded in time.

SURPRISAL (QE). Overall, the Qwen3-
Omni baseline emerges as the best system
across language pairs (en-de/zh) and conditions
(SHORT/LONG). This demonstrates the general-
ization abilities of this model, compared to the
systems submitted by the participants that are
mainly optimized for the known tasks. This also
underscores the importance of surprisal tasks in
assessing the ability of the systems to follow
instructions. The other baseline system (Phi4-
Multimodal) is able to produce properly formatted
outputs only for German, failing to do so for
Chinese. Even in German, though, its accuracy in
performing the task is low (0.658), not far from a
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random guess (0.5). Looking at the participants’
submissions for German, the only system able to
perform the task in the LONG condition is KIT’s
contrastive, which always outputs the correct
format and achieves 70.5% accuracy. KIT’s
primary, instead, never follows the requested
format, and all FBK’s systems perform at random
guess when respecting the output format (less
than 60% of the cases). In the SHORT track,
instead, systems perform significantly better. At
least one system for all the participants is capable
of following the requested output format, with all
primary submissions (except for KIT) respecting
the format instruction in >95% of the cases. The
only system achieving 100% format accuracy
(KIT’s contrastive1) underperforms in the QE
task (70.5%) compared to other submissions.
Overall, the best submission is BSC’s contrastive1
(81.0%), closely followed by NLE’s primary,
BSC’s primary, and then FBK’s primary. Moving
to Chinese, the situation is similar, as the par-
ticipants respecting the format requested in the
instruction are the same. In the LONG track, the
systems are better than in German: although the
best system is always KIT’s contrastive1, its score
is slightly higher, and FBK’s systems respect the
output format more frequently and achieve scores
better than random choice (65.8%). In the SHORT
track, the ranking in terms of the QE ability is
instead different, with overall significantly higher
scores compared to German. The best system
in this case is BSC’s primary (92.9%), closely
followed by FBK’s primary (91.5%) and NLE’s
primary (89.4%).

5.2 S2TT Human Evaluation

Similar to the other tracks of this year’s IWSLT
Evaluation Campaign, each participant’s primary
submission was manually evaluated for the S2TT
task. Appendix A reports the manual evaluation
process, whereas overall results by language with
Direct Assessment (0–100 mean scores) are re-
ported in Tables 18 and 23.

Manual evaluation scores for S2TT broadly re-
flect those of the automatic assessment. In the
SHORT sub-track, KIT leads in both language di-
rections (86.5 en→de, 87.8 en→zh), ranking as
the best system after the human reference. NLE
and FBK follow closely, with BSC competitive in
en→de but weaker in en→zh. Across all systems,
en→zh scores are consistently higher than en→de.

Only KIT and FBK participated in the LONG
sub-track. KIT again leads (69.7 en→de, 74.3
en→zh), while FBK scores lower (66.1 en→de,
60.0 en→zh), struggling particularly with long-
form Chinese output.

Comparing the two sub-tracks, SHORT con-
sistently outperforms LONG for both systems.
The degradation is substantial for KIT (−16.3 in
en→de, −13.5 in en→zh) and even more pro-
nounced for FBK, especially in Chinese (−9.9 in
en→de, −22.3 in en→zh). This suggests that han-
dling long-form audio remains a significant open
challenge.

SHORT

Model en de it zh avg

Phi4-Multimodal
Qwen3-Omni
NLE PRIMARY
NLE CONTRASTIVE
FBK PRIMARY
FBK CONTRASTIVE
KIT PRIMARY
KIT CONTRASTIVE
BSC PRIMARY
BSC CONTRASTIVE1
BSC CONTRASTIVE2

LONG

Model en de it zh avg

Phi4-Multimodal
Qwen3-Omni
FBK PRIMARY
FBK CONTRASTIVE1
FBK CONTRASTIVE2
KIT PRIMARY
KIT CONTRASTIVE

Table 15: Participant Systems’ Ranking by sub-track
(SHORT/LONG) and language. means unconstrained
training settings. Baselines are in italic.

6 Discussion and Conclusions

Following last year, ASR emerged as the most ac-
cessible task, but, in contrast to results from the
first edition, it is now strictly followed by S2TT,
with scores up to 0.840–0.857 COMET across lan-
guages. Another different trend is seen in SQA
that, in contrast to last year where monolingual
(English) SQA only was better handled by partic-
ipants, this year shows comparable performance
across languages with the only exception of Ger-
man (up to 0.477 BERTScore against 0.520–0.531
of other languages), highlighting an increased ma-
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turity of multilingual QA abilities.
In trend with last year, instead, we observe a sig-

nificant degradation when processing long-form
inputs, especially in SQA. Long-form only tasks
(SSUM and ACHAP), as expected, are the most
difficult tasks, with SSUM still being the most
challenging across languages and systems.

New this year, we introduced the surprisal task,
unknown at submission time, i.e., quality estima-
tion. The results underscore that many systems
struggle to generalize to unseen tasks during train-
ing/finetuning, and some of them are not even able
to follow the correct output structure.

Lastly, this year is harder to establish a clear
winner of the shared task, as best results are more
scattered across the different submissions, espe-
cially for the SHORT sub-track. Best results for
some tasks are from systems that scored very low
results in others. Table 15 shows the top-ranked
systems for each sub-track (SHORT/LONG) by lan-
guage. On average across tasks and languages
(avg), FBK’s and NLE’s primary achieves the best
result in the SHORT sub-track, strictly followed
by KIT’s primary, and then KIT’s contrastive and
BSC’s primary submissions. Notably, FBK’s pri-
mary submission is the only submission always
ranking at least third across languages. Moreover,
the two top systems are trained in constrained set-
tings, similarly to last year. In the LONG sub-
track, instead, the picture is clear, with KIT’s pri-
mary being the best system, always being first or
second (and only in English). This is followed
by the contrastive counterpart, similarly ranked al-
ways second except for English, where it scores
the best result. A baseline, Phi4-Multimodal,
ranked third.

All in all, this year’s IF evaluation campaign
highlights past and new challenges: i) long-form
processing is still a major limitation of current
models, but the gap is closing, especially in ASR
and S2TT, ii) summarization remains the most
challenging task, followed by ACHAP—the new
long-form task introduced this year—even if train-
ing data are available, iii) the surprisal task, quality
estimation, pointed out that most current systems
stuggle to generalize and, notably, to strictly ad-
here to the instruction, indicating a big room for
improvement in the instruction following abilities
of SpeechLLMs.
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Track X Speech Translation Metrics Track
1 Introduction

This shared task on Speech Translation Metrics is
a dedicated evaluation campaign for Quality Esti-
mation (QE) of speech translation. Speech trans-
lation has been at the core of IWSLT for years,
and the rapid development of speech technology
has further expanded the use of speech translation
(ST) applications in daily life. Quality estima-
tion makes it possible to assess translation qual-
ity without reference translations, which is essen-
tial for practical use cases (Specia et al., 2010;
Callison-Burch et al., 2012). However, its eval-
uation remains underexplored (Han et al., 2024;
Züfle et al., 2026).

Evaluation of speech-to-text translation still re-
lies heavily on text-based evaluation approaches,
which often overlook speech-specific phenomena
(Han et al., 2024; Züfle et al., 2026) and make un-
realistic assumptions about access to gold segmen-
tation and error-free source transcriptions during
evaluation (Amrhein and Haddow, 2022; Abdul-
mumin et al., 2025). As a result, these methods
can be less reliable for real-world usage, motivat-
ing the need for broader investigation into speech
translation quality estimation. Progress in this
area has also been hindered by the scarcity of
speech translation datasets with human quality rat-
ings. While the text translation community bene-
fits from large-scale evaluation resources released
through the WMT Metrics shared tasks (Kocmi
et al., 2024, 2025), comparable speech-native re-
sources remain limited, with only a handful of
datasets released in recent years (Agarwal et al.,
2023; Abdulmumin et al., 2025).

In light of this, this shared task focuses on
Quality Estimation for speech translation. In the
following, we describe the task setup, participat-
ing systems, and meta-evaluation results for the
IWSLT 2026 Speech Translation Metrics track.

2 Task Description

Given automatically segmented source speech and
a candidate translation, the goal is to predict a
segment-level quality score without relying on ref-
erence translations. The task covers two language
pairs: English–German and English–Chinese. To
support text-based metrics, an ASR transcript of
the source speech is provided alongside the audio.
Metrics may also exploit the context of adjacent

segments, as the data consists of long-form mono-
logue speech where neighboring segments share
topical and discourse context.

3 Data

As described above, participants are provided with
source audio, an automatic transcript, a candidate
translation, and the context of adjacent segments.
All data for this shared task is released publicly.79

Training and development data. Training data
consists of 33.7k samples with human Direct As-
sessment (DA) scores: IWSLT 2023 ACL talks
(Agarwal et al., 2023), which follow the speech
translation setting, and WMT 2024–2025 (Kocmi
et al., 2024, 2025), which are text translation an-
notations paired with the original YouTube audio.
Additionally, 7k samples with synthetic DA scores
from the SpeechQE CommonVoice dataset (Han
et al., 2024) are included. The development set
consists of 5.6k samples from IWSLT 2025 (Ab-
dulmumin et al., 2025). Training data is skewed
towards English–German and English–Chinese, as
these are the language pairs covered by the test set;
see Table 16 for a full breakdown.

Test data. The test set is built from submis-
sions to the IWSLT 2026 offline and instruction-
following (IF) tracks, using their translated out-
puts as the candidate translations to be scored.
It covers five domains and two language pairs
(English–German and English–Chinese): ACL
conference talks (64.5%), TVSeries (12.5%),
CallCenter (11.3%), YouTube (8.1%), and Busi-
ness News (3.7%).

For the ACL domain, submissions from 7 sys-
tems (1 offline, 4 IF short, 2 IF long) are included
alongside a human reference translation; for all
other domains, only the offline system is avail-
able, as the IF track exclusively covers ACL. In
total, the dataset contains 48,044 examples based
on 5,252 unique audio segments (10,470 unique
segment–language pairs). For each segment, we
provide the source speech and the source tran-
scription produced by Whisper large-v3 (Radford
et al., 2023); for the ACL domain, we addition-
ally provide a human source transcript. Candidate
translations are aligned to the reference segmen-

79huggingface.co/datasets/maikezu/iwslt2026-metrics-
shared-train-dev
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Split Data Lang. pairs (count)

TRAIN IWSLT23
(ACL)

De (4160), Ja (3328), Zh
(4992)

WMT24
(YouTube)

Cs (1757), Es (1554), Hi
(1221), Is (1221), Ja
(1443), Ru (1554), Uk
(1221), Zh (1443)

WMT25
(YouTube)

Cs→De (882), Cs→Uk
(874), Ar (684), Bho
(665), Cs (660), Et (684),
Is (684), It (666), Ja
(684), Mas (646), Ru
(684), Sr (646), Uk (684),
Zh (684)

SpeechQE
(CommonV.)

De (3500), Es→En (3500)

DEV IWSLT25
(ACL)

De (3635), Zh (1921)

TEST IWSLT26
(Multi-domain)

De (24,016), Zh (24,028)

Table 16: Overview of data splits and language pairs.
All pairs are En→X unless noted otherwise. Bold: lan-
guage pairs included in the test set. Test spans five
domains: ACL (64.5%), TVSeries (12.5%), CallCen-
ter (11.3%), YouTube (8.1%), Business News (3.7%).

tation using the mwer-segmenter. Details for seg-
mentation can be found in Section A. Human qual-
ity judgements were collected by evaluating trans-
lations against the source speech (without tran-
scripts), with 4 annotators per language pair; see
Section A for details.

4 Meta-Evaluation of Metrics

Similarly to the WMT Metrics Shared Task (Lavie
et al., 2025), we meta-evaluate automated how au-
tomated metrics correlate with human ratings at
the segment and system levels. The evaluation
code is publicly available.80

Segment-level correlation. For each item, we
compute the ranking of the models based on the
metric’s predictions {ŷ}i∈M and human-annotated
ground truth {y}i∈M. These rankings are com-
pared using Kendall’s τb (Kendall, 1945), a cor-
relation similar to Spearman correlation and aver-
aged:

τb = (1)∑i<j sgn(ŷi − ŷj) sgn(yi − yj)√∑i<j sgn2(ŷi − ŷj)∑i<j sgn2(yi − yj)
We use y for ground truth and ŷ for metric pre-
dictions. Item indices are omitted. This meta-
80github.com/zouharvi/iwslt26-metrics

evaluation measures the practical ability of auto-
mated metrics to choose the best translation given
an item.

System-level correlation. To evaluate the met-
ric’s ability to rank systems on whole datasets, we
turn to Soft Pairwise Accuracy (Thompson et al.,
2024), which compares the certainties of auto-
matic metrics and human annotators in ranking
one system higher than another one:

SPA = (2)

1 − ∑j,i∈(M
2
) ∣p(µi > µj) − p(µ̂i > µ̂j)∣

(∣M∣
2
)

We use µi to denote the mean of model i ∈ M.
The p(µi > µj) is a paired permutation test.

5 Submissions

We received submissions from 5 teams totalling 14
systems. In addition, we evaluate 6 state-of-the-art
QE models as organizer baselines.

5.1 Baselines
COMETKiwi22 (Rei et al., 2022) is one of the
most popular referenceless automated metric for
textual machine translation evaluation. We use it
for speech evaluation based on automatic speech
recognition of the source. Both the source and the
translations are encoded using a textual encoder
Roberta-XLM (Conneau et al., 2020) into a shared
vector, based on which a multi-layer perceptron
produces human judgments of translation quality.

COMET Partial (Zouhar et al., 2026) follows
the same training pipeline as COMETKiwi22 but
match the distribution of automatically aligned
translations by training on prefixes and suffixes of
the source and target texts.

SpeechQE Han et al. (2024) formulates the task
of quality estimation for direct speech transla-
tion and compares cascaded and end-to-end ap-
proaches for estimating translation quality di-
rectly from speech inputs. Their end-to-end ap-
proach is used as a baseline system for this
shared task. It consists of a frozen Whisper-large-
v2 speech encoder, a lightweight convolutional
modality adapter, and a TowerInstruct-7B (Alves
et al., 2024) text LLM fine-tuned with LoRA (Hu
et al., 2022). Training follows a two-stage strat-
egy. First, the modality adapter is pretrained on
ASR and speech translation tasks to better align
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speech and text representations. Then, the LLM is
fine-tuned on the SpeechQE task using xCOMET-
XL (Guerreiro et al., 2024) pseudo-labels with
varying quality levels. Notably, the model is
trained only on English–German data, and the En-
glish–Chinese setting is evaluated in a zero-shot
setting.

BLASER 2.0 (Seamless Communication et al.,
2023) is designed for multimodal evaluation
across both speech and text modalities. The
quality estimation version of BLASER 2.0 is a
reference-free quality estimation framework that
assesses translation quality by directly compar-
ing the source input and the generated hypothesis,
without relying on human reference translations.
The framework leverages SONAR (Duquenne
et al., 2023, Sentence-level mOdal-agnostic rep-
resentAtions), which provides a shared embed-
ding space across languages and modalities for
both speech and text. Technically, BLASER 2.0
QE computes quality scores using multimodal
SONAR embeddings, enabling direct comparison
between source speech and target text representa-
tions. In this task, the system takes SONAR em-
beddings of the source speech and target text as
input features for quality estimation.

SpeechCOMET (Züfle et al., 2026) extends the
COMETKiwi22 (Rei et al., 2022) architecture
with a SONAR speech encoder (Duquenne et al.,
2023), enabling quality estimation directly from
source speech. The resulting speech and text
representations are fused and passed to a multi-
layer perceptron trained to predict human qual-
ity judgments. The model is trained on a com-
bination of IWSLT 2026 shared task training data
and WMT human evaluation data extended with
TTS-synthesised source speech. We evaluate the
speech+text variant, which conditions on both the
source audio and source text.

SpeechLLM FT (Züfle et al., 2026) fine-tunes
Qwen2.5-Omni-7B (Xu et al., 2025a), a state-of-
the-art multimodal large language model, for qual-
ity estimation of speech translation. The model is
prompted with the source audio, transcript and hy-
pothesis translation and is instructed to output a
single scalar quality score between 0 and 1. Fine-
tuning is performed on the provided IWSLT 2026
shared task metrics training data.

5.2 Submissions

Zarzu and Zouhar (2026) investigate whether
incorporating source audio improves automatic
metrics for speech translation quality estimation
through two standard metric paradigms. Speech-
LLM uses few-shot prompting on an open-source
multimodal LLM (Phi-4-multimodal-instruct,
Abouelenin et al., 2025), while COMET+audio
extends CometKiwi with an audio modality,
fusing InfoXLM (Chi et al., 2021) text represen-
tations with Whisper (Radford et al., 2023) audio
embeddings. They evaluate both methods across
input configurations that isolate the contribution
of each modality. Surprisingly, they find that
incorporating audio yields no reliable gains
over text-only baselines, which they attribute to
audio–transcript misalignments and the technical,
low-prosody-occurrence nature of the evaluation
data.

Krahn and Fosler-Lussier (2026) proposes
HydraQE, a quality estimation system for speech
translation built on a Qwen3-ASR-1.7B (Team,
2026) backbone. The model accepts source audio
and a text translation hypothesis as joint input, ex-
tracts layer-mixed representations via a learnable
sparsemax scalar mix, and re-encodes them with
a bidirectional transformer to enable full cross-
modal interaction. Three independent predic-
tion heads are each trained on a distinct supervi-
sion signal: human direct assessment annotations,
MetricX-24-XXL pseudo-labels (Juraska et al.,
2024), and xCOMET-XXL pseudo-labels (Guer-
reiro et al., 2024). Training follows a curriculum
that begins on synthetic and silver data and gradu-
ally shifts weight toward human-annotated exam-
ples. Their primary submission is a weighted en-
semble of the DA and MetricX heads (choosing
best checkpoint for each), balancing segment-level
with system-level scores. Contrastive submissions
include each individual head in isolation and an
equal-weighted average of all three heads.

Dinh and Niehues (2025) propose Boosted-
Prob, an unsupervised quality estimation method
that modifies a model’s softmax output distribu-
tion at each decoding step, boosting the probabil-
ity mass of high-confidence tokens to better align
resulting scores with actual translation quality.
Whisper Large V3 (Radford et al., 2023) is used
to force-decode the provided translations, obtain-
ing per-token softmax distributions conditioned on
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Segment System Segment
EnDe

Segment
EnZh

System
EnDe

System
EnZh

Zarzu and Zouhar (2026)

MLP (speech) 14.1 80.2 12.6 15.7 82.4 78.0
MLP (text) 15.7 80.0 15.4 16.0 81.5 78.5
MLP (text+speech) 15.8 81.0 15.2 16.5 81.5 80.5
Phi4 (speech) 15.5 91.3 13.5 17.6 87.8 94.8
Phi4 (text) 23.2 96.4 24.3 22.1 97.1 95.7
Phi4 (text+speech) ◂ 17.6 96.3 19.3 15.8 94.2 98.4

Dinh and Niehues (2025)

BoostedProb (text) ◂ 14.3 43.3 17.8 10.8 59.2 27.4
Gupta (2026)

Lexilogic (text) ◂ 31.4 96.8 31.4 31.4 94.7 98.9
Shah et al. (2026)

TieCal (text) ◂ 33.0 94.1 33.7 32.3 95.9 92.4
Krahn and Fosler-Lussier (2026)

HydraQE (DA head) (speech) 34.7 97.2 36.1 33.3 98.5 95.9
HydraQE (MetricX head) (speech) 33.7 97.2 34.9 32.5 98.7 95.6
HydraQE (XComet head) (speech) 34.6 95.8 36.7 32.5 98.0 93.6
HydraQE (all heads avg) (speech) 34.6 96.9 36.1 33.0 98.7 95.2
HydraQE (primary) ◂ (speech) 34.5 97.3 35.8 33.2 98.6 96.1

Organizers

BLASER (speech) 22.6 85.9 25.9 19.4 83.9 87.8
COMETkiwi (text) 32.9 94.2 33.0 32.7 95.9 92.5
COMETpartial (text) 14.7 81.4 15.8 13.5 92.8 70.0
SpeechCOMET (text+audio) 30.0 91.6 32.7 27.4 88.5 94.7
SpeechLLM FT (text+audio) 25.6 95.1 23.3 28.0 96.8 93.5
SpeechQE (speech) 26.1 91.3 29.6 22.5 91.6 91.1

Annotators

Random human annotator 46.2 98.8 45.8 46.6 98.4 99.1

Table 17: Main results for IWSLT 2026 Speech Translation Metrics Track on segment- and system-level (all values×100). The ◂ denotes primary submission from a team. Segment scores are Kendall’s τb correlation (range −100
to 100), system scores are Soft Pairwise Accuracy (range 0 to 100).

the source audio and translation prefix. Boosted-
Prob is applied on top of these distributions, and
the sentence-level quality score is computed as the
log mean of the per-token scores. The method re-
quires no QE training data, no task-specific fine-
tuning, and only a single forward pass through
Whisper.

Gupta (2026) fine-tune COMETKiwi-22 (Rei
et al., 2022) on the provided transcripts with a
pairwise ranking objective that directly optimizes
within-document Kendall τb. Training pairs are
constructed from translations of the same source
document with a score difference exceeding 1
point, using a combined loss of adaptive margin
ranking and MSE for calibration, where the mar-
gin scales with the gold score gap. Training fol-
lows a two-phase schedule in which the XLM-
RoBERTa-Large (Conneau et al., 2020) encoder
is frozen during warmup and then unfrozen with
a lower learning rate.

Shah et al. (2026) propose tie calibration as
a simple post-processing of the COMETKiwi-22
model, which is text-based. It maps continuous

output scores into discrete bins to obtain ties on
very similar inputs, because Kendall’s τb, the pri-
mary meta-evaluation objective in this task, favors
ties over wrong rankings. The mapping is con-
trolled by threshold that maximizes the mean per-
document Kendall’s τb on the training data.

6 Results

General Trends. Table 17 reports the primary
meta-evaluation results for all submissions based
on averaged human scores. System-level scores
are consistently high across all metrics; however,
this is partly because for 35.5% of the data (all
non-ACL domains), only two systems are eval-
uated, the offline submission and the reference,
making pairwise ranking trivially easy. Even for
the ACL domain where 8 systems are evaluated,
top metrics achieve SPA scores of 93–97, only
slightly below the perfect 100 seen on two-system
domains for the top metrics. In contrast, segment-
level evaluation is low compared to the agreement
between human annotators.

The best performing metrics at the segment
level are HydraQE (speech-based, 34.5), TieCal
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(text-based, 33.0), and Lexilogic (text-based,
31.4), compared to a human annotator agreement
of 45.8 for English–German and 46.6 for English–
Chinese, highlighting the large remaining gap be-
tween automatic metrics and human judgment.
The two language pairs show broadly compara-
ble performance, with a slight English–German
advantage for several metrics: for the top system,
HydraQE scores 35.8 on English–German versus
33.2 on English–Chinese. TieCal (33.7 vs. 32.3)
and BLASER (25.9 vs. 19.4) show a similar pat-
tern, while Lexilogic performs identically on both
(31.4).

Automatic Transcript vs. Human Transcript
as Source. For the ACL domain, where human
source transcripts are available, comparing results
on human transcripts versus Whisper-generated
automatic transcripts reveals surprisingly little dif-
ference in segment-level performance across text-
based metrics (Table 42 in the appendix). For
instance, Phi4 (text) scores 34.8 on human tran-
scripts versus 34.2 on Whisper transcripts, and
top-performing systems such as TieCal (47.7 vs.
46.5) and Lexilogic (44.3 vs. 43.0) show simi-
larly small gaps. In some cases, metrics even per-
form slightly better on Whisper transcripts, e.g.
COMETpartial (24.1 vs. 24.2).

Domain-Level Results. Domain-specific results
are reported in Tables 43 to 45 in the appendix.
For comparability across domains, these tables
include only the offline system and the refer-
ence translation, making system-level compari-
son trivial, most metrics achieve SPA of 100.
A notable exception is the CallCenter domain,
where text-based metrics such as TieCal (82.7)
and COMETkiwi (84.0) fail to consistently rank
the reference above the offline system. Segment-
level performance varies considerably across do-
mains: metrics score highest on TVSeries (e.g.
COMETkiwi 39.1, TieCal 38.0, human agreement
47.7) and lowest on CallCenter (e.g. TieCal 20.9,
COMETkiwi 20.7, human agreement 42.4), with
ACL in between (e.g. TieCal 28.2, COMETkiwi
27.1, human agreement 44.6).

Text vs. Speech Models. The overall top-
performing submitted system, HydraQE (Krahn
and Fosler-Lussier, 2026), is speech-based,
though the margin over the best text-based sys-
tem is small (34.5 vs. 33.0 for TieCal). Text-based
models generally perform competitively with or

better than speech-based and multimodal counter-
parts at the segment level, at least for the high-
resource language pairs that we evaluate. This
is confirmed by the direct ablation of Zarzu and
Zouhar (2026), whose text-only Phi4 model out-
performs the speech-only and text+speech vari-
ants (23.2 vs. 15.5 and 17.6), a gap that is pre-
served even when using ASR transcripts (at most
1.3 points difference between human and Whis-
per transcripts across metrics, see Table 42). Sim-
ilarly, the text-only COMETkiwi baseline out-
performs audio-based organizer baselines such as
BLASER (22.6) and SpeechQE (26.1).

7 Discussion and Conclusion

Overall, the results from 5 participating teams
with 14 submitted systems show that current au-
tomatic metrics for speech translation quality esti-
mation still fall considerably short of human judg-
ment at the segment level, despite performing well
at ranking systems. Text-based and speech-based
metrics perform surprisingly similarly, suggesting
that the test data does not expose speech-specific
phenomena, such as prosody, speaking style, or
speaker gender, that would require audio input
to assess translation quality (Züfle et al., 2026).
Similarly, using ASR transcripts instead of hu-
man transcripts has little impact on metric perfor-
mance, indicating that ASR quality is not a bot-
tleneck for current approaches on English source
speech, for the relatively high-resource language
pairs tested here. Nevertheless, submitted metrics
advance the state of the art over existing baselines,
demonstrating that the shared task has success-
fully stimulated progress in this underexplored
area.
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Xutai Ma, Prashant Mathur, Evgeny Matusov, Chan-
dresh Maurya, John McCrae, and 25 others. 2024.
FINDINGS OF THE IWSLT 2024 EVALUATION
CAMPAIGN. In Proceedings of the 21st Interna-
tional Conference on Spoken Language Translation
(IWSLT 2024), pages 1–11, Bangkok, Thailand (in-
person and online). Association for Computational
Linguistics.

Mo Ahtasam, Jamal Uddin, and Mohammad Nadeem.
2026. Balancing Linguistic Intelligibility and
Speaker Identity in Zero-Shot Cross-Lingual Voice
Cloning. In Proceedings of the 23rd Interna-
tional Conference on Spoken Language Translation
(IWSLT 2026), San Diego, USA (in-person and on-
line). Association for Computational Linguistics.

Farhad Akhbardeh, Arkady Arkhangorodsky, Mag-
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Duarte Miguel Alves, José Pombal, Nuno M Guerreiro,
Pedro Henrique Martins, João Alves, Amin Farajian,
Ben Peters, Ricardo Rei, Patrick Fernandes, Sweta
Agrawal, Pierre Colombo, José G. C. de Souza, and
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Appendix A. Human Evaluation

A Human Evaluation

Human evaluation includes direct assessment for the offline, compression, and instruction following
tasks (A.1).

A.1 Direct Assessment

For the offline translation track (Section I), compression track (Section III), and instruction following
track (Section IX), we conduct a human evaluation of primary submissions. Human graders are asked
for direct assessment (DA) (Graham et al., 2013; Cettolo et al., 2017; Akhbardeh et al., 2021) of the
system output given the input audio, expressed as scores ranging from 0 to 100. We include the Business,
CallCenter, TVSeries, ACL, and Accent sets in English to German and English to Chinese directions for
human evaluation. Human eval is done over the entire set, with no subsampling performed.

Since many tasks have standardized their test sets, we evaluate all outputs for a given test set, across
any task that used the respective test set. This gives us the opportunity to compare across tasks and get a
general sense of the relative progress across tasks. Caution should be exercised when comparing systems
across tasks, as the tasks may have somewhat different objectives.

A.1.1 Automatic Segmentation
We collect segment-level annotations based on the re-segmented test data, generating automatic reseg-
mentations of the hypothesis based on the reference translation by mwerSegmenter.81 Because we do
not want issues from the segmentation to influence scores negatively, we follow Sperber et al. (2024) and
provide translators not only with the source audio and system translation but also with the system transla-
tion of the previous and following segments. Segments are shuffled and randomly assigned to annotators
to avoid bias related to the presentation order. Annotation is conducted by professional translators fluent
in the source language and native in the target language.

A.1.2 Computing System Rankings
System rankings are produced from average DA scores, normalized according to each individual an-
notator’s mean and standard deviation, following the procedure of Akhbardeh et al. (2021). Statistical
significance of pairwise differences between (system, task) cells is established via the Wilcoxon rank-
sum (Mann-Whitney U) test with p < 0.05, applied to per-segment averaged z-scores over the common
source segments of each pair. Within a given test set, every task uses the same source audio segments, so
cross-task cell pairs are testable on the full segment set. Rank ranges are derived from win/loss counts in
the clustering procedure.

We present one ranking table per (language pair, test set) combination, with each (system, task) com-
bination as a separate row. Annotation items were shuffled and distributed randomly across annotators,
so that each annotator saw a mix of test sets and tasks within a vendor batch. This allows per-annotator
score normalization to be applied uniformly.

To increase the robustness of the evaluation, annotations were collected from two independent vendor
pools, which produced 3 and 1 annotations per source segment, respectively. Scores from both pools are
pooled prior to ranking and per-annotator normalization. Because ranks are derived from a rank-based
test, two systems with a sizeable mean-score gap may still fall in the same cluster when their per-segment
score distributions overlap heavily; the median score column is included to help interpret such cases.

A.2 Towards Efficient Evaluation

The previous IWSLT evaluation campaign (Abdulmumin et al., 2025) reported negative results in using
informative subset selection. This was attributed to the lower quality of human evaluation in terms of
mismatched segmentation. This year’s human evaluation does not suffer from the same problems. This

81www-i6.informatik.rwth-aachen.de/web/Software/mwerSegmenter.tar.gz
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enables using smaller number of human annotations, such as based on item-level diversity of transla-
tion outputs (Zouhar et al., 2025), to arrive at the same evaluation outcome with only a portion of the
evaluation cost (Figure 1).
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Figure 1: System-level ranking correctness and number of statistical clusters with respect to the proportion of
evaluated subset size. Selecting based on character-level F-score diversity in model outputs leads to both correct
correlation and ranking that is statistically stable.
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Table 18: Human evaluation scores for en→de on the ACL test set (968 source segments; 3,872 annotations; 4
annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 90.6 +0.418 92.5
if short KIT 2-3 86.5 +0.258 90.0
offline HW-TSC 2-3 82.3 +0.098 91.0
if short BSC 4 83.0 +0.120 88.0
if short NLE 5-6 79.5 -0.016 83.0
if short FBK 5-6 78.4 -0.054 82.0
if long KIT 7 70.2 -0.381 82.0
if long FBK 8 68.5 -0.442 78.8

Table 19: Human evaluation scores for en→de on the Accent test set (1,448 source segments; 5,792 annotations; 4
annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 80.1 +0.115 88.0
offline HW-TSC 2 73.6 -0.115 83.8

Table 20: Human evaluation scores for en→de on the Business test set (441 source segments; 1,764 annotations; 4
annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 89.8 +0.135 91.8
offline HW-TSC 2 84.9 -0.135 88.5

Table 21: Human evaluation scores for en→de on the CallCenter test set (1,357 source segments; 5,428 annotations;
4 annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 87.8 +0.108 91.8
offline HW-TSC 2 82.9 -0.108 90.0

Table 22: Human evaluation scores for en→de on the TVSeries test set (1,488 source segments; 5,952 annotations;
4 annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1-2 76.6 +0.079 84.0
offline HW-TSC 1-2 71.2 -0.079 84.8
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Table 23: Human evaluation scores for en→zh on the ACL test set (968 source segments; 3,872 annotations; 4
annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 89.3 +0.394 91.0
if short KIT 2-3 87.8 +0.327 90.0
offline HW-TSC 2-3 81.3 +0.060 89.8
if short NLE 4 83.0 +0.140 86.5
if short FBK 5-7 82.3 +0.107 85.1
if short BSC 5-7 79.7 +0.003 85.2
if long KIT 5-7 74.3 -0.224 86.5
if long FBK 8 60.0 -0.806 75.8

Table 24: Human evaluation scores for en→zh on the Business test set (441 source segments; 1,764 annotations; 4
annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 88.1 +0.076 89.5
offline HW-TSC 2 86.1 -0.076 89.2

Table 25: Human evaluation scores for en→zh on the CallCenter test set (1,357 source segments; 5,428 annotations;
4 annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 89.4 +0.145 91.5
offline HW-TSC 2 83.9 -0.145 90.0

Table 26: Human evaluation scores for en→zh on the TVSeries test set (1,506 source segments; 6,024 annotations;
4 annotations per source segment).

Task System Rank ↑ Mean Score Mean z Median Score

offline ref 1 82.8 +0.155 90.2
offline HW-TSC 2 73.6 -0.155 86.2
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Figure 2: SPEECHM architecture. The platform is composed of the WebUI for managing user submissions and
showing evaluation results, produced by the evaluation scripts executed in the scope of Slurm jobs on the HPC
Ares (for CPU-based calculations) and Athena (for GPU-based calculations) HPC clusters.

Appendix B. Automatic Evaluation Results and Details

B.1 Evaluation Server
B.1.1 Introduction
The Evaluation Server is a collection of benchmarking resources and tools to evaluate the capability of
user systems with respect to a set of tasks. It is part of the SPEECHM platform, released by the Meetween
European Project82, which consists of (a) ten downstream tasks, (b) a set of task-dependent evaluation
metrics and (c) a WebUI for submissions and performance tracking by means of a leaderboard.

For the IWSLT-2025 Evaluation Campaign a dedicate instance of the SPEECHM has been developed,
named SPEECHM-IWSLT202583. It supports three of the IWSLT-2025 shared tasks, namely the Offline,
the Model Compression and the Instruction Following tasks.

B.1.2 User operations
Given a task testset (e.g. the TvSeries English-German testset for the Offline SLT task), users typically
perform the following operations:
1. download the source data (i.e. the English audios archive);
2. run their system and produce the hypothesis output (i.e. the German translations)
3. submitt their system output (i.e. the German translations);
4. wait for the evaluation process and read the evaluation scores (e.g. the COMET, and BLEU scores).

The SPEECH-IWSLT2025 allows the users to perform the above operations except the 2. one (users
are expected to run their systems outside the Evaluation Server). In addition users can also delete and
replace a submission with another one.

Submissions are managed trough the concept of user models, a user-defined entity that describes the
main features of a given user system. By means of models, users can submitt multiples hypothesis
82www.meetween.eu
83iwslt2025.speechm.cloud.cyfronet.pl
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Figure 3: SPEECHM leaderboard.

outputs for the same task testset, one for each different developed system.

B.1.3 The Web UI
The Web UI facilitates the submission process, manages evaluation submissions, and monitors inter-
actions with the external HPC cluster. This workflow is illustrated in Figure 2. Initially, users must
create an account in the SPEECHM system, a straightforward process due to its integration with PLGrid,
GitHub, and Google identity providers. Once registered, users can download the challenge input files
(Step 1). These files serve as input for the participant’s model inference (Step 2), which must currently
be performed outside the SPEECHM system. In future iterations, SPEECHM aims to integrate this step
as well.

After generating the outputs, users can conveniently upload them to the SPEECHM portal (Step 3).
At this stage, challenge owners initiate the hypothesis evaluation process (Step 4). This step is restricted
to challenge owners since they alone have access to the HPC computational resources required for eval-
uation. SPEECHM employs slurmrestd84 to submit SLURM jobs to HPC clusters and to monitor job
execution status.

Upon completion of the evaluations, the scores are stored in the SPEECHM database (Step 5). These
scores contribute to generating various leaderboards, such as those specific to a task, testset, or model.
An example leaderboard is shown in Figure 3.

B.1.4 The evaluation scripts
The evaluation metrics are computed through a set of scripts that run on the PLGRID clusters85. Scripts
to compute the metrics that benefit from usage of GPU cards (such as COMET, BLEURT and BERT
scores) run on the Athena86 cluster while the other scripts (computing ASR, BLEU and CharacTER
scores) are executed on the Ares cluster87.

It is worth noticing here that while the references of the Offline and Model Compression task testsets
are typically unstructured plain files, those of the Instruction Following task are structured as XML files.
Therefore, the evaluation script for the Instruction Following task testsets has been developed specifically
in order to manage the XML input structure.

B.2 Offline Speech Translation
B.3 Offline SLT

• Systems are ordered according to the COMET score (denoted by COMET, the first column).
84slurm.schedmd.com/slurmrestd.html
85portal.plgrid.pl
86www.cyfronet.pl/en/19073,artykul,athena.html
87www.cyfronet.pl/en/computers/18827,artykul,ares supercomputer.html
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• The “Joint” table is computed by averaging the scores of all the test sets, aka macro-averaging.
• The “D” column indicates the data condition in which each submitted run was trained, namely: Con-

strained (C), Constrained+LLM (C+), Unconstrained (U).
• This year, we have submissions of both cascade and end-to-end architectures.

System D Joint
COMET (↑) BLEU (↑) BLEURT (↑) chrF (↑) CharacTER (↓) TER (↓)

HW-TSC U 0.796 38.2 0.590 66.64 0.450 54.58
TV Series

HW-TSC U 0.69 17.27 0.520 43.75 0.582 88.35
Scientific Presentations

HW-TSC U 0.874 48.22 0.601 79.13 0.392 43.4
Call Center

HW-TSC U 0.797 35.07 0.668 62.23 0.421 50.78
YouTube videos

HW-TSC U 0.67 31.12 0.496 57.16 0.577 55.56
Business News

HW-TSC U 0.803 36.09 0.669 64.93 0.386 56.92
Accented English Conversations

HW-TSC U 0.698 22.28 0.559 52.53 0.564 75.24
Synthetic TTS Audio data 1

HW-TSC U 0.877 51.3 0.607 80.29 0.356 39.65
Synthetic TTS Audio data 2

HW-TSC U 0.879 50.62 0.61 80.06 0.380 40.23
Synthetic TTS Audio data 3

HW-TSC U 0.874 50.19 0.578 79.68 0.392 41.21

Table 27: Official results of the automatic evaluation for the Offline Speech Translation Task on official test sets,
English to German.

B.4 Low-resource Speech Translation
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System D Joint
COMET (↑) BLEU (↑) BLEURT (↑) chrF (↑) CharacTER (↓) TER (↓)

HW-TSC U 0.847 44.55 0.585 39.10 0.563 55.55
TV Series

HW-TSC U 0.738 26.16 0.494 22.81 0.673 66.42
Scientific Presentations

HW-TSC U 0.911 55.39 0.605 48.63 0.496 55.98
Call Center

HW-TSC U 0.83 35.57 0.645 30.69 0.57 49.31
YouTube videos

HW-TSC U 0.715 28.48 0.475 25.45 0.746 57.24
Business News

HW-TSC U 0.854 40.09 0.649 34.75 0.582 55.59
Synthetic TTS Audio data 1

HW-TSC U 0.909 57.62 0.607 50.77 0.465 51.72
Synthetic TTS Audio data 2

HW-TSC U 0.908 56.86 0.606 50.27 0.474 54.38
Synthetic TTS Audio data 3

HW-TSC U 0.907 56.22 0.598 49.39 0.495 53.73

Table 28: Official results of the automatic evaluation for the Offline Speech Translation Task on official test set,
English to Chinese. When computing the TER scores via sacreBLEU, we provide these two additional arguments:
“–ter-normalized” and “–ter-asian-support”
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B.5 Compression Task
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Table 29: COMET scores across datasets and settings for English–German (en–de).

Setting Storage (GB) ACL6060 BUSINESSNEWS CALLCENTER CHALLENGEACCENT TVSERIES YOUTUBE

Full Precision 16.8 0.665 0.405 0.507 0.546 0.387 0.415
4-bit 5.9 0.591 0.357 0.457 0.504 0.378 0.379

TalTech constrained primary 5.1 0.319 0.122 0.155 0.668 0.169 0.150
KIT unconstrained primary 4.0 0.767 0.630 0.617 0.363 0.474 0.504
KIT unconstrained contrastive1 4.0 0.756 0.616 0.627 0.364 0.490 0.519

Table 30: COMET scores across datasets and settings for English-Chinese (en-zh).

Setting Storage (GB) ACL6060

Full Precision 16.8 0.538
4-bit 5.9 0.575

APG constrained primary 10.3 0.339
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B.6 Subtitling Task
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Trg Set Team System Sub. qual. Translation quality Subtitle compliance
lang. SubER Bleu ChrF Bleurt CPS CPL LPB

ar

tst26

APPTEK prmry 67.31 17.85 48.80 .5688 99.81 100.00 100.00
APPTEK cntrs1 67.60 18.11 49.09 .5699 93.61 100.00 100.00

FBK prmry 70.22 16.05 47.18 .5583 91.15 94.98 86.36
FBK cntrs1 73.03 14.11 44.57 .5206 91.69 100.00 100.00
FBK cntrs2 77.27 14.08 44.41 .5244 81.40 100.00 99.94

tst25

APPTEK prmry 61.64 22.28 53.38 .6054 99.91 100.00 99.97
APPTEK cntrs1 61.72 22.60 53.75 .6078 92.46 100.00 99.97

APPTEK 25 prmry 62.13 21.55 52.75 .5945 99.81 100.00 100.00
FBK prmry 65.60 19.29 50.93 .5994 91.43 94.41 88.05
FBK cntrs1 67.92 17.66 49.13 .5680 91.62 100.00 100.00
FBK cntrs2 76.63 16.42 47.93 .5564 74.68 100.00 99.95

de

tst26

FBK prmry 52.22 37.80 63.26 .6539 72.16 92.83 75.55
APPTEK prmry 53.63 32.86 59.10 .5979 77.25 100.00 99.01

FBK cntrs2 54.58 32.50 59.21 .5980 71.42 100.00 99.95
APPTEK cntrs1 54.59 30.95 57.01 .5826 93.55 100.00 99.01

FBK cntrs1 56.51 33.55 59.59 .6093 73.23 100.00 100.00

tst25

FBK prmry 48.72 41.51 65.36 .6657 71.46 92.74 79.11
APPTEK prmry 49.84 37.94 62.20 .6234 73.50 100.00 98.92

APPTEK 25 prmry 50.87 35.25 59.17 .6020 92.44 100.00 100.00
APPTEK cntrs1 51.00 35.03 59.26 .6037 92.72 100.00 98.92

FBK cntrs1 52.69 37.48 62.82 .6333 71.69 100.00 100.00
FBK cntrs2 53.05 36.34 61.99 .6215 69.62 100.00 99.97

ja tst26

APPTEK prmry 76.05 11.57 16.49 .2545 26.10 100.00 96.22
APPTEK cntrs1 76.94 11.25 16.33 .2575 25.17 100.00 95.97

FBK cntrs2 84.85 8.74 13.54 .2309 9.30 58.96 100.00
FBK prmry 86.64 10.39 15.72 .2488 19.18 69.73 100.00
FBK cntrs1 107.20 4.72 7.96 .0913 14.07 100.00 100.00

zh tst26

APPTEK cntrs1 58.78 29.82 25.66 .5094 100.00 100.00 100.00
APPTEK prmry 59.39 30.44 25.82 .5129 99.88 100.00 99.94
HW-TSC prmry 59.72 33.64 29.23 .5316 98.82 99.26 100.00

FBK cntrs2 61.55 28.34 24.29 .4852 96.89 50.76 100.00
FBK prmry 78.15 30.13 25.74 .4762 95.58 89.17 100.00
FBK cntrs1 89.15 28.43 24.40 .4376 96.50 100.00 100.00

Table 31: Subtitling Task: automatic evaluation scores on Asharq-Bloomberg domain. Systems are sorted by
SubER score within each group. prmry/cntrstv stands for primary/contrastive systems. Results obtained on the
legacy test set (tst25) by re-evaluating runs submitted in previous shared task editions are shown in gray.

Trg Set Team System Sub. qual. Translation quality Subtitle compliance
lang. SubER Bleu ChrF Bleurt CPS CPL LPB

de tst26

APPTEK prmry 54.86 31.16 56.92 .6079 75.26 99.97 97.91
APPTEK cntrs1 55.87 29.78 55.45 .5752 76.11 100.00 99.95
APPTEK cntrs2 56.95 26.71 52.24 .5572 95.28 100.00 99.95

FBK prmry 58.14 31.21 57.13 .5823 69.08 95.29 97.49
FBK cntrs1 60.07 29.74 56.24 .5877 71.08 100.00 100.00
FBK cntrs2 61.25 27.29 52.41 .5334 69.10 100.00 100.00

ja tst26

APPTEK prmry 73.59 16.42 22.08 .3455 23.88 99.97 91.29
APPTEK cntrs1 76.92 10.36 15.83 .2640 34.63 100.00 98.31

FBK cntrs2 78.07 11.41 17.14 .2994 21.21 52.20 100.00
FBK prmry 83.67 11.10 16.53 .2709 40.81 78.23 100.00
FBK cntrs1 85.69 8.88 15.37 .2614 32.90 100.00 100.00

zh tst26

APPTEK prmry 61.69 26.54 23.19 .5132 98.61 100.00 99.75
APPTEK cntrs1 63.44 23.37 20.42 .4744 99.85 100.00 99.90
HW-TSC prmry 66.99 24.78 21.06 .4827 91.06 99.79 99.94

FBK cntrs1 68.79 23.47 20.31 .4823 92.23 100.00 100.00
FBK prmry 69.32 22.28 19.44 .4545 92.69 90.91 100.00
FBK cntrs2 73.65 18.97 16.61 .4032 73.42 83.01 100.00

Table 32: Subtitling Task: automatic evaluation scores on YODAS domain. Systems are sorted by SubER score
within each group. prmry and cntrstv stands for primary and contrastive systems, respectively.
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Trg Set Team System Sub. qual. Translation quality Subtitle compliance
lang. SubER Bleu ChrF Bleurt CPS CPL LPB

de

tst26

APPTEK cntrs1 67.30 21.36 46.00 .5179 99.26 100.00 100.00
FBK cntrs1 71.57 18.93 43.69 .4941 81.80 100.00 100.00

APPTEK prmry 74.01 18.62 47.83 .5408 90.48 100.00 94.67
FBK prmry 75.51 18.41 44.68 .5252 79.96 96.34 98.51
FBK cntrs2 78.40 16.04 36.16 .3853 76.30 100.00 100.00

tst25

FBK cntrs1 62.91 19.97 41.61 .5108 71.23 100.00 100.00
APPTEK cntrs1 64.16 17.83 40.06 .4839 98.51 100.00 100.00

FBK prmry 64.76 21.73 44.02 .5529 67.77 96.27 96.65
APPTEK prmry 64.89 20.50 44.68 .5356 83.67 100.00 93.53

FBK cntrs2 68.88 17.10 37.91 .4389 67.68 100.00 100.00

tst24

APPTEK cntrs1 66.28 18.87 41.68 .4966 98.13 100.00 99.96
FBK cntrs1 70.03 18.40 42.12 .5088 71.83 100.00 100.00

APPTEK prmry 71.44 18.29 44.49 .5257 83.20 100.00 93.42
FBK prmry 71.78 18.74 43.61 .5380 70.29 95.46 95.85
FBK cntrs2 75.90 16.13 37.34 .4288 67.77 100.00 100.00

tst23

APPTEK cntrs1 64.27 19.01 41.91 .5068 98.38 100.00 100.00
APPTEK 25 prmry 65.26 18.80 41.83 .5012 93.32 100.00 100.00

FBK cntrs1 66.98 19.95 42.51 .5091 70.58 100.00 100.00
APPTEK prmry 67.91 20.09 46.26 .5520 81.72 100.00 93.67

APPTEK 24 prmry 68.70 17.96 41.40 .4720 67.64 100.00 99.96
APPTEK 23 prmry 69.15 14.42 35.51 .4023 86.01 100.00 100.00

FBK prmry 69.50 20.25 44.81 .5492 67.84 95.65 95.92
HW-TSC 24 prmry 70.97 18.33 42.97 .5057 60.15 62.37 100.00

TLT 23 prmry 71.35 14.90 37.26 .4438 80.21 99.47 100.00
FBK cntrs2 73.19 17.30 38.00 .4301 68.01 100.00 100.00

FBK 24 prmry 74.25 16.16 36.10 .3928 54.70 92.97 100.00
FBK 23 prmry 81.45 8.03 26.42 .2283 67.75 85.12 100.00

es

tst26

APPTEK cntrs1 60.49 23.36 47.81 .5630 99.73 100.00 100.00
APPTEK prmry 62.86 23.34 48.86 .5735 94.06 100.00 97.84

FBK cntrs1 63.28 21.17 43.84 .5152 86.37 100.00 100.00
FBK prmry 65.65 22.53 45.49 .5488 82.96 96.23 99.46
FBK cntrs2 70.32 17.11 37.19 .4030 82.16 100.00 100.00

tst24

APPTEK cntrs1 62.56 23.04 46.29 .5115 99.30 100.00 100.00
APPTEK prmry 64.87 23.60 48.56 .5378 88.64 100.00 97.27

FBK cntrs1 66.41 21.71 44.54 .4954 76.80 100.00 100.00
FBK prmry 67.75 22.15 46.07 .5251 75.67 96.39 96.91
FBK cntrs2 71.59 18.23 39.87 .4220 73.93 100.00 100.00

tst23

APPTEK cntrs1 62.42 23.85 47.32 .5266 99.34 100.00 100.00
APPTEK prmry 64.67 23.65 49.70 .5514 88.12 100.00 97.05

FBK cntrs1 65.59 22.83 45.61 .4962 75.89 100.00 100.00
APPTEK 24 prmry 66.55 22.05 45.49 .4782 77.61 100.00 100.00
HW-TSC 24 prmry 66.78 22.44 46.67 .5098 68.95 67.58 100.00

FBK prmry 67.28 23.16 47.69 .5356 73.84 96.22 97.20
TLT 23 prmry 69.34 18.52 41.41 .4530 81.93 99.51 100.00
FBK 24 prmry 70.35 19.15 40.08 .3959 62.11 94.22 100.00

FBK cntrs2 73.08 19.58 40.49 .4122 70.60 100.00 100.00
APPTEK 23 prmry 80.33 11.23 29.87 .2478 94.67 100.00 100.00

FBK 23 prmry 81.41 9.23 27.44 .2083 74.67 92.94 100.00

ja tst26

APPTEK prmry 78.81 7.61 12.19 .2521 91.88 100.00 99.86
APPTEK cntrs1 82.55 8.50 14.26 .2872 75.78 100.00 99.59

FBK prmry 91.44 7.21 14.06 .2845 61.60 73.89 100.00
FBK cntrs1 96.88 7.37 14.00 .2661 56.63 100.00 100.00
FBK cntrs2 97.94 5.39 10.41 .1831 23.16 68.88 100.00

zh tst26

APPTEK cntrs1 56.43 32.85 27.89 .5419 99.93 100.00 99.93
APPTEK prmry 57.13 33.27 28.14 .5681 99.53 100.00 99.26

FBK cntrs1 63.84 24.85 21.51 .4703 97.25 100.00 100.00
FBK prmry 64.78 24.94 21.47 .4931 96.57 93.38 100.00

HW-TSC prmry 70.87 24.18 21.77 .4978 84.22 99.89 100.00
FBK cntrs2 79.72 17.98 15.81 .3426 68.81 94.02 100.00

Table 33: Subtitling Task: automatic evaluation scores on ITV domain. Systems are sorted by SubER score within
each group. prmry/cntrstv stands for primary/contrastive systems. Results obtained on the legacy test sets (tst23,
tst24 and tst25) by re-evaluating runs submitted in previous shared task editions are shown in gray.
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Figure 4: Quality-latency tradeoff curves for Czech→English Test Set. Latency is measured by computation-
unaware LongYAAL in seconds, quality is measured by XCOMET-XL. Pareto frontier (red line) represents optimal
systems where neither quality or latency can be improved without sacrificing the other.
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Figure 5: Quality-latency tradeoff curves for English→German ACL Test Set. Latency is measured by
computation-unaware LongYAAL in seconds, quality is measured by XCOMET-XL. Pareto frontier (red line)
represents optimal systems where neither quality or latency can be improved without sacrificing the other.
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Figure 6: Quality-latency tradeoff curves for English→Chinese ACL Test Set. Latency is measured by
computation-unaware LongYAAL in seconds, quality is measured by XCOMET-XL. Pareto frontier (red line)
represents optimal systems where neither quality or latency can be improved without sacrificing the other.
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Figure 7: Quality-latency tradeoff curves for English→Italian ACL Test Set. Latency is measured by computation-
unaware LongYAAL in seconds, quality is measured by XCOMET-XL. Pareto frontier (red line) represents optimal
systems where neither quality or latency can be improved without sacrificing the other.
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Figure 8: Quality-latency tradeoff curves for English→German ACL Test Set. Latency is measured by
computation-unaware LongYAAL in seconds, quality is measured by XCOMET-XL.
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Figure 9: Quality-latency tradeoff curves for English→Chinese ACL Test Set. Latency is measured by
computation-unaware LongYAAL in seconds, quality is measured by XCOMET-XL.
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Figure 10: Quality-latency tradeoff curves for English→Italian ACL Context Test Set. Latency is measured by
computation-unaware LongYAAL in seconds, quality is measured by XCOMET-XL.

Regime Pl. System COMET BLEU chrF LongYAAL LongLAAL LongDAL StreamLAAL

IWSLT 2026 Test Set

high

1 NEMO (logs) 0.91 48.72 70.07 4.2 4.0 5.9 4.1
2 CUNI-POCKET 0.88 44.77 66.69 4.2 [4.6] 4.1 [4.5] 5.7 [6.1] –
2 MLLP-VRAIN UPV 0.87 47.06 69.78 3.8 [4.2] 3.9 [4.3] 5.0 [5.4] 4.0 [4.3]
3 PINCH-AST (logs) 0.76 31.37 59.21 4.7 4.6 7.0 4.7
3 CPII-HK (logs) 0.74 31.65 56.58 3.3 3.2 4.2 –

low

1 NEMO (logs) 0.89 49.21 70.62 1.9 1.8 3.1 1.8
2 CUNI-POCKET 0.83 39.74 64.34 2.1 [2.3] 2.1 [2.3] 3.2 [3.5] –
3 CPII-HK (logs) 0.74 32.22 58.72 2.7 2.7 3.9 –
3 MLLP-VRAIN UPV 0.74 39.14 67.16 2.0 2.0 2.9 2.1
4 PINCH-AST (logs) 0.64 24.36 55.17 2.1 2.1 3.7 2.1

IWSLT 2026 Development Set

high

1 NEMO (logs) 0.87 38.68 65.29 4.5 4.3 6.4 4.0
2 MLLP-VRAIN UPV 0.83 34.81 63.07 3.4 3.4 4.7 3.6
3 CUNI-POCKET 0.81 32.01 59.14 3.6 3.5 5.3 –
4 CPII-HK (logs) 0.67 23.85 51.36 3.5 3.4 4.6 –
4 PINCH-AST (logs) 0.65 24.12 53.64 4.6 4.4 7.2 4.5

low

1 NEMO (logs) 0.86 35.91 64.23 2.3 2.1 3.6 1.9
2 MLLP-VRAIN UPV 0.78 30.46 60.66 2.2 2.1 3.0 1.8
2 CUNI-POCKET 0.76 27.78 56.68 2.0 1.9 3.3 –
3 CPII-HK (logs) 0.67 23.14 53.30 2.7 2.7 4.1 –
4 PINCH-AST (logs) 0.54 17.78 49.37 2.5 2.5 4.2 2.3

Table 34: Results for Czech→English. Pl. = place within latency regime; shared with multiple systems if the scores
are deemed not significantly different by a paired t-test with bootstrap resampling (p > 0.05; Koehn, 2004). Bold =
best in the latency regime. Latency (in seconds): compute-unaware value [compute-aware value in brackets]. We
do not report compute-aware latency for systems which were submitted as logs.
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Regime Pl. System COMET BLEU chrF LongYAAL LongLAAL LongDAL StreamLAAL

ACL Test Set

high

1 NEMO (logs) 0.93 45.01 71.44 4.7 4.4 6.1 4.4
2 MLLP-VRAIN UPV 0.92 44.88 71.68 4.5 [4.9] 4.4 [4.8] 5.5 [5.9] 4.4 [4.8]
3 CPII-HK (logs) 0.90 36.56 67.19 3.2 3.2 4.2 –
4 CUNI-ALIGN 0.87 34.11 67.47 3.4 [3.6] 3.0 [3.2] 4.4 [4.6] 3.0 [3.3]
4 CUNI-POCKET 0.87 36.98 63.60 7.7 [8.3] 7.7 [8.3] 9.4 [10.0] –
4 PINCH-AST (logs) 0.87 34.23 65.39 6.1 5.8 7.8 5.8
5 CUHKSZ 0.86 35.36 64.82 2.6 2.5 3.4 2.5
5 Baseline 0.84 29.97 62.50 4.6 [4.8] 4.7 [4.9] 6.0 [6.2] 4.7 [4.9]
6 UW 0.56 16.29 47.06 6.5 [6.8] 6.7 [7.0] 8.2 [8.5] 6.6 [6.9]

low

1 NEMO (logs) 0.92 44.94 71.45 2.6 2.5 3.6 2.6
2 CPII-HK (logs) 0.87 32.93 63.64 2.9 2.7 3.5 –
3 CUHKSZ 0.86 33.24 63.99 2.0 2.0 2.6 2.0
4 CUNI-ALIGN 0.84 30.61 65.23 2.2 [2.4] 2.1 [2.2] 3.0 [3.2] 2.1 [2.2]
5 PINCH-AST (logs) 0.81 30.07 63.38 2.4 2.3 3.2 2.4
5 MLLP-VRAIN UPV 0.80 38.06 68.98 2.6 2.4 3.3 2.7
6 CUNI-POCKET 0.77 19.47 55.18 4.3 [4.7] 4.0 [4.5] 5.7 [6.2] –
6 Baseline 0.76 23.34 59.32 2.6 [2.7] 2.5 [2.7] 3.5 [3.6] 2.6 [2.7]

ACL Context Test Set

high

1 MLLP-VRAIN UPV 0.94 45.04 71.35 4.7 4.6 5.7 4.7
2 NEMO (logs) 0.93 44.84 71.44 4.7 4.3 6.1 4.4
3 Baseline 0.87 31.08 63.56 4.3 4.5 5.7 4.5
3 CUHKSZ 0.86 34.91 64.83 2.5 2.4 3.4 2.5

low

1 NEMO (logs) 0.92 45.42 71.49 2.6 2.4 3.5 2.5
2 CUHKSZ 0.87 34.04 65.02 2.0 2.0 2.6 1.9
3 MLLP-VRAIN UPV 0.83 39.26 69.36 2.7 2.6 3.5 2.7
4 Baseline 0.78 24.43 60.61 2.5 2.5 3.4 2.6

Bloomberg Test Set

high

1 NEMO (logs) 0.88 36.32 64.92 5.8 5.0 7.9 5.0
2 MLLP-VRAIN UPV 0.83 38.91 65.98 5.0 [5.5] 4.6 [5.1] 6.4 [6.9] 4.5 [4.9]
3 CUNI-POCKET 0.80 34.53 60.51 9.7 8.9 12.0 –
3 CPII-HK (logs) 0.79 32.91 62.21 3.9 3.6 4.9 –
4 PINCH-AST (logs) 0.76 28.53 59.07 5.6 4.8 7.8 4.7
5 Baseline 0.73 25.78 56.14 4.5 [4.7] 4.3 [4.5] 6.1 [6.4] 4.3 [4.5]
6 UW 0.40 16.11 46.49 6.6 [6.9] 6.2 [6.6] 8.8 [9.1] 5.6 [5.9]

low

1 NEMO (logs) 0.87 39.03 66.40 2.7 2.4 4.0 2.2
2 CUNI-ALIGN 0.74 29.04 61.49 2.1 [2.3] 1.8 [2.0] 3.3 [3.5] 1.6 [1.8]
3 CUNI-POCKET 0.67 22.70 55.99 2.1 2.0 3.4 –
3 CPII-HK (logs) 0.66 25.88 55.85 3.7 3.3 4.0 –
4 MLLP-VRAIN UPV 0.65 33.31 64.33 3.5 3.1 4.8 3.1
4 PINCH-AST (logs) 0.64 26.00 57.74 2.2 2.0 3.2 1.9

Yodas Test Set

high

1 NEMO (logs) 0.79 29.57 56.73 6.0 5.8 7.3 6.1
2 CUNI-POCKET 0.77 26.69 52.61 8.3 8.3 9.5 –
3 PINCH-AST (logs) 0.75 24.18 52.00 7.2 7.1 8.7 7.3
3 CPII-HK (logs) 0.74 24.98 51.71 4.0 4.0 4.8 –
4 MLLP-VRAIN UPV 0.72 26.92 55.91 6.8 [7.4] 7.0 [7.6] 8.1 [8.6] 7.2 [7.8]
5 CUNI-ALIGN 0.70 18.67 51.20 4.9 19.0 20.5 12.9
6 UW 0.52 9.17 34.60 8.1 [8.3] 8.1 [8.3] 9.1 [9.4] 8.7 [9.0]

low

1 NEMO (logs) 0.79 29.47 56.53 3.4 3.4 4.3 3.7
2 CUNI-ALIGN 0.72 27.21 54.43 3.1 [3.3] 3.1 [3.3] 3.9 [4.1] 3.2 [3.4]
3 PINCH-AST (logs) 0.69 22.30 50.70 2.7 2.8 3.5 3.1
4 Baseline 0.67 21.15 49.04 3.2 [3.3] 3.3 [3.4] 4.0 [4.1] 3.5 [3.6]
5 MLLP-VRAIN UPV 0.63 27.30 56.77 4.1 4.3 5.2 4.5

MCIF Development Set

high

1 NEMO (logs) 0.93 37.41 66.77 4.1 3.9 5.6 3.9
2 MLLP-VRAIN UPV 0.93 36.83 66.45 3.9 3.8 4.9 3.9
3 CPII-HK (logs) 0.91 30.61 63.11 2.6 2.6 3.7 –
4 CUNI-POCKET 0.88 31.73 60.83 3.8 3.8 5.2 –
4 PINCH-AST (logs) 0.87 29.44 61.80 5.4 5.1 7.1 5.2
5 CUHKSZ 0.87 30.54 60.92 2.0 2.0 2.9 2.0
6 UW 0.60 14.82 44.03 6.4 7.0 8.5 6.7

low

1 NEMO (logs) 0.93 37.91 67.20 2.0 1.9 2.9 1.9
2 MLLP-VRAIN UPV 0.90 32.48 63.63 2.2 2.0 2.6 2.1
3 CPII-HK (logs) 0.89 27.94 60.47 2.2 2.1 2.8 –
4 CUHKSZ 0.85 27.72 59.58 1.5 1.5 2.1 1.5
4 PINCH-AST (logs) 0.84 25.62 59.77 1.8 1.8 2.6 1.8
5 CUNI-POCKET 0.77 20.70 52.60 1.7 1.6 2.7 –

Table 35: Results for English→German. Pl. = place within latency regime; shared with multiple systems if the
scores are deemed not significantly different by a paired t-test with bootstrap resampling (p > 0.05; Koehn, 2004).
Bold = best in the latency regime. Latency (in seconds): compute-unaware value [compute-aware value in brack-
ets]. We do not report compute-aware latency for systems which were submitted as logs.

412



Regime Pl. System COMET BLEU chrF LongYAAL LongLAAL LongDAL StreamLAAL

ACL Test Set

high

1 NEMO (logs) 0.83 47.64 40.30 28.3 27.4 30.2 27.4
2 MLLP-VRAIN UPV 0.82 50.03 42.75 4.8 [5.2] 4.5 [4.9] 5.9 [6.3] 4.6 [4.9]
3 Baseline 0.79 45.39 39.93 4.6 [4.8] 4.6 [4.8] 5.9 [6.1] 4.6 [4.8]
3 CPII-HK (logs) 0.78 45.04 40.46 3.0 2.9 4.0 3.0
4 PINCH-AST (logs) 0.76 41.70 34.98 6.0 5.5 7.7 5.6
5 CUHKSZ 0.74 42.57 35.82 2.3 2.2 2.8 2.3
6 CUNI-ALIGN 0.73 34.04 33.98 3.2 [3.4] 2.8 [3.0] 4.3 [4.5] 2.9 [3.1]
7 UW 0.46 15.96 14.39 7.8 [8.0] 7.3 [7.5] 8.8 [9.1] 7.0 [7.2]

low

1 NEMO (logs) 0.81 46.31 39.44 4.2 4.0 5.6 4.0
2 CPII-HK (logs) 0.76 44.06 39.23 2.8 2.6 3.6 2.7
3 CUHKSZ 0.73 41.47 34.58 2.1 1.9 2.4 2.0
3 Baseline 0.72 40.68 35.17 2.7 [2.8] 2.6 [2.7] 3.6 [3.7] 2.6 [2.8]
4 PINCH-AST (logs) 0.70 36.95 31.02 2.3 2.2 3.1 2.2
4 CUNI-ALIGN 0.69 32.40 31.70 2.2 [2.4] 2.0 [2.2] 3.1 [3.3] 2.1 [2.3]
5 MLLP-VRAIN UPV 0.65 43.03 37.53 2.6 2.4 3.4 2.5

ACL Context Test Set

high

1 MLLP-VRAIN UPV 0.84 50.24 43.93 5.0 4.6 6.1 4.7
1 NEMO (logs) 0.83 50.73 43.80 11.4 11.0 13.3 11.0
2 Baseline 0.81 46.47 42.32 4.3 4.4 5.7 4.5
3 CUHKSZ 0.72 41.18 35.67 2.4 2.2 2.9 2.4

low

1 NEMO (logs) 0.81 46.42 39.60 4.1 3.9 5.6 3.9
2 Baseline 0.74 40.62 37.28 2.6 2.5 3.5 2.5
3 MLLP-VRAIN UPV 0.72 43.49 40.10 2.7 2.4 3.6 2.6
3 CUHKSZ 0.71 39.41 34.13 2.2 2.0 2.5 2.2

Bloomberg Test Set

high

1 NEMO (logs) 0.75 30.46 27.05 36.3 34.7 40.5 34.6
2 MLLP-VRAIN UPV 0.70 37.35 32.63 5.7 [6.2] 5.1 [5.6] 6.9 [7.4] 5.2 [5.7]
3 Baseline 0.67 35.43 30.58 5.0 [5.2] 4.6 [4.8] 6.4 [6.6] 4.7 [4.9]
4 PINCH-AST (logs) 0.62 28.97 25.37 5.6 4.7 7.6 5.0
5 CPII-HK (logs) 0.60 35.01 30.21 3.5 3.2 4.3 3.2
5 CUNI-ALIGN 0.59 31.30 28.13 3.0 [3.3] 2.6 [2.8] 4.5 [4.8] 2.8 [3.1]
6 UW 0.33 11.49 12.47 8.2 [8.5] 7.1 [7.3] 9.3 [9.6] 8.4 [8.6]

low

1 NEMO (logs) 0.72 32.14 28.19 9.5 8.6 12.0 8.6
2 Baseline 0.58 32.34 27.33 2.6 [2.8] 2.4 [2.5] 3.7 [3.8] 2.5 [2.6]
2 CPII-HK (logs) 0.56 33.48 28.89 2.9 2.6 3.5 2.7
3 CUNI-ALIGN 0.55 27.88 25.77 2.1 [2.3] 1.8 [1.9] 3.3 [3.5] 2.0 [2.2]
3 MLLP-VRAIN UPV 0.54 35.67 30.36 5.3 4.7 6.6 4.8
4 PINCH-AST (logs) 0.51 27.67 24.05 2.3 2.0 3.1 1.9

Yodas Test Set

high

1 NEMO (logs) 0.68 22.50 21.06 52.7 52.1 54.3 52.0
2 MLLP-VRAIN UPV 0.66 28.32 25.41 6.5 [7.0] 6.5 [7.0] 7.4 [8.0] 7.5 [8.0]
2 Baseline 0.65 22.57 21.25 1.0 [1.2] 1.1 [1.3] 1.9 [2.2] 1.7 [1.9]
3 PINCH-AST (logs) 0.64 21.13 19.51 6.9 6.8 8.3 7.0
4 CPII-HK (logs) 0.59 23.08 21.14 3.8 3.8 4.5 4.8
4 CUNI-ALIGN 0.59 21.91 19.61 5.1 5.0 6.1 4.0
5 UW 0.49 5.33 8.51 8.4 [8.7] 7.9 [8.1] 8.9 [9.2] 9.0 [9.2]

low

1 NEMO (logs) 0.66 23.74 21.76 6.2 6.1 7.4 6.3
2 Baseline 0.61 23.44 21.20 3.4 [3.5] 3.5 [3.6] 4.1 [4.3] 3.7 [3.8]
2 CUNI-ALIGN 0.60 24.40 21.35 3.2 [3.4] 3.3 [3.5] 4.1 [4.3] 3.4 [3.6]
3 PINCH-AST (logs) 0.60 19.83 18.34 2.8 2.9 3.5 3.0
4 CPII-HK (logs) 0.57 20.48 18.81 10.5 10.5 11.1 –
5 MLLP-VRAIN UPV 0.54 25.41 22.27 3.9 3.9 4.8 4.2

MCIF Development Set

high

1 NEMO (logs) 0.84 47.48 41.01 15.4 15.4 18.0 15.4
2 MLLP-VRAIN UPV 0.83 50.21 43.09 4.2 3.9 5.3 4.0
3 CPII-HK (logs) 0.79 46.17 42.65 2.4 2.4 3.4 2.4
4 PINCH-AST (logs) 0.77 42.09 36.04 5.4 5.0 7.1 5.0
4 CUHKSZ 0.77 46.67 40.12 1.7 1.6 2.3 1.7
5 UW 0.50 16.03 15.43 6.9 6.9 8.3 7.5

low

1 NEMO (logs) 0.82 47.08 40.84 3.5 3.3 4.9 3.3
2 MLLP-VRAIN UPV 0.78 48.09 40.95 2.1 1.9 2.7 2.0
3 CPII-HK (logs) 0.77 44.44 40.44 2.2 2.2 3.1 2.2
4 CUHKSZ 0.74 44.57 37.76 1.5 1.5 2.0 –
5 PINCH-AST (logs) 0.72 38.28 32.81 1.8 1.7 2.5 1.7

Table 36: Results for English→Chinese. Pl. = place within latency regime; shared with multiple systems if the
scores are deemed not significantly different by a paired t-test with bootstrap resampling (p > 0.05; Koehn, 2004).
Bold = best in the latency regime. Latency (in seconds): compute-unaware value [compute-aware value in brack-
ets]. We do not report compute-aware latency for systems which were submitted as logs.
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Regime Pl. System COMET BLEU chrF LongYAAL LongLAAL LongDAL StreamLAAL

ACL Test Set

high

1 NEMO (logs) 0.85 37.98 66.30 4.5 4.3 5.9 4.3
1 MLLP-VRAIN UPV 0.85 36.39 65.20 4.5 [4.9] 4.4 [4.8] 5.4 [5.8] 4.5 [4.8]
2 CPII-HK (logs) 0.80 30.11 60.48 3.6 3.5 4.6 –
2 CUNI-POCKET 0.79 31.95 60.44 7.0 [7.5] 7.0 [7.5] 8.6 [9.1] 2.9 [3.4]
3 CUNI-ALIGN 0.77 31.04 62.58 3.5 [3.7] 3.2 [3.4] 4.5 [4.7] 3.0 [3.3]
3 PINCH-AST (logs) 0.76 30.79 61.55 6.1 5.8 7.8 5.8
4 Baseline 0.74 26.53 58.98 4.5 [4.7] 4.6 [4.8] 5.9 [6.1] 4.6 [4.8]
5 UW 0.44 11.37 38.57 6.8 [7.0] 6.8 [7.1] 8.3 [8.6] 6.9 [7.2]

low

1 NEMO (logs) 0.85 37.59 66.03 2.6 2.5 3.5 2.5
2 CPII-HK (logs) 0.78 29.25 61.01 2.7 2.6 3.4 –
3 CUNI-POCKET 0.74 28.50 58.60 2.7 2.6 3.5 –
3 CUNI-ALIGN 0.74 27.97 60.82 2.4 [2.6] 2.2 [2.4] 3.2 [3.4] 2.2 [2.4]
4 PINCH-AST (logs) 0.70 27.90 59.68 2.5 2.4 3.2 2.4
4 MLLP-VRAIN UPV 0.69 33.49 64.10 2.7 2.6 3.4 2.7
5 Baseline 0.63 21.57 56.29 2.7 [2.9] 2.7 [2.8] 3.6 [3.8] 2.6 [2.8]

ACL Context Test Set

high
1 MLLP-VRAIN UPV 0.87 37.38 65.72 4.7 4.5 5.6 4.6
2 NEMO (logs) 0.86 38.07 66.18 4.5 4.2 5.9 4.3
3 Baseline 0.76 27.57 59.91 4.3 4.4 5.7 4.4

low
1 NEMO (logs) 0.85 37.30 66.01 2.6 2.4 3.4 2.5
2 MLLP-VRAIN UPV 0.72 34.67 64.66 2.8 2.6 3.6 2.7
3 Baseline 0.65 22.12 56.54 2.5 2.5 3.4 2.6

MCIF Development Set

high

1 NEMO (logs) 0.88 50.58 73.66 3.8 3.6 5.2 3.7
1 MLLP-VRAIN UPV 0.88 49.55 72.90 3.8 3.8 4.8 3.8
2 CPII-HK (logs) 0.85 43.13 69.85 2.5 2.5 3.6 –
3 CUNI-POCKET 0.82 43.56 68.32 3.3 3.3 4.7 –
4 PINCH-AST (logs) 0.80 41.55 68.64 5.4 5.2 7.1 5.2
5 UW 0.50 15.61 40.96 6.4 6.8 8.2 8.5

low

1 NEMO (logs) 0.88 50.62 73.98 1.8 1.7 2.8 1.8
2 MLLP-VRAIN UPV 0.85 47.16 71.70 2.1 2.0 2.6 2.0
3 CPII-HK (logs) 0.82 37.66 67.89 2.0 2.0 2.8 –
4 CUNI-POCKET 0.76 34.79 62.21 2.0 1.9 2.9 –
4 PINCH-AST (logs) 0.75 38.29 67.07 1.8 1.7 2.6 1.8

Table 37: Results for English→Italian. Pl. = place within latency regime; shared with multiple systems if the scores
are deemed not significantly different by a paired t-test with bootstrap resampling (p > 0.05; Koehn, 2004). Bold =
best in the latency regime. Latency (in seconds): compute-unaware value [compute-aware value in brackets]. We
do not report compute-aware latency for systems which were submitted as logs.
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B.8 Indic S2S
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B.9 African/Celtic S2S
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B.10 Cross-lingual Voice Cloning
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B.11 Instruction Following
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SHORT

ASR SQA SSUM ACHAP
Name Constrained Primary WER↓ BERTScore↑ BERTScore↑ WER↓ CollarF1↑ BERTScore↑
Phi4-Multimodal ✗ — 0.069 0.463 — — — —
Qwen3-Omni ✗ — 0.197 0.325 — — — —
NLE PRIMARY ✓ ✓ 0.136 0.531 — — — —
NLE CONTRASTIVE ✗ ✗ 0.134 0.501 — — — —
FBK PRIMARY ✓ ✓ 0.123 0.507 — — — —
FBK CONTRASTIVE ✓ ✗ 0.145 0.505 — — — —
KIT PRIMARY ✗ ✓ 0.074 0.495 — — — —
KIT CONTRASTIVE ✗ ✗ 0.170 0.450 — — — —
BSC PRIMARY ✗ ✓ 0.134 0.425 — — — —
BSC CONTRASTIVE1 ✗ ✗ 0.127 0.383 — — — —
BSC CONTRASTIVE2 ✗ ✗ 0.127 0.420 — — — —

Name Constrained Primary LONG

Phi4-Multimodal ✗ — 0.281 0.420 0.183 0.941 0.084 0.837
Qwen3-Omni ✗ — 0.158 0.327 0.187 0.208 0.609 0.877
FBK PRIMARY ✓ ✓ 0.196 0.390 0.152 0.359 0.000 (0.183)† 0.804 (0.823)†

FBK CONTRASTIVE1 ✓ ✗ 0.126 0.377 0.156 0.200 0.000 (0.271)† 0.803 (0.842)†

FBK CONTRASTIVE2 ✓ ✗ 0.175 0.377 0.160 0.200 0.000 (0.271)† 0.803 (0.842)†

KIT PRIMARY ✗ ✓ 0.269 0.412 0.212 0.311 0.436 0.869
KIT CONTRASTIVE ✗ ✗ 0.064 0.385 0.218 0.093 0.583 0.877

† Values in parentheses are obtained under a relaxed Markdown-format evaluation.

Table 38: English Official Results. Bold indicates the best track-wise (SHORT and LONG) result per language
direction, and underline indicates the overall best result among tracks.

SHORT

ST SQA QE SSUM ACHAP
Name Constrained Primary COMET↑ BERTScore↑ Accuracy↑ Format↑ BERTScore↑ COMET↑ CollarF1↑ BERTScore↑
Phi4-Multimodal ✗ — 0.802 0.363 0.658 0.927 — — — —
Qwen3-Omni ✗ — 0.836 0.330 0.858 1.000 — — — —
NLE PRIMARY ✓ ✓ 0.765 0.470 0.786 0.997 — — — —
NLE CONTRASTIVE ✗ ✗ 0.749 0.462 0.333 0.005 — — — —
FBK PRIMARY ✓ ✓ 0.762 0.477 0.762 0.974 — — — —
FBK CONTRASTIVE ✓ ✗ 0.739 0.471 0.501 0.584 — — — —
KIT PRIMARY ✗ ✓ 0.840 0.466 0.000 0.000 — — — —
KIT CONTRASTIVE ✗ ✗ 0.830 0.423 0.705 1.000 — — — —
BSC PRIMARY ✗ ✓ 0.808 0.467 0.785 0.953 — — — —
BSC CONTRASTIVE1 ✗ ✗ 0.798 0.425 0.810 0.997 — — — —
BSC CONTRASTIVE2 ✗ ✗ 0.799 0.383 0.796 0.712 — — — —

LONG

Phi4-Multimodal ✗ — 0.617 0.370 0.658 0.927 0.162 0.375 0.053 0.543
Qwen3-Omni ✗ — 0.408 0.247 0.858 1.000 0.092 0.381 0.062 0.664
FBK PRIMARY ✓ ✓ 0.694 0.348 0.501 0.584 0.149 0.690 0.000 (0.195)† 0.584 (0.618)†

FBK CONTRASTIVE1 ✓ ✗ 0.723 0.350 0.501 0.584 0.153 0.647 0.000 (0.165)† 0.616 (0.650)†

FBK CONTRASTIVE2 ✓ ✗ 0.722 0.351 0.501 0.584 0.153 0.635 0.000 (0.136)† 0.616 (0.640)†

KIT PRIMARY ✗ ✓ 0.733 0.405 0.000 0.000 0.238 0.740 0.500 0.690
KIT CONTRASTIVE ✗ ✗ 0.840 0.308 0.705 1.000 0.208 0.836 0.508 0.676

† Values in parentheses are obtained under a relaxed Markdown-format evaluation.

Table 39: German Official Results. Bold indicates the best track-wise (SHORT and LONG) result per language
direction, and underline indicates the overall best result among tracks.
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SHORT

ST SQA SSUM ACHAP
Name Constrained Primary COMET↑ BERTScore↑ BERTScore↑ COMET↑ CollarF1↑ BERTScore↑
Phi4-Multimodal ✗ — 0.772 0.414 — — — —
Qwen3-Omni ✗ — 0.827 0.373 — — — —
NLE PRIMARY ✓ ✓ 0.763 0.456 — — — —
NLE CONTRASTIVE ✗ ✗ 0.733 0.514 — — — —
FBK PRIMARY ✓ ✓ 0.742 0.524 — — — —
FBK CONTRASTIVE ✓ ✗ 0.733 0.527 — — — —
KIT PRIMARY ✗ ✓ 0.841 0.519 — — — —
KIT CONTRASTIVE ✗ ✗ 0.830 0.449 — — — —
BSC PRIMARY ✗ ✓ 0.773 0.454 — — — —
BSC CONTRASTIVE1 ✗ ✗ 0.787 0.395 — — — —
BSC CONTRASTIVE2 ✗ ✗ 0.787 0.395 — — — —

LONG

Phi4-Multimodal ✗ — 0.562 0.404 0.175 0.413 0.148 0.668
Qwen3-Omni ✗ — 0.681 0.354 0.110 0.503 0.446 0.716
FBK PRIMARY ✓ ✓ 0.707 0.385 0.185 0.723 0.000 (0.335)† 0.532 (0.597)†

FBK CONTRASTIVE1 ✓ ✗ 0.695 0.373 0.174 0.735 0.000 (0.315)† 0.528 (0.665)†

FBK CONTRASTIVE2 ✓ ✗ 0.702 0.376 0.171 0.719 0.000 (0.348)† 0.586 (0.660)†

KIT PRIMARY ✗ ✓ 0.732 0.439 0.267 0.737 0.456 0.703
KIT CONTRASTIVE ✗ ✗ 0.841 0.322 0.269 0.842 0.489 0.709

† Values in parentheses are obtained under a relaxed Markdown-format evaluation.

Table 40: Italian Official Results. Bold indicates the best track-wise (SHORT and LONG) result per language
direction, and underline indicates the overall best result among tracks.

SHORT

ST SQA QE SSUM ACHAP
Name Constrained Primary COMET↑ BERTScore↑ Accuracy↑ Format↑ BERTScore↑ COMET↑ CollarF1↑ BERTScore↑
Phi4-Multimodal ✗ — 0.809 0.443 0.917 0.085 — — — —
Qwen3-Omni ✗ — 0.857 0.273 0.957 1.000 — — — —
NLE PRIMARY ✓ ✓ 0.794 0.487 0.894 1.000 — — — —
NLE CONTRASTIVE ✗ ✗ 0.755 0.466 0.500 0.014 — — — —
FBK PRIMARY ✓ ✓ 0.777 0.520 0.915 0.961 — — — —
FBK CONTRASTIVE ✓ ✗ 0.734 0.482 0.658 0.819 — — — —
KIT PRIMARY ✗ ✓ 0.852 0.456 0.000 0.000 — — — —
KIT CONTRASTIVE ✗ ✗ 0.845 0.471 0.739 0.993 — — — —
BSC PRIMARY ✗ ✓ 0.782 0.413 0.929 0.950 — — — —
BSC CONTRASTIVE1 ✗ ✗ 0.750 0.398 0.872 0.663 — — — —

LONG

Phi4-Multimodal ✗ — 0.554 0.412 0.917 0.085 0.160 0.385 0.030 0.617
Qwen3-Omni ✗ — 0.820 0.246 0.957 1.000 0.021 0.290 0.000 0.571
FBK PRIMARY ✓ ✓ 0.655 0.380 0.658 0.819 0.319 0.681 0.000 (0.073)† 0.496 (0.518)†

FBK CONTRASTIVE1 ✓ ✗ 0.685 0.373 0.658 0.819 0.326 0.683 0.000 (0.021)† 0.496 (0.506)†

FBK CONTRASTIVE2 ✓ ✗ 0.699 0.374 0.658 0.819 0.325 0.698 0.000 (0.071)† 0.496 (0.522)†

KIT PRIMARY ✗ ✓ 0.789 0.452 1.000 0.004 0.383 0.785 0.503 0.685
KIT CONTRASTIVE ✗ ✗ 0.847 0.360 0.739 0.993 0.378 0.451 0.103 0.511

† Values in parentheses are obtained under a relaxed Markdown-format evaluation.

Table 41: Chinese Official Results. Bold indicates the best track-wise (SHORT and LONG) result per language
direction, and underline indicates the overall best result among tracks.
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B.12 Metrics task
ACL/Human transcript Segment System Segment

EnDe
Segment

EnZh
System
EnDe

System
EnZh

Zarzu and Zouhar (2026)

MLP (speech) 25.8 80.2 24.8 26.8 82.4 78.0
MLP (text) 26.9 +0.2 80.0 +0.0 25.1 +0.1 28.7 +0.4 81.5 +0.0 78.5 +0.0

MLP (text+speech) 27.6 +0.0 81.0 +0.0 25.8 +0.0 29.4 -0.0 81.5 +0.0 80.6 +0.1

Phi4 (speech) 23.0 93.6 20.7 25.3 91.9 95.3
Phi4 (text) 34.8 +0.6 95.4 -0.9 34.0 +1.1 35.5 +0.1 98.6 +1.5 92.3 -3.4

Phi4 (text+speech) ◂ 25.3 +0.1 96.5 +0.3 24.3 -0.4 26.3 +0.6 97.4 +3.2 95.7 -2.6

Dinh and Niehues (2025)

BoostedProb (text) ◂ -1.1 +0.0 43.3 +0.0 1.6 +0.0 -3.7 +0.0 59.2 +0.0 27.4 +0.0

Gupta (2026)

Lexilogic (text) ◂ 44.3 +1.3 95.4 -1.4 44.8 +1.6 43.8 +1.0 96.2 +1.5 94.5 -4.4

Shah et al. (2026)

TieCal (text) ◂ 47.7 +1.2 92.7 -1.4 47.9 +1.3 47.6 +1.0 94.5 -1.4 91.0 -1.4

Krahn and Fosler-Lussier (2026)

HydraQE (DA head) (speech) 45.1 97.2 44.7 45.6 98.5 95.9
HydraQE (MetricX head) (speech) 45.0 97.2 44.7 45.2 98.7 95.6
HydraQE (XComet head) (speech) 45.5 95.8 45.5 45.6 98.0 93.6
HydraQE (all heads avg) (speech) 44.8 96.9 44.6 45.1 98.7 95.2
HydraQE (primary) ◂ (speech) 44.7 97.3 44.4 45.0 98.6 96.1

Organizers

BLASER (speech) 32.4 85.9 31.0 33.9 83.9 87.8
COMETkiwi (text) 45.1 +1.2 92.7 -1.4 45.2 +1.4 45.0 +1.0 94.4 -1.5 91.1 -1.4

COMETpartial (text) 24.1 -0.1 81.3 -0.0 24.7 +0.1 23.6 -0.3 92.9 +0.1 69.8 -0.2

SpeechCOMET (text+audio) 43.0 +1.2 92.3 +0.6 42.3 +1.7 43.7 +0.7 88.9 +0.4 95.6 +0.9

SpeechLLM FT (text+audio) 42.1 +0.5 95.7 +0.6 36.1 +0.2 48.2 +0.8 98.5 +1.7 93.0 -0.5

SpeechQE (speech) 36.8 91.3 38.0 35.5 91.6 91.1
Annotators

Random human annotator 53.3 +1.0 98.8 +0.1 51.6 +1.8 55.0 +0.3 98.1 -0.3 99.6 +0.4

Table 42: Results on the ACL testset using human transcripts (Kendall’s τ × 100). Values in small text indicate the
difference over Whisper-based transcript scores. The ◂ denotes the primary submission from a team.

ACL/Whisper transcript Segment System Segment
EnDe

Segment
EnZh

System
EnDe

System
EnZh

Zarzu and Zouhar (2026)

MLP (speech) 12.8 100.0 14.8 10.8 100.0 100.0
MLP (text) 13.4 100.0 14.4 12.5 100.0 100.0
MLP (text+speech) 16.6 100.0 18.3 15.0 100.0 100.0
Phi4 (speech) 18.1 100.0 18.5 17.7 100.0 100.0
Phi4 (text) 18.5 100.0 17.5 19.5 100.0 100.0
Phi4 (text+speech) ◂ 15.8 100.0 12.8 18.8 100.0 100.0

Dinh and Niehues (2025)

BoostedProb (text) ◂ -1.9 0.0 0.6 -4.3 0.0 0.0
Gupta (2026)

Lexilogic (text) ◂ 27.7 100.0 27.9 27.6 100.0 100.0
Shah et al. (2026)

TieCal (text) ◂ 28.2 100.0 26.8 29.6 100.0 100.0
Krahn and Fosler-Lussier (2026)

HydraQE (DA head) (speech) 26.3 100.0 26.5 26.0 100.0 100.0
HydraQE (MetricX head) (speech) 27.0 100.0 28.1 25.8 100.0 100.0
HydraQE (XComet head) (speech) 25.9 100.0 27.6 24.2 100.0 100.0
HydraQE (all heads avg) (speech) 26.4 100.0 26.9 26.0 100.0 100.0
HydraQE (primary) ◂ (speech) 26.3 100.0 26.4 26.1 100.0 100.0

Organizers

BLASER (speech) 19.1 100.0 21.0 17.3 100.0 100.0
COMETkiwi (text) 27.1 100.0 26.7 27.6 100.0 100.0
COMETpartial (text) 14.3 100.0 15.2 13.3 100.0 100.0
SpeechCOMET (text+audio) 23.7 100.0 21.4 26.0 100.0 100.0
SpeechLLM FT (text+audio) 16.9 100.0 14.9 19.0 100.0 100.0
SpeechQE (speech) 20.9 100.0 23.9 17.9 100.0 100.0

Annotators

Random human annotator 44.6 100.0 43.7 45.6 100.0 100.0

Table 43: Results on the ACL testset using Whisper transcripts (Kendall’s τ ×100, all values ×100). The ◂ denotes
the primary submission from a team.
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AppTek Call Center Segment System Segment
EnDe

Segment
EnZh

System
EnDe

System
EnZh

Zarzu and Zouhar (2026)

MLP (speech) 9.9 97.6 7.5 12.4 95.3 100.0
MLP (text) 13.7 100.0 13.0 14.4 100.0 100.0
MLP (text+speech) 13.3 100.0 11.2 15.3 100.0 100.0
Phi4 (speech) 9.1 100.0 8.4 9.8 100.0 100.0
Phi4 (text) 13.7 100.0 12.9 14.6 100.0 100.0
Phi4 (text+speech) ◂ 10.8 100.0 11.0 10.7 100.0 100.0

Dinh and Niehues (2025)

BoostedProb (text) ◂ 11.1 30.7 12.2 10.1 0.2 61.2
Gupta (2026)

Lexilogic (text) ◂ 19.0 100.0 16.6 21.4 99.9 100.0
Shah et al. (2026)

TieCal (text) ◂ 20.9 82.7 19.2 22.5 65.3 100.0
Krahn and Fosler-Lussier (2026)

HydraQE (DA head) (speech) 24.1 100.0 22.6 25.6 100.0 100.0
HydraQE (MetricX head) (speech) 22.7 100.0 20.2 25.2 100.0 100.0
HydraQE (XComet head) (speech) 24.3 100.0 22.9 25.7 100.0 100.0
HydraQE (all heads avg) (speech) 23.7 100.0 22.1 25.4 100.0 100.0
HydraQE (primary) ◂ (speech) 24.1 100.0 22.4 25.7 100.0 100.0

Organizers

BLASER (speech) 17.7 100.0 16.7 18.7 100.0 100.0
COMETkiwi (text) 20.7 84.0 17.8 23.6 68.0 100.0
COMETpartial (text) 8.0 0.5 9.1 6.9 0.0 0.9
SpeechCOMET (text+audio) 17.1 100.0 17.4 16.7 100.0 100.0
SpeechLLM FT (text+audio) 17.9 100.0 15.8 20.0 100.0 100.0
SpeechQE (speech) 16.8 0.0 19.7 13.9 0.0 0.0

Annotators

Random human annotator 42.4 100.0 40.8 44.1 100.0 100.0

Table 44: Results on the AppTek Call Center testset (all values ×100). The ◂ denotes the primary submission from
a team.

ITV (TV Series) Segment System Segment
EnDe

Segment
EnZh

System
EnDe

System
EnZh

Zarzu and Zouhar (2026)

MLP (speech) 9.2 47.9 6.2 12.1 95.9 0.0
MLP (text) 11.4 50.0 11.2 11.6 100.0 0.0
MLP (text+speech) 12.5 56.9 13.2 11.8 100.0 13.7
Phi4 (speech) 16.5 100.0 12.6 20.4 100.0 100.0
Phi4 (text) 19.7 100.0 20.4 19.1 100.0 100.0
Phi4 (text+speech) ◂ 15.5 100.0 16.4 14.6 100.0 100.0

Dinh and Niehues (2025)

BoostedProb (text) ◂ 18.2 55.2 17.6 18.8 10.4 100.0
Gupta (2026)

Lexilogic (text) ◂ 30.2 100.0 26.1 34.3 100.0 100.0
Shah et al. (2026)

TieCal (text) ◂ 31.4 100.0 29.3 33.5 100.0 100.0
Krahn and Fosler-Lussier (2026)

HydraQE (DA head) (speech) 29.4 100.0 26.5 32.3 100.0 100.0
HydraQE (MetricX head) (speech) 29.0 100.0 27.4 30.6 100.0 100.0
HydraQE (XComet head) (speech) 28.6 100.0 26.7 30.5 100.0 100.0
HydraQE (all heads avg) (speech) 29.3 100.0 26.4 32.1 100.0 100.0
HydraQE (primary) ◂ (speech) 29.0 100.0 25.9 32.0 100.0 100.0

Organizers

BLASER (speech) 15.6 79.0 19.7 11.4 58.0 100.0
COMETkiwi (text) 31.7 100.0 28.0 35.5 100.0 100.0
COMETpartial (text) 12.4 100.0 12.0 12.7 100.0 100.0
SpeechCOMET (text+audio) 27.1 100.0 25.5 28.8 100.0 100.0
SpeechLLM FT (text+audio) 24.1 100.0 22.6 25.5 100.0 100.0
SpeechQE (speech) 23.5 100.0 23.1 24.0 100.0 100.0

Annotators

Random human annotator 74.9 100.0 100.0 49.7 100.0 100.0

Table 45: Results on the ITV TV Series testset (all values ×100). The ◂ denotes the primary submission from a
team.
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