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Abstract

We present the findings of the WMT26 Multi-
lingual Instruction Shared Task (MIST), evalu-
ating small (<10B parameter) open-weight lan-
guage models across 24 languages on three sub-
tasks: context-based QA, cross-lingual sum-
marization, and open-ended generation. Sub-
missions from eight teams explore fine-tuning,
knowledge distillation, and prompt engineer-
ing. Our findings demonstrate that small mod-
els are not yet polyglots: while leading systems
perform well on high-resource languages, per-
formance drops sharply on low-resource va-
rieties, and comprehension degrades signifi-
cantly when transferring across non-English
language pairs. In open-ended generation, hu-
man evaluation and automatic rule-based veri-
fication exhibit strong overall rank correlation
(p=0.79) but diverge locally at the top: human
evaluators favor distilled pipelines with supe-
rior fluency and cross-lingual equity, whereas
automatic verifiers reward concise prompt-
engineered systems. Furthermore, multi-stage
pipelines suffer from prompt-language inertia
on cross-lingual instructions, and summariza-
tion exhibits severe English leakage unless pe-
nalized by language gating. Finally, while
baseline fluency is largely achieved by mod-
ern small models, multi-constraint instruction
following and unanswerable question refusal
remain the primary performance bottlenecks.
We release all test sets, system outputs, human
judgments, and evaluation code under a permis-
sive license.

1 Introduction

The Multilingual Instruction Shared Task at the
Conference on Machine Translation (WMT) evalu-
ates model capability in following instructions and
providing useful responses across languages and
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tasks. The first edition in 2025 turned into a com-
petition joined by the largest open-source LLMs
and frontier APIs (Kocmi et al., 2025). However,
multilinguality should not remain a game reserved
exclusively for giant or black-box models, because
they are challenging and expensive to deploy and
inaccessible for scientific analysis.

Therefore, in 2026,! our goal is to lower the en-
try barrier for a wider audience and challenge them
to develop small multilingual models to punch
above their weight.> Any participating systems
should have at most 10 billion parameters, but par-
ticipants are free to choose any data or methods
for model building and inference. By doing so, we
hope to attract a variety of techniques for improv-
ing multilinguality and to further our understanding
of the progress in our community.

Secondly, model competence across the world’s
languages remains remarkably uneven, so we in-
clude a diverse set of languages in terms of writing
script, location, and availability of resources. In
terms of the shared task outcome, we share per-
language and per-task analysis instead of empha-
sizing a single aggregated ranking.

The shared task introduced a fresh benchmark
that systematically assesses key capabilities of
LLMs across 24 languages using 3 sub-tasks:

* Context-Based Question Answering (Ctx-
QA): Answering a question solely based on
the content of a paragraph, including appro-
priately declining to answer when the infor-
mation is absent.

* Open-Ended Generation (OEG): Respond-
ing to open-ended questions, some with con-

"'Shared task information and resources are available on
www2.statmt.org/wmt26/multilingual-instruction.html.
2Pun intended.

1031

Proceedings of the Eleventh Conference on Machine Translation (WMT), pages 1031-1052
October 28-29, 2026. (©)2026 Association for Computational Linguistics


https://www2.statmt.org/wmt26/multilingual-instruction.html

straints and some localized, where we assess
language proficiency, knowledge, and con-
straint satisfaction.

* Cross-lingual Summarization (Sum): Sum-
marizing short ACL papers in different lan-
guages, which tests a practical cross-lingual
ability.

Before releasing the test set, we shared an optional
sample data mix sourced from existing benchmarks
to help participants develop their models. After the
test release, they have one month to submit their
model outputs. In addition to participants’ submis-
sions, we benchmark small open-weight models
within 10B parameters as baselines.

The evaluation for QA and Sum is reference-
based, where we use a combination of metrics tar-
geting different aspects of the model output. OEG
is evaluated by both LL.M-as-a-verifier and human
annotators.

2 Data and Tasks

This section describes the datasets and preparation
for each of the three sub-tasks in our benchmark.
For every sub-task, we curated or adapted data for
up to 24 languages. The high-level statistics are
summarized in Table 1, and example prompts are
shown in Table 2. Each prompt is self-contained: it
includes all necessary context, instructions, and the
question, so participants’ systems receive a single
string as input. The shared task consists of two
phases: we released a sample data mix with ques-
tions and language coverage similar to the final test,
by gathering resources from existing benchmarks
(Clark et al., 2020; Ladhak et al., 2020; Bhattachar-
jee et al., 2023; Bandarkar et al., 2024; Singh et al.,
2024; Papi et al., 2026). The final testing phase
started one month before the submission deadline.

The following sections detail the sources of the
data, the translation or localization processes ap-
plied, and any additional filtering or validation
steps specific to each sub-task.

Prompts for all tasks, or their samples, are pre-
sented in Appendix A.

2.1 Test Languages

The official test data covers 24 languages spanning
7 scripts and 12 language families: Arabic, Bengali,
Bhojpuri, Kurdish, Chinese (Simplified), Czech,
English, Finnish, German, Haitian Creole, Hindi,
Indonesian, Italian, Japanese, Korean, Marathi, Per-
sian (Farsi), Portuguese, Russian, Slovak, Span-

Langs Samples / lang
Context-based QA 23 360 (100 unique)
Open-Ended Generation 24 100*
Cross-lingual Summarization 23 74

Table 1: Number of languages and the number of sam-
ples (prompts) for each language. *Yoruba included
only 59 post-edited samples.

Context- Read the following passage and answer
based QA the question based solely on its content.
[...] “Whereas recognition of the inher-
ent dignity and of the equal and inalien-
able rights of all members of the human
family is the foundation of freedom, jus-
tice and peace in the world [...]” Ques-
tion: What is proclaimed as the highest
aspiration of the common people?
Open-Ended  As a news reporter, write an article about
Generation the opening of a new shopping complex,
including who will enjoy it and what ac-
tivities are available.
Cross- Bitte fassen Sie die folgende wis-
lingual senschaftliche Arbeit auf Deutsch zusam-
Summariza- men: “We present a method for [...] Our
tion experiments on three benchmarks show

[...T”

Table 2: Example prompts for each sub-task.

ish, Turkish, Vietnamese, and Yoruba. Yoruba is
present only for the OEG task, and Bhojpuri is in-
troduced as a surprise language not present in the
sample data we released. The surprise language
tests the zero-shot or few-shot transfer ability of
participating systems to an unseen, low-resource
language.

2.2 Context-based Question Answering

The context-based QA sub-task evaluates a model’s
ability to answer questions based solely on a pro-
vided passage, where the question and the expected
answer are in one language and the passage may
be in a different language.

Sources and domains We curated 20 English
passages from five domains, selected for topical
and stylistic diversity:

* Universal Declaration of Human Rights
(UDHR): Preamble and selected articles (Ar-
ticles 1-2, 18, 26, 27). The world’s most trans-
lated document available in 500+ languages.

* UNESCO Convention: Preamble and articles
from the Convention for the Safeguarding of
the Intangible Cultural Heritage. Available in
the five UN languages: arb, zho, eng, fra, rus,
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spa.

* UN Security Council Resolution 2347:
Preamble and operative paragraphs on cul-
tural heritage protection. Also available in
the 5 UN languages.

* EU Law: Excerpts from the Charter of Fun-
damental Rights (Articles 21-22), the Al Act,
and the Treaty on the Functioning of the EU.
Available in all EU languages.

* Wikipedia: Articles on culturally specific
topics: Mid-Autumn Festival (zho), Carnival
(por), Wabicha (Japanese tea ceremony) (jpn),
Diwali (hin, mar, bho) and the Yoruba people
(yor).

These texts were chosen because of their availabil-
ity in at least two languages simultaneously. Rather
than translating the passages, we rely on the exist-
ing human translations.

For each passage, we manually wrote five ques-
tions in English, including 4 answerable and 1
unanswerable question. Unanswerable questions
test whether the model can correctly decline when
the passage does not contain the answer. Passages
where the answers cannot be found are accompa-
nied by a language-specific refusal phrase that the
model is instructed to produce, e.g., “not answer-
able” in English, “bez odpovédi” in Czech, or “J¢
£ [E%” in Chinese.

Cross-lingual setup The questions, answers and
prompt templates were translated into all target
languages using GPT-5.5 (Qs and prompts) and
GPT-5.6-Sol (answers). Each test instance pairs
a passage in a source language with a question
in a (potentially different) target language. Four
cultural Wikipedia passages are paired with their
native language plus English, while the remaining
16 passages each appear in English and three ad-
ditional source languages, selected by a coverage-
balancing algorithm. Since the same question can
be paired with a passage in multiple source lan-
guages, this yields 360 instances per target lan-
guage (100 unique questions), creating a mix of
monolingual and cross-lingual reading comprehen-
sion items that test whether small models can syn-
thesize information across language boundaries.

2.3 Open-Ended Generation

Following last year, we continue the open-ended
generation (OEG) sub-task, which evaluates a
model’s ability to produce fluent, useful, and lo-
cally appropriate responses to open-ended ques-

tions, while following user instructions.

Prompt design We manually created 100 seed
prompts in English, spanning three categories:

* General: Creative and reflective writing tasks
(e.g., “Draft a 150-word description of a tech-
nological advancement that excites or con-
cerns you”).

* Factual: Knowledge and explanation tasks,
sometimes requiring analogical reasoning
(e.g., “Explain quantum entanglement using
only cooking metaphors”).

* Language/location-specific: Prompts that
have answers that may vary for various lan-
guages, cultures, or locations. These are writ-
ten with {language} or {country} as tem-
plate placeholders (e.g., “How are diminutives
typically formed in {1language}”’?).

Many prompts include explicit constraints such as
word or sentence limits, required keywords, spe-
cific output formats, or stylistic requirements.

Translation and localization. For language- and
location-specific prompts, the {language} and
{country} placeholders in the English seed are
instantiated before translation. The prompts were
translated into target languages using GPT-5.5 via
the standardized translation prompt template docu-
mented in Appendix A.2. The resulting questions
were then reviewed and post-edited by proficient
speakers of each language to ensure naturalness
and cultural appropriateness.

Human Post-Editing Effort To quantify the ex-
tent of human correction, we measure the post-
editing distance between the initial GPT-5.5 trans-
lations and the finalized test prompts across all 23
target languages (Table 12 in Appendix A.2). Over-
all, the human editing effort was modest: across all
target languages, an average of 66.1% of prompts
were accepted verbatim without any edits, with an
average of 5.5 character edits per prompt. Lan-
guages varied substantially in editing difficulty and
intensity: high-resource languages such as Arabic,
Hindi, German, Indonesian, and Portuguese were
easy, requiring negligible editing (>88% accepted
verbatim, chrF >99.0). In contrast, languages
like Czech and Slovak required frequent but low-
intensity edits (=60% of prompts edited, but with
a high chrF >95.2, reflecting minor morphologi-
cal, diacritic, or stylistic adjustments). Conversely,
Haitian Creole, Kurdish, and Persian (Farsi) re-
quired substantial, high-intensity rewriting: Haitian
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Creole had only 9.3% unedited prompts, while Per-
sian exhibited 50.0% edited prompts with a 14.1%
character error rate. We report the full post-edit
distance for each language in Table 12.

2.4 Cross-lingual Summarization

The cross-lingual summarization sub-task requires
the model to read a full scientific paper in English
and produce a summary in a specified target lan-

guage.

Source papers We downloaded all 74 short pa-
pers from the 64th Annual Meeting of the ACL
(ACL 2026). We extracted the full paper text and
selected text from the beginning of the introduction
section up to the text before the reference section.
This paper content text was provided as an input
for the task.

Reference summaries Gold-standard summaries
are the authors’ own abstracts, translated from En-
glish into the target languages by two systems
(GPT-5.6-Sol and Gemini-3.1-pro-preview). Both
translations are retained as equally valid references
for evaluation; pairwise chrF between the two trans-
lation systems ranges from 52.3 (Yoruba) to 81.0
(Portuguese), with 56.7 in Chinese and 63.6 in
Japanese, confirming that the choice of a single
reference would visibly affect system rankings.

Prompt construction For each (paper, target
language) pair, one of five paraphrased prompt
templates is selected at random (seeded for repro-
ducibility). Each template instructs the model to
summarize the given paper into the target language,
varying in phrasing to reduce prompt-specific arti-
facts. The prompts were translated into each lan-
guage using GPT-5.5 and post-edited by proficient
speakers of each language.

3 Participating Systems

We received submissions from eight teams, summa-
rized in Table 3. All systems meet the shared task’s
constraint of 10B total parameters in the final sys-
tem. The dominant approach is parameter-efficient
fine-tuning (LoRA or QLoRA) of a pre-trained mul-
tilingual model, though teams differ substantially
in their choice of base model, training data, and
inference strategy, which is what we hoped for.

TUM-HEILBRONN Hou et al. (2026) fine-tune
a 4-bit quantized Qwen3.5-9B with LoRA (r=16),
first on the QA training split for 2 epochs, then on

summarization for up to 3 additional epochs. Loss
is computed only on assistant responses. They
report zero-shot performance on the test set.

CUNI Papacek and Schmidtova (2026) evalu-
ate several open-weight models with prompt engi-
neering (system prompt design) and hyperparam-
eter search (temperature, top-p, top-k, reasoning
on/off). They select Qwen3.5-9B as their primary
system for its reliability in following explicit con-
straints, with Gemma 4 E4B submitted as a con-
trastive variant.

PSK Pulipaka (2026) trains task-specific
QLoRA adapters on top of Tiny Aya Global,
using a mixture of the provided training data and
external datasets including WikiLingua, CrossSum,
Belebele, TyDiQA, and MLQA. At inference time,
instances are routed to the appropriate adapter
based on their task label.

ALKHDER Alkhder et al. (2026) fine-tune
Qwen2.5-3B-Instruct with LoRA (r=32, a=64)
on 3,112 monolingual Arabic extractive QA ex-
amples from TyDiQA. They participate only in
context-based QA for Arabic, using BF16 preci-
sion and greedy decoding.

ALEIX Sant et al. (2026) adapt Qwen3-8B with
a two-stage LoRA procedure on a mixture of
WMT MIST data, EuroAlpaca, and a new CrossEu-
roAlpaca dataset. EuroAlpaca provides 51,760
AlpacaCleaned-derived samples per language, lo-
calized in a task-preserving way. The system is pri-
marily optimized for OEG in European languages.

SENTINEL Egerton-Idehen (2026) combines a
fine-tuned and an untuned copy of Gemma-3-4b-it.
Context QA is routed to the fine-tuned model, while
OEG and summarization go to the base model.
All outputs pass through a verification wrapper
that checks language, length, and well-formedness,
retrying or repairing generation when a check fails.

SPINOZA Krause et al. (2026) train LoRA
adapters on Qwen3.5-9B using 100,466 cross-
lingual QA examples machine-translated from
TyDi QA. They additionally train an answerabil-
ity probe on the same base model: if the probe
classifies a question as unanswerable, the LoORA
weights are bypassed and a fixed refusal phrase is
returned. This estimates the empirical upper limit
of the approach by separating answering ability
from instruction following.
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Team Base model Method

Key steps

TUM-Heilbronn  Qwen3.5-9B (4-bit)

CUNI Qwen3.5-9B Prompt engineering
PSK Tiny Aya Global Task-specific QLoRA
Alkhder Qwen2.5-3B-Instruct  LoRA (r=32)

Aleix Qwen3-8B Two-stage LORA
Sentinel Gemma-3-4b-it Full fine-tune + base
Spinoza Qwen3.5-9B LoRA + probe
Laniqo Gemma-4-E4B-it Full fine-tuning

LoRA (r=16)

Sequential fine-tuning: QA then summarization;
zero-shot evaluation

System prompt and hyperparameter search;
Gemma 4 E4B as variant

Separate adapters for summarization, context
QA, and open QA; external data

Arabic extractive QA only; character-offset loss
masking

EuroAlpaca + CrossEuroAlpaca data; European
language focus

Routing: fine-tuned for QA, base for OEG/sum;
verification wrapper

Answerability probe on the base model; fine-
tuning on translated QA data

Knowledge distillation from Gemma-4-31B
teacher; pivot decoding for OEG/sum

Table 3: Overview of participating systems. All systems are under the 10B parameter constraint.

LANIQO Charkiewicz and Nowakowski (2026)
perform full-parameter fine-tuning of Gemma-4-
E4B-it (8B total, 4.5B effective) on 20,625 distilled
examples from a Gemma-4-31B teacher. They
use task-conditional decoding: a pivot strategy
(English intermediate draft, then target-language
rewrite) for OEG and summarization, and direct
single-pass decoding for context QA. A contrastive
variant trains on the shared task’s own reference
outputs instead of distilled data.

Reporting system variants Some participant
system variants differed only in a specific sub-task.
To be concise, we report the variants of those team
as one line in result tables if they are the same for
a given sub-task.

Organizer Baselines In addition to the partici-
pant submissions, we benchmark models within
the 10B constraint:

* Tiny Aya Global (Salamanca et al., 2026)

* Gemma-4-E4B-it (Team, 2026)
GLM-4-9B-0414 (GLM et al., 2024)
Llama-3.1-8B-Instruct (Grattafiori et al.,
2024)

¢ Phi-4-mini-instruct (Microsoft et al., 2025)
¢ Qwen3-8B (Alibaba et al., 2025)

These were the base models our participants built
upon. They contextualize participant results against
off-the-shelf models in this “weight category”.
Since baselines were evaluated with a single ver-
ifier (Gemma-4-31B) rather than the full multi-
judge ensemble, their per-task and cross-task scores
are reported separately in Appendix E.

4 Human Evaluation

Human evaluation was conducted for the open-
ended generation (OEG) sub-task, where automatic
metrics and lexical references are least reliable due
to the creative and open-ended nature of the gen-
erated texts. System outputs were evaluated along
three core quality dimensions on a 7-point cali-
brated scale:

¢ Instruction Following (IF) (1-7): How faith-
fully the response satisfies all explicit con-
straints and instructions in the prompt.

* Naturalness (Nat) (1-7): Fluency, idiomatic
phrasing, and appropriateness of tone and for-
mality in the target language.

* Coherence (Coh) (1-7): Logical structure,
flow of arguments, and internal consistency.

We conducted human evaluation on the primary
system as indicated by each participant. It cov-
ers only 14 languages due to resource constraints
and annotator availability, with 69 samples each,
as certain questions involve content in a language
different from the question’s language.

4.1 Evaluation Pipeline and Crowdsourcing

Human ratings were contributed by two of the
task’s sponsors:

* Toloka (platform.toloka.ai) provided support
for 10 languages: Arabic, Chinese, German,
English, Indonesian, Italian, Japanese, Ko-
rean, Russian, and Spanish. The evaluation
was conducted by MIST Organizers through
Toloka’s specialized platform, using their
structured expert pipeline with built-in quality
assurance.
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* VoiceArena (voicearena.com) collected hu-
man evaluation annotations for 4 Indic lan-
guages (Bengali, Bhojpuri, Hindi, Marathi)
on their own in-house platform.

Both campaigns used the same guidelines and the
same 7-point scale. We provide a detailed descrip-
tion of the setup in Appendix C.

4.2 Results

The human evaluation covers 69 items per lan-
guage, for a total of 966 items for 14 languages.
Table 4 reports the overall results and official WMT
significance cluster ranking; Table 5 provides a per-
language breakdown.

Significance Clusters and Rankings. Applying
paired bootstrap resampling (n=10,000, a=0.05)
and Wilcoxon signed-rank tests over the 966 eval-
uated items partitions the seven evaluated submis-
sions into five statistically distinct performance
clusters (Table 4): the top three (LANIQO, SEN-
TINEL, CUNI; ranks 1-3), followed by PSK
(rank 4), TUM-HEILBRONN (rank 5), ALEIX
(rank 6), and TEAMSPINOZA (rank 7), each signif-
icantly separated from the others.

Dimensional Trade-offs: Instruction Following
as the Bottleneck. Within the top cluster, Nat-
uralness (5.51-5.74) and Coherence (5.59-5.68)
are tightly grouped, whereas Instruction Follow-
ing shows the widest spread across all systems
(1.67 points). This demonstrates that baseline
target-language fluency is largely solved in modern
<10B parameter models, whereas faithful compli-
ance with complex, multi-constraint instructions
remains the primary differentiator. Notably, CUNI
achieves the highest Instruction Following score
(5.36), benefiting from targeted system prompting,
while LANIQO leads on Naturalness (5.74) and Co-
herence (5.68) through knowledge distillation and
pivot decoding.

Language-Specific Patterns. As detailed in Ta-
ble 5, performance varies markedly across lan-
guage families:

* High-Resource European Languages: En-
glish outputs receive the highest absolute
ratings across all systems (all dimension
means >5.80; CUNI leading at 6.21, fol-
lowed closely by TEAMSPINOZA at 6.19 and
LANIQO at 6.14). German and Spanish like-
wise display strong adherence, with SEN-

TINEL (5.75) and LANIQO (6.04) leading, re-
spectively.

* Asian Languages and Script Divergence: In
Japanese, top systems remain closely grouped
(LANIQO at 5.94, CUNI at 5.91, SENTINEL
at 5.91). In Korean, however, sharp perfor-
mance disparities emerge: Instruction Follow-
ing drops sharply for several systems, while
CUNI exhibits a noticeable dip in Korean
Naturalness, pulling its overall Korean score
down to 4.61. LANIQO maintains the most
balanced Korean output (5.30 overall). In Chi-
nese, CUNI leads at 6.17, followed by TUM-
HEILBRONN at 5.93 and ALEIX at 5.92.

¢ Arabic and Indonesian: In Arabic, LANIQO
(5.52) and CUNI (5.48) lead with balanced
instruction adherence. In Indonesian, SEN-
TINEL (5.44), LANIQO (5.40), PSK (5.37),
and CUNI (5.36) form a tight competitive
tier, whereas TEAMSPINOZA drops to 4.54
due to low instruction following (3.66).

* Indic Languages: Performance drops for
lower-resource Indic languages, with the sur-
prise Bhojpuri showing the steepest decline
(top system LANIQO at 4.82, bottom systems
below 2.50). Bengali and Marathi show a
clearer separation between the top cluster and
the rest: in Bengali, SENTINEL leads at 5.57,
while in Marathi, CUNI (5.75) and SENTINEL
(5.75) are tied. Hindi follows a similar pat-
tern, with CUNI leading at 5.43. Across all
four Indic languages, the gap between the top
three systems and the remaining submissions
is substantially wider than for high-resource
languages, and several lower-ranked systems
fall below 3.0, indicating severe quality degra-
dation.

5 Automatic Evaluation

Human evaluation was not conducted for all sub-
missions, tasks, or languages, but we ran a thor-
ough automatic evaluation for submitted outputs.

5.1 Metrics

We employ a comprehensive suite of automatic
metrics, each targeting a different aspect of output
quality:

* Language identification (LangID): We ver-
ify that the output is in the expected tar-
get language using GlotLID (Kargaran et al.,
2023), evaluated across the 24 shared task lan-
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System Rank Overall| IF Nat Coh Winshare
Laniqo 1[1-3]  5.57+0.04 528 574 5.68 60.3%
Sentinel 2[1-3] 551+£0.04 521 569 5.62 58.6%
CUNI 3[1-3] | 549+£005 536 551 5.59 58.3%
PSK 4[4-4] 493+0.05 451 524 5.05 45.9%
TUM-Heilbronn  5[5-6] 4.80+0.06 4.33 5.11 4.96 45.3%
Aleix 6[5-6] 4.70+0.06 425 5.00 4.85 43.6%
TeamSpinoza 7[7-71 438+0.07 3.69 4.89 454 38.0%

Table 4: OEG human evaluation cluster ranking (N=69 x 14 languages). Ranks in brackets indicate WMT
significance clusters (p < 0.05, paired bootstrap, n=10,000).

System arb deu eng ind ita jpn kor rus spa zho ben bho hin mar
Laniqo 551 572 6.13 537 556 593 528 576 6.04 589 530 493 499 554
Sentinel 531 577 6.09 543 542 589 489 586 572 581 555 455 5.09 S5.72
CUNI 548 558 621 533 548 590 461 575 6.05 617 502 419 539 5.65
PSK 506 527 580 [ 535 498 577 478 534 574 546 444 292 387 431
TUM-Heilbronn 491 542 593 492 526 567 492 5.16 584 593 377 288 356 3.02
Aleix 499 549 6.01 495 522 581 483 529 595 592 288 253 335 261
TeamSpinoza 492 514 | 618 455 485 566 493 475 505 584 280 229 205 227

Table 5: OEG human evaluation breakdown: per-language scores (dimension mean, N=69 per language).

guages. GlotLID provides native support for
low-resource languages including Bhojpuri,
Kurdish, and Yoruba without requiring ap-
proximate surrogate matching.

¢ Non-answerable validation (NonAns): For
context QA, we check whether the model cor-
rectly produces the instructed refusal phrase
for unanswerable questions. Matching is
rule-based (NFKC normalization, casefold-
ing, punctuation stripping) against the exact
phrase from the prompt template.

¢ Lexical metrics: BLEU, chrF++ (chrF),
and ROUGE (R-L, R-1, R-2) computed
against gold references using a shared per-
language tokenizer (jieba for Chinese, MeCab
for Japanese/Korean, whitespace elsewhere).
chrF++ runs on raw text for tokenization inde-
pendence.

e COMET and CometKiwi (CQE):
Reference-based and reference-free neural
MT metrics. The (source, hypothesis, refer-
ence) triple uses the English gold as source
and the target-language gold as reference.

* NLI: Natural language inference scores us-
ing ModernBERT-base-nli in three settings:
QA reference entailment, summarization mu-
tual entailment with reference (NLI-ME), and
SummacC-style source faithfulness (NLI-F).

e LLM-as-a-verifier (QA): For QA, we use the
judge to verify semantic equivalence between
the system response and the reference answer.

For non-answerable questions, the judge de-
cides whether the system correctly pointed it
out.

LLM-as-a-verifier (OEG): We manually
write several verification rules for each ques-
tion to enable automatic verification of instruc-
tion following and content quality, which can
be more reliable than an LL.M-as-a-judge us-
ing fixed one-for-all rubrics for each question.
In particular, the rules check output length
against the specified constraint; the presence
of required words; and whether key concepts
in the question are addressed. The rules are
always in English regardless of a question’s
language. We run LLMs to produce a binary
outcome for each rule.

LLM-as-a-judge (Sum): For summarization,
we use the judge in a reference-free fashion
and only ask for a fluency rating of the system
output.

Language-Gated metrics: For cross-lingual
summarization, generated outputs that fail
LangID receive a score of zero for that in-
stance. Language-Gated ROUGE-L (G-R-
L) and Language-Gated chrF++ (G-chrF) di-
rectly penalize systems that generate in En-
glish rather than the specified target language.

For tasks with gold references, we use multi-
reference evaluation: the target-language gold was
produced by two independent translation systems,

and both are retained as equally valid references
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(Section 2.4).

For rule-based and answer verification across
tasks, official scoring employs an ensemble of LLM
verifiers: Cohere Command A+ (Cmd-A+ in ta-
bles), GLM-5.1, and Gemma-4-31B (Gemma4),
with Qwen-3.5-397B also evaluated on open-ended
generation rules . A majority vote across verifiers
(Maj) serves as the primary metric.

5.2 Context-based Question Answering

Table 6 reports evaluation results for context-based
question answering aggregated across all 24 lan-
guages. Systems are ranked by their 3-judge
majority-vote verification accuracy (Maj), which
serves as the primary benchmark metric.

Verification vs. Lexical Overlap. A striking
finding is the decoupling between rule-based verifi-
cation accuracy and surface lexical overlap. CUNI-
PRIMARY achieves the highest majority verifica-
tion accuracy (81.63%) and leads on individual
verifiers (79.13% Command A+, 77.71% GLM-
5.1, 83.47% Gemma), closely followed by CUNI-
VARIANT_B (80.93% Maj, 38.2 chrF++) and
LANIQO-PRIMARY (76.90% Maj). In contrast,
TUM-HEILBRONN-PRIMARY achieves the high-
est BLEU (19.7), ROUGE-L (34.95), and Mod-
ernBERT NLI mutual entailment (27.15), but at-
tains only 59.16% on majority verification. This
divergence stems from distinct generation strate-
gies: prompt-engineered models (CUNI) gener-
ate concise, targeted answers that directly satisfy
verifiers, whereas sequential fine-tuning (TUM-
HEILBRONN) produces longer spans with substan-
tial lexical overlap with gold answers, even when
partially missing strict answer precision.

Answerable Comprehension vs. Refusal Ac-
curacy. Table 7 reports performance dissected
across the 6,912 answerable reading comprehen-
sion questions and the 1,728 unanswerable ques-
tions (where models are instructed to output a fixed
refusal phrase) evaluated under the Gemma-4-31B-
it judge across all 24 languages. Top participant
systems (CUNI, LANIQO) balance strong compre-
hension (~=74-80%) with strong refusal discipline
(>97%).

Non-Answerable Detection by Participant
Probes. The ability to correctly decline unan-
swerable questions varies substantially among
participant submissions. TUM-HEILBRONN-
PRIMARY (87.07% F1) and TEAMSPINOZA sys-

tems (86.40%—-86.50% F1) excel on this dimension,
demonstrating the efficacy of Spinoza’s specialized
answerability classification probe. Conversely, sev-
eral models (e.g., SENTINEL-BASE at 55.91% and
ALEIX-PRIMARY at 41.51%) struggle to reliably
emit the exact instructed refusal phrase across di-
verse target scripts.

Cross-Lingual and Low-Resource Disparities.
Performance breaks down starkly along language
resource tiers (Tables 13 and 14). While top sys-
tems achieve 80-87% verification accuracy on
high-resource European languages (English, Ger-
man, Italian, Spanish), severe drops occur on low-
resource and distant languages. Yoruba proves the
most difficult (best Gemma-4-31B score of 41.7%
by CUNI-PRIMARY, with many systems falling be-
low 20%), followed by Kurdish (top score 64.7%).
The surprise language, Bhojpuri, shows high accu-
racy for top systems (98.3% for CUNI-PRIMARY),
demonstrating strong zero-shot cross-lingual trans-
fer from Hindi data, but weaker systems exhibit
steep degradation.

5.3 Open-Ended Generation

Based on LL.M-as-a-verifier results, both systems
from CUNI perform strongly and top the results,
followed by Laniqo and Sentinel. Across the 24
target languages (Table 9), the two CUNI sys-
tems collectively capture the top score in every lan-
guage: CUNI-VARIANT_B leads in 12 languages
(excelling on non-Latin and mid-to-low-resource
scripts such as Arabic at 92.4%, Bengali at 93.3%,
and Kurdish at 78.7%), while CUNI-PRIMARY
leads the other 12 (predominantly high-resource
European and East Asian languages). Performance
varies markedly across language resource tiers:
Bhojpuri demonstrates strong zero-shot transfer
from Hindi data, whereas Yoruba represents a uni-
versal bottleneck across all participant architectures
(peaking at only 43.4% rules verified and falling be-
low 3% for weaker submissions), alongside steep
drops in Kurdish and Haitian Creole for smaller
open models.

Language correctness exhibits a distinct pattern
compared to rule-based LLM verification results,
where the best results are obtained by LANIQO and
SENTINEL, whereas CUNI underperforms several
other submissions.

Finally, we compute ranking correlations be-
tween the earlier human evaluation and automatic
LLM-as-a-verifier for primary systems in the OEG
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System Maj| Cmd-A+ GLM-5.1 Gemma4 BLEU chrF R-L COMET CQE NLI LangID NonAns
CUNI-primary 81.63 79.13 71.71 83.47 8.7 | 351 24.14 68.05 61.30 1587 97.4 82.02
CUNI-variant_B 80.93 78.12 76.75 82.89 10.6 | 382 26.96 69.34 6254 17.52 98.5 81.79
Laniqo-primary 76.90 75.36 72.11 78.78 9.5 | 36.1 24.88 68.60 62.02 1594 98.5 80.41
Laniqo-variant_A 69.80 69.19 65.43 72.29 104 | 349 25.14 67.63 6038 16.26 97.5 76.72
TeamSpinoza-primary 67.50 68.85 63.44 69.64 126 = 363 2833 7121 6274 2436 95.9 86.40
TeamSpinoza-Variant_V4 61.96 63.91 56.88 66.10 129 348 27.70 72.62 6328 26.07 95.4 86.50
Sentinel-base 59.58 61.53 54.88 61.77 57 258 16.73 62.70 5558 11.12 98.0 55.91
TUM-Heilbronn-primary 59.16 61.59 54.48 64.05 19.7 340 34.95 7217 6183 27.15 92.2 87.07
Aleix-variant_B 57.08 60.44 52.89 59.62 54 243 16.11 62.18 56.37 11.60 94.8 61.91
PSK-primary, variant_A, variant B~ 51.70 55.37 4791 54.62 157 323 2756 68.78 59.12 21.52 92.0 63.40
Sentinel-primary, RunB 50.84 55.29 46.68 53.67 10.5 274 2224 65.22 56.82 1591 94.1 64.72
Aleix-variant_A 45.73 50.58 42.97 47.92 4.7 200 13.01 5829 51.72 10.21 98.7 52.56
Aleix-primary 34.73 39.75 32.82 36.05 4.1 142 918 5322 4648 8.19 97.4 41.51
TeamSpinoza-Variant_sum-verifier3 ~ 17.22 30.52 14.25 19.22 26 155 8.78 5644 51.85 8.04 90.0 4.00

Table 6: Ctx-QA automatic evaluation results aggregated across all 24 languages.

Answerable  Non-Ans Overall|
Rank System (N=6912) (N=1728) (N=8640)

1 CUNI-primary 79.79% 98.21% 83.47%
2 CUNI-variant_B 78.91% 98.84% 82.89%
3 Laniqo-primary 74.12% 97.45% 78.78%
4  Laniqo-variant A 66.61% 95.02% 72.29%
5 TeamSpinoza-primary 64.15% 91.61% 69.64%
6  TeamSpinoza-Variant_V4 59.69% 91.72% 66.10%
7  TUM-Heilbronn-primary 55.87% 96.76% 64.05%
8  Sentinel-base 54.67% 90.16% 61.77%
9  Aleix-variant_B 53.11% 85.65% 59.62%
10  PSK-variant_A 51.66% 66.67% 54.66%
11 PSK-primary 51.55% 66.90% 54.62%
12 PSK-variant_B 51.56% 66.72% 54.59%
13 Sentinel-primary 47.34% 79.11% 53.69%
14 Sentinel-RunB 47.29% 79.11% 53.66%
15  alkhder-primary 60.00% 0.00% 48.00%
16  Aleix-variant_A 36.66% 92.94% 47.92%
17 Aleix-primary 21.46% 94.44% 36.05%
18  TeamSpinoza-Variant_sum-verifier3 22.12% 7.64% 19.22%

Table 7: Ctx-QA breakdown: Answerable (reading comprehension) vs. Non-Answerable (refusal accuracy).

sub-task. It is worth noting that human evaluation
only covered a subset of languages and questions,
and the two evaluations asked annotators and LLMs
fundamentally different questions. Nevertheless we
observe that they display good to strong correla-
tions, with Spearman’s p = 0.79 and Kendall’s
7 = 0.62. The only variations are local, among
the top 3 systems, namely LANIQO, SENTINEL,
and CUNI, whilst other systems are positioned the
same according to both evaluations.

Cross-Lingual Prompts While most open-ended
generation prompts require monolingual responses,
11 prompts in the benchmark explicitly instruct
the model to produce its response in a different
language (e.g., an Arabic prompt requesting a com-
plaint letter in Swiss German, or a German prompt
requesting text in Czech; N=245 strictly cross-
lingual instances across 23 languages). Evaluat-
ing these instances reveals three key findings (Ta-
ble 17):

* Strong prompt-language inertia: When sys-
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tems fail to switch languages, they overwhelm-
ingly remain trapped in the prompt’s input
language (>60% across many systems) rather
than defaulting to English (<2% across all
systems).

Multi-stage pipelines struggle with prompt-
internal constraints: Systems that decou-
pled generation into modular stages strug-
gled when the target language was defined
only within the prompt text. Most notably,
LANIQO’s two-stage pivot strategy (which
generates an intermediate English draft before
rewriting into the target language) systemati-
cally produced outputs in the prompt’s input
language (94.7% inertia, 0.0% on-target), in-
dicating that the second-stage rewrite targeted
the document’s language metadata rather than
the constraint within the prompt. Similarly,
SENTINEL’s verification wrapper (24.1% on-
target) checked language compliance against
the input language and forced retries in that



System Maj| Cmd-A+ GLM-5.1 Gemmad4 Qwen-3.5 LangID
CUNI-variant_B 88.45 79.82 87.26 88.99 90.03 87.2
CUNI-primary 82.25 80.64 81.06 83.06 86.25 84.5
Laniqo-primary 76.27 66.63 76.51 76.45 73.62 96.7
Sentinel-base 72.47 68.10 71.79 73.20 75.39 93.7
Sentinel-primary, RunB 65.43 57.79 58.16 65.73 66.20 96.2
Laniqo-variant_A 64.26 55.99 64.42 64.76 64.95 97.4
PSK-primary, variant_A, variant_B 63.65 58.40 62.69 63.45 62.88 87.1
Aleix-variant_B 62.37 61.69 62.55 61.95 62.82 81.6
TUM-Heilbronn-primary 60.48 58.26 61.28 60.32 63.57 87.7
TeamSpinoza-Variant_V4 57.79 55.19 58.54 58.08 59.54 91.7
Aleix-primary 55.73 54.94 55.25 56.25 59.37 87.2
Aleix-variant_A 53.66 53.22 53.42 53.96 56.73 87.5
TeamSpinoza-primary 47.91 43.94 47.81 48.99 46.07 93.1
TeamSpinoza-Variant_sum-verifier3 ~ 23.55 22.96 24.48 24.76 24.15 91.8

Table 8: OEG automatic evaluation results across all 24 languages.

System ar bn bh ¢ ku de en fi ht hi id it ja ko mr fa pt ru sk e tr vi yo zh Avg
CUNI-variant_B 92.4 93.3 88.9 86.0 78.7 93.9 93.6 88.5 86.6 93.3 92.7 92.7 88.9 88.2 92.7 91.7 91.4 93.0 72.6 92.0 92.0 83.5 41.2 90.1 88.5
CUNI-primary 87.9 79.3 59.2 78.0 56.7 91.7 96.8 70.1 66.2 81.5 93.6 93.6 89.8 82.5 64.6 93.6 94.6 952 75.2 94.9 84.7 91.1 43.4 93.3 823

80.3 82.5 80.3 65.9 51.9 86.0 85.7 70.7 67.2 83.1 83.1 83.1 83.4 78.0 81.2 82.8 83.1 82.2 52.2 85.4 76.1 78.0 18.1 85.7 76.3
81.2 78.0 58.9 72.3 20.7 84.4 88.5 72.9 37.9 82.2 84.1 84.4 74.5 78.3 77.4 79.9 83.1 83.1 61.8 85.0 78.3 79.9 7.1 77.7 72.5
Sentinel-{primary, RunB } 71.8 71.5 48.2 63.9 158 77.2 879 62.6 30.6 74.4 81.5 80.6 66.1 69.1 67.0 68.9 79.1 77.4 54.1 80.3 64.8 71.5 8.5 73.6 65.4
Laniqo-variant_A 71.7 67.5 46.2 54.8 30.6 74.8 76.4 63.1 54.1 68.8 72.6 76.1 69.7 70.1 64.3 70.7 74.5 75.8 49.0 76.4 63.7 65.9 11.0 72.0 64.3
PSK-{primary, variant_A, variant_B} 71.5 64.3 29.3 73.1 8.3 73.6 71.1 66.8 8.3 |72.8 78.5 75.5 68.4 69.2 61.4 76.5 76.8 72.4 69.2 77.5 67.3 76.5 38.6 70.3 63.7
Aleix-variant_B 764 475 28.7 61.5 6.4 80.3 914 47.8 7.0 54.1 83.1 83.4 82.2 79.3 354 64.0 86.6 78.3 55.1 86.0 65.9 80.3 2.7 88.5 62.4
TUM-Heilbronn-primary 65.3 54.5 29.6 65.3 24.5 71.0 822 52.9 39.5 56.4 75.8 77.4 62.1 62.4 414 64.3 72.6 76.8 56.4 77.4 60.8 71.3 14.3 78.0 60.5
TeamSpinoza-Variant_V4 67.8 44.6 21.3 58.0 22.6 74.5 81.2 40.1 28.7 54.8 72.9 72.3 68.2 62.7 38.9 66.9 72.3 70.7 52.2 69.4 61.5 72.6 154 79.6 57.8
Aleix-primary 66.2 322 11.8 60.8 10.8 75.2 83.4 459 11.5 41.1 76.1 79.9 72.3 67.5 22.0 49.7 78.0 78.0 52.9 80.3 62.4 77.1 2.7 77.4 55.7
Aleix-variant_A 59.6 25.5 15.0 60.2 89 74.8 81.8 452 8.3 26.8 76.4 81.5 64.3 62.7 21.7 51.0 77.4 74.5 53.2 79.6 58.9 76.8 6.6 77.4 53.7
TeamSpinoza-primary 52.9 36.0 14.0 44.6 229 56.7 77.1 31.2 31.2 379 59.6 62.4 51.0 56.7 33.1 47.8 66.6 59.2 40.1 682 43.0 51.6 20.3 74.2 47.9
TeamSpinoza-Variant_sum-verifier3 22.9 29 29 13.7 13 31.2 564 7.0 3.8 6.7 40.8 37.3 31.5 232 22 7.0 44.6 31.2 10.8 51.9 134 475 1.6 64.3 23.6

Laniqo-primary
Sentinel-base

Table 9: OEG breakdown: per-language results (LLM judge ensemble majority-vote rule pass rate (%), primary

benchmark metric).

language. Looking at the overal language on-
targetness in Table 8, it seems that this strat-
egy ultimately paid off for the whole set, with
these systems still being in the top.

* Prompt engineering retains steerabil-
ity: Single-pass prompt-engineered models
(CUNI-VARIANT_B at 89.0% and CUNI-
PRIMARY at 81.6%) followed language-
switch constraints with high fidelity, demon-
strating that outer pipeline wrappers can
inadvertently override an LLM’s intrinsic
instruction-following steerability. However,
the overall language compliance of these sys-
tems was lower than the multi-stage ones.

5.4 Cross-lingual Summarization

Table 10 presents evaluation results for cross-
lingual summarization across all 24 target lan-
guages. The official benchmark ranking is gov-
erned by Language-Gated ROUGE-L (G-R-L),
which assigns zero credit to summaries failing lan-
guage identification. Fluency judgments from an
LLM verifier are presented in Table 19.

System Performance. LANIQO-VARIANT_A
achieves the highest gated ROUGE-L (17.55%) and
NLI mutual entailment (9.12%), followed closely
by CUNI-VARIANT_B (17.41% G-R-L, 38.0% G-
chrF++, 81.98 COMET) and LANIQO-PRIMARY
(16.95% G-R-L, 99.8% LangID). On neural MT
metrics, CUNI-VARIANT_B and CUNI-PRIMARY
attain the strongest semantic fidelity (81.98 and
81.54 COMET, respectively). TEAMSPINOZA-
PRIMARY achieves third place according to the
LLM-as-a-verifier that checks language adher-
ence and fluency, however, it is penalized by the
reference-based Rouge-L.

Knowledge Distillation and Script Adherence.
LANIQO-PRIMARY’s full fine-tuning with teacher
distillation from Gemma-4-31B paired with pivot
decoding yields the most robust language adher-
ence across the benchmark (99.8% LangID). This
proves decisive on challenging low-resource scripts
such as Bhojpuri, where LANIQO-PRIMARY gen-
erates fluent target-language text (98.6% LanglID)
while most other systems fail completely, often
falling below 35% LangID.
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System G-R-L| G-chrF RawR-L Raw chrF R-1 R-2 BLEU COMET CQE NLI-ME NLI-F LangID
Laniqo-variant_A 17.55 345 19.23 345 3288 995 6.5 77.88 60.51 9.12 19.54 98.5
CUNI-variant_B 17.41 38.0 18.93 383 3498 10.05 6.5 81.98 63.54 8.84 19.63 97.5
Laniqo-primary 16.95 37.8 18.51 37.8 34.51 9.74 6.4 81.05 61.06 7.83 16.69 99.8
PSK-primary 15.66 28.1 17.30 28.1 30.07 751 42 75.12  58.45 8.28 17.75 98.1
CUNI-primary 14.71 354 16.35 358 3202 794 5.0 81.54 62.88 8.59 16.72 93.6
Sentinel-primary 14.11 35.0 15.44 350 2939  7.60 4.6 79.34  61.49 8.43 18.93 95.5
Sentinel-base 14.11 35.0 15.44 350 2939  7.60 4.6 79.34  61.49 8.43 18.93 95.5
Sentinel-RunB 13.44 27.6 14.79 276 2627 6.26 3.6 7272 58.88 7.60 19.03 95.9
TUM-Heilbronn-primary 12.50 224 14.58 258 2465 691 4.4 70.34  61.43 8.10  29.87 75.3
TeamSpinoza-Variant_sum-verifier3 12.33 28.3 13.73 283 25.64 5.31 3.1 73.58 58.46 7.49 14.18 94.5
Aleix-variant_A 12.06 22.6 13.67 233 2348 5.90 34 66.85 5839 8.17  23.17 87.7
TeamSpinoza-Variant_V4 10.87 18.2 12.12 183 19.97 5.44 2.6 63.78  53.19 7.60 20.97 93.4
Aleix-primary 8.85 15.9 10.56 18.0 17.77  4.56 2.4 58.79  57.76 8.18 = 3470 66.9
Aleix-variant_B 7.81 17.0 10.38 229 18.02  4.63 3.0 64.50 | 62.66 8.05 | 39.12 52.1
TeamSpinoza-primary 742 9.8 8.42 9.9 1238 3.29 0.8 54.80 4751 8.95 21.62 92.1

Table 10: Sum automatic evaluation results across all 24 target languages.

6 Rankings and Discussions

Most Truthful System.

TUM-HEILBRONN-

6.1 Overall Ranking

Table 11 presents an overall cross-task ranking of
all participant systems across the three subtasks,
based on automatic evaluation. Each system’s over-
all rank is computed as the mean of its per-task
ranks, where per-task ranking follows the primary
benchmark metric: LLM ensemble majority-vote
accuracy for Ctx-QA and OEG, and Language-
Gated ROUGE-L F1 for Summarization.

Overall Ranking Based on Automatic Evalua-
tion. CUNI-VARIANT_B achieves the top over-
all rank (mean rank 1.67), with remarkably con-
sistent performance: #2 in Ctx-QA, #1 in OEG,
and #2 in Summarization. CUNI-PRIMARY (mean
rank 2.67) wins Ctx-QA but drops to #5 in Sum-
marization. LANIQO-PRIMARY (mean rank 3.00)
is the most balanced system, placing #3 across all
three tasks.

LANIQO-VARIANT_A (mean rank 4.00) wins
the Summarization track (G-R-L 17.55) and places
#4 in Ctx-QA but drops to #7 in OEG. SENTINEL-
BASE rounds out the top five (mean rank 6.00), with
particular strength in OEG (#4).

Individual Sub-Task Winners
¢ Context-based Question
CUNI-PRIMARY (81.63% Maj)
* Open-Ended Generation: Based on hu-
man evaluation, the first three places belong
to LANIQO-PRIMARY, SENTINEL-PRIMARY,
and CUNI-PRIMARY, respectively. Ac-
cording to automatic evaluation, CUNI-
VARIANT_B takes the lead with 88.45% en-
semble verification.
* Summarization:
(17.55 G-R-L)

Answering:

LANIQO-VARIANT_A

PRIMARY achieves the highest Non-Answerable
F1 score (87.07%), demonstrating the strongest
refusal accuracy and lowest hallucination rate
on unanswerable questions, followed closely
by TEAMSPINOZA-VARIANT_V4 (86.50%) and
TEAMSPINOZA-PRIMARY (86.40%).

Most Equitable System. LANIQO demonstrates
the most uniform cross-lingual performance un-
der human evaluation (Section 4), maintaining the
benchmark’s lowest cross-lingual variance (¢ =
0.37), the highest worst-case score floor (4.93 in
Bhojpuri), and never falling below rank 4 across all
14 languages. Under automatic metrics across all
24 languages, CUNI-VARIANT_B also exhibited
remarkable consistency, achieving a minimax rank
of 3 (with English being its relative weakness).

6.2 Insights

Post-editing effort is necessary for realis-
tic benchmarking. We initially intended post-
editing purely as a quality assurance step, however,
it is in itself a valuable signal of the disparity in
language representation. After discussions with
the annotators, we realized that the time and effort
needed to post-edit each language largely varied
even though we used state-of-the art LLMs to per-
form the translation/localization and despite most
prompts being relatively simple. This highlights
that we cannot expect to reach truly multilingual
models by simply translating benchmarks (Chen
et al., 2024).

Monolingual QA has a higher accuracy than an-
swering a non-English question about a passage
in English. Constructing the Context QA test set
with redundant questions paired with different lan-
guage mutations of the same passage allowed us
to examine the effect of passage-question language
pairing on the accuracy of the answers. As shown
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Overall Syst Mean Ctx-QA OEG Sum Ctx-QA OEG Sum
Rank “YStem Rank  Rank Rank Rank Maj(%) Maj(%) G-R-L
1 CUNI-variant_B 1.67 #2 #1 #2 80.93 88.45 17.41

2 CUNI-primary 2.67 #1 #2 #5 81.63 82.25 14.71

3 Laniqo-primary 3.00 #3 #3 #3 76.90 76.27 16.95

4  Laniqo-variant_A 4.00 #4 #7 #1 69.80 64.26 17.55

5  Sentinel-base 6.00 #7 #4 #7 59.58 72.47 14.11

6  PSK-primary 7.33 #10 #8 #4 51.70 63.65 15.66

7  Sentinel-primary 7.33 #11 #5 #06 50.84 65.43 14.11

8  Sentinel-RunB 8.67 #12 #6 #8 50.84 65.43 13.44

9 TUM-Heilbronn-primary 9.00 #8 #10 #9 59.16 60.48 12.50

10  TeamSpinoza-Variant_V4 9.67 #6 #11 #12 61.96 57.79 10.87

11 Aleix-variant_B 10.67 #9 #9 #14 57.08 62.37 7.81

12 TeamSpinoza-primary 11.33 #5 #14 #15 67.50 4791 7.42

13 Aleix-variant_A 12.33 #13 #13 #11 45.73 53.66 12.06

14 Aleix-primary 13.00 #14 #12 #13 34.73 55.73 8.85

15 TeamSpinoza-Variant_sum-verifier3 ~ 13.33 #15 #15 #10 17.22 23.55 12.33

Table 11: Overall ranking based on automatic evaluation. Systems ranked by the mean of per-task ranks.

in Table 15 in the appendix, most systems had a
higher accuracy in a monolingual setting (i.e. pas-
sage and question in the same language) compared
to cross-lingual from English. Moreover, the ac-
curacy further drops if neither of the languages is
English.

7 Conclusion

In this paper, we presented the findings of the
WMT26 Shared Task on Multilingual Instruction
Tuning (MIST). Focusing squarely on open-weight
language models within an accessible <10B pa-
rameter budget, MIST established a standardized,
multi-faceted benchmark across 24 typologically
diverse languages and three core sub-tasks: context-
based question answering, multi-constraint open-
ended generation, and cross-lingual scientific sum-
marization. Across submissions from eight partici-
pating teams and six organizer baselines, our find-
ings provide several key insights into the current
state and limits of multilingual instruction follow-
ing in compact models:

Modeling Strategies and Empirical Trade-offs.
Task-specific adaptation proved essential: untuned
open-weight baselines suffered from pervasive hal-
lucinations and poor refusal discipline, whereas tai-
lored participant submissions substantially closed
the gap to frontier capabilities. Notably, struc-
tured system prompting and reasoning (CUNI)
achieved top verification accuracy on context QA
and constraint satisfaction in open-ended genera-
tion, while teacher distillation and full fine-tuning
(LANIQO) provided unmatched target-script ad-
herence and led in human-assessed fluency. Fur-

thermore, specialized inference-time mechanisms,
such as TEAMSPINOZA’s answerability probe,
demonstrated that isolating answerability classifi-
cation from text generation effectively bounds non-
answerable hallucinations. Conversely, standard
supervised fine-tuning optimized for lexical over-
lap (TUM-HEILBRONN) produced verbose gener-
ations with high surface overlap (BLEU/ROUGE)
but reduced precision under strict verifiers, high-
lighting the decoupling between n-gram metrics
and functional instruction compliance.

Cross-Lingual Gaps and Language Gating.
Our benchmark reveals that compact models are
not yet universal polyglots. While top systems at-
tain 80—-87% verification accuracy on high-resource
European languages, performance drops steeply
on distant and low-resource targets (e.g., falling
below 42% in Yoruba and remaining challenging
in Kurdish). Encouragingly, the surprise evalua-
tion on Bhojpuri demonstrated robust zero-shot
cross-lingual transfer from Hindi data for leading
systems. In cross-lingual summarization, our re-
sults underscore the necessity of language-gated
evaluation: without explicit penalties for language
drift, models frequently default to English leakage,
fundamentally failing the cross-lingual objective.

Human Evaluation and the Instruction-
Following Bottleneck. Human evaluation across
14 languages shows that within the top cluster,
target-language fluency (Naturalness 5.51-5.74
and Coherence 5.59-5.68) is tightly grouped.
Instead, complex, multi-constraint [Instruction
Following serves as the primary differentiator,
exhibiting a spread of 1.67 points across all
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systems (3.69-5.36). Moreover, multi-judge
LLM verifier panels displayed strong agreement
with human rankings, affirming the viability of
automated majority-vote verifiers for reproducible
multilingual benchmarking.

All test suites, localized prompts, system outputs,
baselines, human annotation rubrics, prompts, and
evaluation code are publicly released. We hope
these resources will help in measuring the useful-
ness of large language models across multiple lan-
guages and consequently their improvement.

8 Limitations

Unfortunately, we were not able to perform human
evaluation for all tasks. Given that both context-
based questioning and summarization have refer-
ences, we opted to focus on evaluating open-ended
generation. We do acknowledge that especially for
summarization, reference-based evaluation might
not be the best given that there are multiple valid
ways of summarizing a paper that can diverge from
the provided reference.
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A Prompt Templates

This section provides the full set of prompts used
across the three sub-tasks of the WMT26 Shared
Task on Multilingual Instruction Tuning (MIST),
as well as the prompts used for LL.M-as-a-judge
automatic evaluation.

A.1 Context-based Question Answering
(QA-Context)

In the context-based QA sub-task, models receive a
background passage in an assigned source language
alongside a question and instruction framed in a
target language. The prompt requires a concise,
single-sentence response grounded strictly in the
provided text. When the requested information
is absent, models are instructed to output that the
question cannot be answered (e.g., “not answerable”
in English).

Benchmark Task Prompt (English) The stan-
dard English prompt template is given below:

I have a question about this passage:

{passage}

The question is: {question}

Could you please answer in one sentence, using only
what the passage says? If the passage doesn't

give the answer, just write "not answerable™".
Please answer in English.

A.2 Open-Ended Generation (OEG)

The open-ended generation sub-task includes 100
manually authored English seed prompts spanning
three functional categories:

1. General: Creative, reflective, or reasoning
tasks without specific geographical ground-
ing.

2. Factual: Knowledge retrieval, structured sum-
maries, and multi-step explanations.

3. Language/Location-specific: Tasks target-
ing linguistic conventions, local customs,
or regional institutions, parameterized using
{language} and {country} placeholders.

Representative Seed Prompt Examples Below
are illustrative examples from each category:

¢ General (Constraint: 150 words):

“Draft a 150-word description of a techno-
logical advancement that excites or con-
cerns you, explaining how it works, its
potential impacts on society, and your
thoughts on its ethical implications or ben-

efits.”

* Factual (Constraint: Metaphorical fram-
ing):

“Explain quantum entanglement using only
cooking metaphors.”

» Language-specific (Parameterized):

“How are diminutives typically formed in
{language}? Provide 3 examples with En-
glish translations.”

* Location-specific (Constraint: 160 words):

“Compose a 160-word text describing a lo-
cal business or establishment that you value
in your community, explaining what they of-
fer, why you choose to support them, and
what role they play in the character or vi-
tality of your neighborhood.”

A.3 Cross-Lingual Scientific Summarization

(Sum-Sum)

For the cross-lingual summarization sub-task, mod-
els read a full scientific paper from ACL 2026 in
English and generate an abstract in the target lan-
guage. To prevent evaluation artifacts tied to a sin-
gle prompt phrasing, each instance is paired with
one of five paraphrased prompt templates, assigned
uniformly at random.

Paraphrased Prompt Template Each instance
is paired with one of five paraphrased prompt tem-
plates, assigned uniformly at random. A represen-
tative prompt template is:

The following is the full text of an *ACL paper in
English. Write the paper's abstract in around
200 words, using formal third-person academic
prose.

PAPER:
{paper}

Output the abstract only, without any reasoning,
explanation, or additional text.

The full set of five paraphrased prompt variants is
available in the shared task repository.

B Post-Editing Distance and Human
Effort

Table 12 reports the detailed post-editing distance
metrics between the original machine translations
(predominantly GPT-5.5) and the finalized human
post-edited test prompts across all 23 non-English
target languages, evaluating all N = 100 prompts
per language (N = 59 for Yoruba). We evaluate
human correction effort using six complementary
metrics:

* % Unchanged (% Unch.): The percentage
of prompt instances accepted completely ver-
batim with zero human edits.
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* chrF: Tokenization-independent character n-
gram F-score (n = 6, § = 2), which robustly
captures subword and morphological preser-
vation across diverse alphabetic, abjad, and
logographic scripts.

* BLEU: Corpus-level BLEU score computed
against the post-edited gold references.

* EditDist: The mean character-level Leven-
shtein edit distance per prompt (minimum
character insertions, deletions, and substitu-
tions).

* CER (%): Character Error Rate, computed

as 100 x >~ Levenshtein(h,r)
2 Ir] )

e TER: Translation Edit Rate (HTER) measur-
ing normalized word-level edits (insertions,
deletions, substitutions, and phrase shifts).

As shown in Table 12, the results highlight clear
distinctions in translation difficulty and editing in-
tensity:

* Easy (Minimal post-editing): For high-
resource and morphologically well-supported
languages, the initial translations were al-
most universally adopted as-is. Arabic had
98.0% unchanged prompts (chrF 99.8, BLEU
99.6), where annotators accepted fluent Mod-
ern Standard Arabic (MSA) phrasing with-
out seeking dialectal or stylistic alterations.
Similarly, Hindi (94.0% unchanged, chrF
99.5), Indonesian (91.0% unchanged), Ger-
man (88.0%), Portuguese (85.0%), and Rus-
sian (85.0%) required minimal human inter-
vention.

Frequent but Low-Intensity Edits (Morpho-
logical and Stylistic Tuning): Slavic lan-
guages such as Czech (35.0% unchanged) and
Slovak (37.0% unchanged) had approximately
63-65% of sentences modified by annotators.
However, their editing intensity was remark-
ably low: CER remained below 4.0% (2.6%
for Czech, 3.9% for Slovak) and chrF ex-
ceeded 95.5. Analysis of the diffs confirms
that these edits consisted predominantly of
subtle inflectional refinements, diacritic ad-
justments, and formal polite phrasing rather
than structural rewrites.

Difficult and High-Intensity Edits: Haitian
Creole presented the greatest post-editing
difficulty, with only 8.0% of prompts ac-
cepted verbatim, a CER of 22.6%, and a TER

of 29.1, requiring comprehensive human re-
translation. Kurdish likewise demanded exten-
sive editing (15.0% unchanged, CER 21.0%,
TER 27.0). Persian (Farsi) also proved partic-
ularly challenging (44.0% unchanged, CER
16.1%, TER 21.5).

Reproducibility and Metric Parameters All
lexical and edit metrics were computed using
sacrebleu (Post, 2018) version 2.5. 1. For full
reproducibility, the metric signatures and parameter
configurations are as follows:

* BLEU:
explversion:2.5.1 (with tok:zh for Chinese;
for Japanese, unsegmented 13a yields 77.5,
whereas character-level tokenization yields
93.7, consistent with its 94.3 chrF).

4 chrF: nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no]

nrefs:1|case:mixed|eff:no|tok:13a|smooth:

version:2.5.1

TER: nrefs:1|case:1lc|tok:tercom|norm:no|punct:yes|
asian:no|version:2.5.1

Levenshtein & CER: Minimum character-
level edit distance computed via dynamic pro-
gramming, normalized by total reference char-
acter length.

C Human Evaluation Setup Details

Toloka Campaign On the Toloka crowdsourcing
platform, the evaluation pipeline was designed and
deployed with the assistance of an Al agent inte-
grated into the Toloka platform environment, which
generated initial pipeline configurations, quality-
control criteria, and training materials, iteratively
refined in collaboration with the organizers who re-
viewed and approved all final pipeline parameters.

Task and Data Flow. The pipeline evaluated
OEG outputs across 10 diverse languages: Ara-
bic (arb), Chinese (zho), German (deu), English
(eng), Indonesian (ind), Italian (ita), Japanese (jpn),
Korean (kor), Russian (rus), and Spanish (spa). For
each language, 70 prompts were paired with 67
anonymized system responses, yielding 700 items
in total. A language-based filtering was deployed,
ensuring that evaluators only accessed tasks in
their qualified language. Annotators evaluated re-
sponses on the 7-point calibrated scale (poor —
poor/flawed — flawed — flawed/good — good —
good/great — great) across the three dimensions.

Annotator Pool and Onboarding. We restricted
recruitment exclusively to Toloka’s Verified Experts
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Language N % Unch. chrF BLEU EditDist CER (%) TER
Arabic 100 98.0%  99.8 99.6 0.1 0.1% 0.2
Bengali 100 83.0% 97.6 96.7 2.9 2.0% 2.1
Bhojpuri 100 43.0%  93.0 88.5 10.8 7.7% 8.7
Chinese (Simplified) 100 76.0%  95.8 97.0 1.4 30%  21.1
Czech 100 350% 955 87.6 35 2.6% 7.4
Finnish 100 61.0%  95.7 91.4 6.2 4.2% 6.3
German 100 88.0%  99.0 98.2 1.4 0.8% 1.1
Haitian Creole 100 8.0%  76.0 60.6 31.0 22.6%  29.1
Hindi 100 94.0%  99.5 99.4 0.6 0.4% 0.2
Indonesian 100 91.0% 97.6 1.3 0.8% 1.3
Italian 100 74.0%  97.7 95.8 34 2.2% 32
Japanese™ 100 73.0%  95.0 77.2 2.8 42%  23.6
Korean 100 59.0% 943 91.5 2.5 3.5% 6.0
Kurdish 100 15.0%  76.0 64.4 304 21.0%  27.0
Marathi 100 78.0%  98.0 96.2 2.0 1.4% 2.0
Persian (Farsi) 100 44.0%  83.3 70.7 22.5 16.1% 215
Portuguese 100 85.0%  98.7 97.2 1.9 1.2% 2.0
Russian 100 85.0%  97.0 95.1 4.0 2.6% 4.0
Slovak 100 37.0%  95.6 87.0 5.4 3.9% 8.3
Spanish 100 74.0%  97.9 96.2 2.8 1.8% 2.6
Turkish 100 65.0%  97.7 94.5 2.8 2.0% 3.6
Vietnamese 100 45.0% 913 87.9 14.4 9.3%  10.1
Yoruba 59 69.5%  94.8 92.8 35 3.1% 5.0
Macro Average - 644% 943 89.7 6.9 5.1% 8.5

Table 12: Post-editing distance between initial machine translations and final post-edited prompts across all 23
non-English target languages for the OEG sub-task. *Japanese BLEU is reported using standard sacrebleu 13a

tokenization (character-level BLEU is 94.6).

pool: annotators who have passed platform-level
identity verification and language proficiency ex-
aminations. Per-node language filters ensured that
only native or near-native speakers accepted tasks.

Before accessing production tasks, annotators
completed a mandatory 6-step training course. The
curriculum provided detailed expositions of the
three dimensions, calibration anchor points, and
critical edge cases. In particular, because responses
were pre-truncated to approximately 400 words
(marked by [TRUNCATED]) to bound task duration
to 5-8 minutes, annotators were instructed to apply
a two-sided truncation policy: truncation must not
penalize Naturalness or Coherence, but must pe-
nalize Instruction Following if the original prompt
explicitly specified a length constraint shorter than
the pre-truncation cap. Annotators passed two quiz
gates and reasoning-aloud practice tasks before ad-
mission, with onboarding compensation contingent
on approved production work.

Quality Assurance. Quality control operated in
a human_only QA mode with 10% smart sam-
pling: 10% of production submissions were ran-
domly routed to an independent human reviewer
(also a Verified Expert) who evaluated submissions
against internal rating consistency, completeness,

and adherence to the truncation policy. Rejected
tasks were re-routed to fresh annotators.

VoiceArena Indic Language Campaign. In par-
allel, VoiceArena conducted human evaluation for
four Indic languages—Bengali (ben), Bhojpuri
(bho), Hindi (hin), and Marathi (mar)—recruiting
native annotators directly on their dedicated plat-
form. The annotation protocol, user interface,
and evaluation guidelines directly reflect the 10-
language Toloka evaluation, employing the identi-
cal 7-point calibrated scale across Instruction Fol-
lowing, Naturalness, and Coherence.

D Per-Language Results for Submitted
Systems

This section provides comprehensive per-language
breakdowns across all 24 benchmark languages for
the participant submissions on each of the three
evaluation tasks.

D.1 Context-based QA Per-Language
Performance

Tables 13 and 14 report per-language verification
accuracy for participant systems and organizer
baselines evaluated by Gemma-4-31B and GLM-
5.1 verifiers, respectively.
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System ar  bn bh cs ku de en fii ht hi id it ja ko mr fa pt sk es tr  vi yo zh Avg
CUNI-primary 89.2 804 754 61.7 825 78.3 87.5 812 717 854 90.8 66.7 750 91.7 86.7 90.8 60.8 87.5 33.3 84.8 89.2 86.7 75.0 88.5 79.2
CUNI-variant_B 90.5 783 762 59.6 66.7 79.2 87.4 83.8 65.8 87.1 89.2 658 89.2 892 858 97.5 59.2 852 21.7 858 87.5 842 633 93.3 78.0
Lanigo-primary 86.8 82.5 742 512 592 66.2 83.6 76.7 63.7 81.2 81.7 583 70.8 84.2 80.8 90.8 56.7 84.8 258 81.8 842 77.5 51.7 89.0 72.6
gemma_baseline 855 779 692 512 592 67.5 825 754 64.6 80.0 79.2 57.5 642 90.0 81.7 85.8 542 83.5 225 785 725 80.0 42.5 90.0 70.6
Lanigo-variant_A 75.0 72.9 65.8 512 49.6 61.3 79.0 68.8 588 742 74.6 57.5 725 80.0 86.7 81.7 562 74.8 258 73.7 783 650 41.7 79.5 66.9
TeamSpinoza-primary 79.7 68.3 48.8 558 488 66.2 74.8 658 554 55.0 742 60.0 542 80.8 61.7 71.7 54.6 74.6 38.3 74.8 70.0 70.8 533 73.8 63.8
TeamSpinoza-Variant_V4 69.3 62.1 63.7 61.7 592 57.5 68.8 66.7 554 66.2 654 475 583 675 642 67.5 558 68.1 50.0 67.3 625 633 583 66.7 622
TUM-Heilbronn-primary 65.0 67.5 61.3 48.8 57.5 542 68.6 64.6 558 683 61.3 46.7 59.2 71.7 825 683 450 66.7 242 70.0 59.2 64.2 30.0 62.7 59.3
Sentinel-base 60.3 65.0 53.8 458 42.1 59.6 69.8 62.1 42.1 629 65.0 51.7 542 70.8 60.8 70.0 50.0 65.6 250 60.3 642 633 383 68.8 57.1
Aleix-variant_B 585 61.7 55.8 388 354 52.5 685 55.0 49.6 60.8 58.8 483 558 633 64.2 67.5 475 633 250 60.8 70.0 633 150 63.3 543
qwen3_baseline 557 61.7 529 379 375 533 674 492 558 583 59.2 475 56.7 60.0 56.7 59.2 49.2 573 258 58.0 55.0 56.7 13.3 60.0 51.8
PSK-{primary, variant_A, variant_B} 60.6 51.7 504 44.0 17.8 49.9 63.8 49.0 25.7 483 52.8 40.8 40.6 650 61.1 66.7 52.1 57.8 27.5 57.5 55.8 464 26.1 558 48.6
llama_baseline 533 52.1 483 36.2 41.2 52.1 694 45.0 404 50.0 47.1 458 458 57.5 45.0 65.0 44.6 61.7 258 552 45.8 34.2 31.7 68.0 484
aya_baseline 59.3 29.6 429 404 267 47.1 65.0 42.1 308 454 54.6 442 542 533 483 583 538 625 283 56.5 53.3 40.8 492 618 479
Sentinel-{primary, RunB} 51.6 544 444 36.0 373 46.0 65.1 423 348 488 550 36.7 379 57.1 504 629 50.6 57.9 36.7 549 454 392 283 50.1 46.8
glm4_baseline 49.7 51.7 43.8 425 34.6 433 63.1 43.8 32.5 425 429 40.0 53.3 45.8 36.7 52.5 39.2 57.5 27.5 55.0 49.2 442 275 532 44.7
Aleix-variant_A 46.5 450 442 333 283 458 550 46.2 383 49.6 44.6 358 51.7 583 558 450 354 49.0 20.0 52.2 46.7 492 192 50.2 43.6
phi4mini_baseline 412 412 321 308 229 47.1 523 379 22.1 36.7 38.8 40.8 525 47.5 358 47.5 379 494 192 450 30.0 242 6.7 51.0 37.1
Aleix-primary 31.3 354 28.7 254 20.0 32.1 449 304 279 392 31.7 30.8 41.7 45.0 46.7 342 287 325 20.0 362 39.2 40.0 11.7 32.8 328
TeamSpinoza-Variant_sum-verifier3 133 183 162 121 62 146 265 92 46 242 208 92 208 267 225 192 233 158 7.5 193 11.7 183 83 168 16.1

Table 13: Ctx-QA: Gemma-4-31B verification accuracy per language across submitted systems

baselines. Best per column in bold.

and organizer

System ar  bn  bh cs ku de en fi ht hi id it ja ko mr fa pt ru sk es tr vi yo zh Avg
CUNI-primary 81.7 789 725 176.7 67.5 82.5 86.7 80.3 758 78.9 822 833 81.4 80.3 73.1 83.1 819 76.7 73.1 83.1 78.6 819 43.6 814 77.7
CUNI-variant_B 825 803 79.2 747 69.2 828 853 72.5 68.6 80.3 81.4 84.7 78.6 786 850 79.7 83.3 783 669 81.9 80.3 814 275 789 76.7
Lanigo-primary 794 750 73.1 703 61.4 772 80.8 672 658 789 78.1 715 722 747 783 764 77.2 742 639 78.1 742 833 233 70.0 72.1
Laniqo-variant_A 69.7 66.4 65.6 658 464 72.8 77.8 619 60.3 70.8 75.8 76.4 642 67.8 653 71.4 758 71.1 550 739 639 747 125 650 654
TeamSpinoza-primary 71.1 61.7 539 60.0 356 68.6 78.1 60.0 55.0 66.4 70.3 66.4 68.1 76.1 553 69.2 71.9 69.4 57.8 750 66.9 72.5 14.7 78.6 63.4
TeamSpinoza-Variant_V4 60.8 53.1 428 54.7 356 67.8 772 547 464 553 63.6 66.9 572 57.5 50.3 622 692 66.4 53.6 73.1 553 66.1 150 60.3 56.9
Sentinel-base 586 64.7 442 61.1 239 639 769 589 353 558 69.2 56.7 59.7 51.7 450 60.6 622 658 489 656 46.1 725 8.1 619 549
TUM-Heilbronn-primary 56.9 46.1 40.3 58.6 29.4 65.0 76.4 53.1 483 49.2 553 69.4 56.7 550 48.1 58.3 65.8 61.7 51.1 66.9 56.7 60.8 20.0 58.3 54.5
Aleix-variant_B 564 389 314 525 21.1 669 794 447 275 539 647 67.2 61.1 569 475 542 69.7 59.4 525 714 475 653 119 672 529
PSK-{primary, variant_A, variant_B} 54.7 43.6 39.2 472 14 6l1.1 67.2 469 214 56.9 52.8 58.1 475 472 547 517 622 56.4 494 61.7 525 494 203 46.1 479
Sentinel-{ primary, RunB} 519 439 333 469 158 514 647 51.4 36.7 48.6 564 60.6 450 40.8 425 51.7 63.3 56.4 456 589 44.7 539 8.6 472 46.7
Aleix-variant_A 544 21.1 21.1 49.2 203 619 725 41.1 275 28.1 56.7 419 456 458 214 358 614 58.6 46.7 59.7 31.1 62.8 56 61.1 43.0
Aleix-primary 356 219 225 303 19.7 50.0 57.5 369 253 303 472 239 389 48.6 20.3 26.1 40.3 38.1 325 372 214 51.1 6.1 261 3238
TeamSpinoza-Variant_sum-verifier3 11.1 64 44 89 33 197 414 3.6 44 6.1 194 236 139 13.6 3.1 44 336 228 89 272 86 203 33 297 142

Table 14: Ctx-QA: GLM-5.1 verification accuracy per language across submitted systems. Best per column in bold.

D.2 Monolingual vs. Cross-Lingual QA
Performance

Table 15 details verification accuracy comparing
monolingual instances (L, = L) against cross-
lingual instances (L4 # L) across submitted sys-
tems and organizer baselines, evaluated by the
Gemma-4-31B verifier. We also report directional
cross-lingual breakdowns (synthesizing foreign
contexts into English, transferring English contexts
into foreign target languages, and cross-lingual syn-
thesis between two non-English languages) along-
side accuracy broken down by passage context re-
source tier (Pyigh, Pvids PLow)-

D.3 Open-Ended Generation (OEG)

Table 16 reports per-language Gemma-4-31B rule
pass rates across all 24 target languages for the
submitted systems and organizer baselines.

We also report the language confusion in the
strictly cross-lingual OEG instances in Table 17.

D.4 Cross-Lingual Summarization
(Sum-Sum)

Table 18 displays per-language ROUGE-L F1
scores across all 24 languages for the submitted
summarization systems.

E Organizer Baseline Results

Since baselines were evaluated with a single LLM
verifier (Gemma-4-31B-it) rather than the full
multi-judge ensemble used for participant submis-
sions, we report their results separately. Table 20
presents the cross-task comparison including all
six baselines alongside participant systems, ranked
by mean Gemma-4-31B verification score. Per-
language baseline breakdowns for QA and OEG are
included in the per-language tables in Sections D.1
and D.3.

F Human Evaluation Guidelines

This section reproduces the exact annotation guide-
lines and instructions provided to human evaluators
for the Open-Ended Generation (QA-OEG) evalua-
tion campaign.

F.1 Task Overview and Instructions

Annotators were presented with the following task
instructions:

In this task, you will evaluate a chat-
bot’s response to a user’s request in
{{language}}. You will evaluate the
response using the following quality di-
mensions:
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Language Pairing

Cross-Lingual Direction

Passage Resource Tier

System Overall Same Diff Gap Into-Eng From-Eng Foreign-2-Foreign High Mid Low
CUNI-PRIMARY 80.1 83.7 80.0 3.8 85.3 84.9 778 83.6 758 74.3
CUNI-VARIANT_B 79.3 835 79.1 44 82.3 84.6 76.7 834 762 66.8
LANIQO-PRIMARY 75.4 809 752 5.7 78.6 80.9 72,7  80.0 71.6 62.8
LANIQO-VARIANT_A 69.0 774  68.6 8.7 77.6 76.4 65.1 73,5 65.7 55.3
TEAMSPINOZA-PRIMARY 67.3 763  66.9 9.3 75.1 72.6 64.3 724 641 50.2
TEAMSPINOZA-VARIANT_V4 62.3 725 619 10.7 76.8 64.9 60.0 64.8 60.1 55.7
TUM-HEILBRONN-PRIMARY 60.0 73.1 595 13.6 73.5 64.6 56.8  63.5 559 54.1
SENTINEL-BASE 59.4 71.8 589 129 73.6 67.1 549 643 56.1 439
ALEIX-VARIANT_B 57.7 73.1 57.0 16.1 75.1 65.8 527 62.6 539 43.0
PSK-PRIMARY 52.6 719 518 200 62.1 60.6 479 577 500 34.2
SENTINEL-PRIMARY 51.9 703 511 192 59.4 62.2 463 573 469 38.3
ALEIX-VARIANT_A 47.2 675 463 21.1 67.8 53.5 425 515 432 36.2
ALEIX-PRIMARY 36.2 506 356 15.0 50.5 43.5 31.8 39.8 329 272
TEAMSPINOZA-VARIANT_SUM-VERIFIER3 21.3 37.6 207 17.0 38.8 26.7 174 238 193 14.7
gemma_baseline 772 838 769 6.9 84.6 82.2 744 822 73.0 63.7
gwen3_baseline 57.7 77.1 569 20.2 81.2 66.3 520 62,6 532 453
llama_baseline 56.5 76.5 557 20.7 75.4 68.7 49.6 645 474 42.1
aya_baseline 54.8 67.1 543 127 69.6 64.6 495 617 486 37.3
glm4_baseline 51.7 729 508 22.1 69.6 62.2 454 583 455 35.7
phi4mini_baseline 434 68.8 423 265 65.4 51.0 37.8  50.1 38.0 24.6

Table 15: Ctx-QA verification accuracy (%) across language pairings evaluated by Gemma-4-31B. Same: monolin-
gual instances where question and passage languages match (L, = L,,). Diff: cross-lingual instances (L, # L;).
Gap: Same — Diff. Into-Eng: foreign passage into English question (L, = eng, L, # eng). From-Eng: English
passage into foreign target question (L, # eng, L, = eng). Foreign-2-Foreign: non-English passage into different
non-English question (L, # eng, L, # eng, L, # L,). High / Mid / Low: performance as a function of the
passage context resource tier (Fer). Best results per column within submitted systems and baselines are in bold.

System ar  bn  bh cs ku de en fi ht hi id it ja ko mr fa pt ru sk es tr vi yo zh Avg
CUNI-variant_B 94.0 932 89.8 88.6 79.4 93.1 953 885 863 923 932 932 91.0 88.6 93.2 922 92.8 940 762 937 92.7 90.0 37.5 91.6 884
CUNI-primary 90.2 81.5 584 789 54.6 922 97.7 69.3 66.1 864 955 940 913 857 658 945 955 954 755 958 869 922 37.8 935 823
gemma_baseline 88.6 87.8 60.9 77.5 580 86.5 88.6 80.2 68.0 83.6 854 86.0 86.6 80.1 85.8 83.5 85.8 87.6 63.4 847 835 84.6 20.8 832 78.8
Laniqo-primary 81.3 83.7 813 66.5 50.6 858 84.0 704 69.0 848 834 849 827 78.8 819 827 83.7 82.1 56.1 855 75.8 803 153 86.0 75.7
Sentinel-base 83.1 81.9 60.3 73.7 154 853 89.0 72.6 37.1 83.8 853 854 74.8 79.3 80.3 80.8 85.5 84.1 63.0 858 80.0 81.8 4.7 79.3 722
aya_baseline 81.6 40.8 33.1 827 260 822 845 79.6 30.7 61.1 822 83.7 822 78.0 44.1 79.0 81.6 79.6 81.1 83.0 76.1 81.0 439 81.5 69.1
qwen3_baseline 75.8 582 260 69.1 33.6 84.7 882 574 475 653 834 84.0 828 80.5 53.8 740 844 793 68.6 844 750 79.5 12.6 852 68.1
Sentinel-{primary, RunB} 738 735 476 643 115 78.7 88.0 59.9 292 743 81.1 81.1 67.7 69.3 684 713 79.0 77.9 553 822 66.7 741 7.8 744 649
Lanigo-variant_A 735 69.2 476 564 31.6 755 763 63.7 540 69.6 749 76.8 708 714 653 703 748 76.0 487 77.2 637 67.5 10.6 73.1 64.1
PSK-{primary, variant_A, variant_B} '72.1 658 29.7 725 9.3 738 70.8 66.0 8.1 735 77.3 765 68.1 70.1 61.2 753 77.9 715 674 713 67.3 759 379 712 63.2
glm4_baseline 66.6 57.2 369 645 235 762 79.9 645 209 49.8 715 763 772 769 41.0 70.8 740 74.1 56.0 77.0 66.8 758 16.1 86.5 61.7
llama_baseline 59.5 541 394 66.7 16.0 794 87.6 522 320 69.5 752 81.7 708 64.0 443 62.7 78.6 74.1 50.5 80.4 59.7 75.7 15.0 80.4 61.2
Aleix-variant_B 772 504 267 62.6 3.8 80.3 914 43.0 5.7 547 833 85.0 81.0 79.1 332 624 857 79.3 540 86.8 68.1 80.6 0.9 89.6 61.0
TUM-Heilbronn-primary 673 54.1 294 656 232 71.1 809 51.0 37.8 55.6 764 765 62.1 61.8 392 653 748 77.5 575 78.6 60.4 71.7 13.6 79.7 59.6
TeamSpinoza-Variant_V4 69.4 46.8 24.6 583 20.1 74.8 825 39.7 31.0 56.7 73.0 72.6 69.0 65.7 39.3 68.0 74.0 71.1 524 72.0 622 723 149 819 58.0
Aleix-primary 679 36.8 126 622 11.1 77.2 84.1 444 11.1 40.7 789 784 742 669 23.6 48.7 78.7 78.7 52.6 80.8 63.1 785 2.7 782 555
Aleix-variant_A 614 279 165 622 83 749 83.1 426 88 279 77.1 80.5 66.1 634 209 514 780 75.5 525 79.6 595 772 59 793 534
phidmini_baseline 520 324 252 46.5 154 745 85.6 41.5 475 53.0 66.3 70.9 65.1 52.4 30.0 46.8 69.2 69.7 382 78.7 49.3 58.8 19.1 754 52.6
TeamSpinoza-primary 546 39.1 186 455 248 569 77.0 322 329 392 614 650 53.1 609 341 50.0 67.9 59.4 41.8 70.5 425 52.8 21.7 742 49.0
TeamSpinoza-Variant_sum-verifier3 ~ 25.1 4.3 3.1 13.0 15 324 576 64 33 7. 41.5 392 332 237 21 82 475 340 9.6 581 133 50.6 27 679 244

Table 16: QA-OEG: Gemma-4-31B rule pass rate per language across submitted systems and organizer baselines.
Best per column in bold.

F.2

Annotators provided separate ratings for each di-

¢ Instruction Following: How well the
chatbot followed all of the user’s in-
structions. Note that a single request
can have multiple instructions.

* Naturalness: The degree to which the
chatbot’s response appears to be fluent,
natural text in {{1language}}, thatis
appropriate to the request in terms of
tone and formality.

* Coherence: How well the entire re-
sponse is logically sound and internally
consistent.

Rating Scale and Slider Interface

mension on a continuous scale from Poor to Great:
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You will provide a separate rating for
each dimension on a scale from Poor
to Great. There are 7 different values
you can select using buttons, consisting
of 4 labeled “landmark” ratings (Poor,
Flawed, Good, Great; descriptions pro-
vided below) and 3 “in-between” rat-
ings (Poor/Flawed, Flawed/Good, Good/-
Great).

Note that the default value “N/A” is not
a valid rating; you must select a rating
on each slider before the task can be sub-
mitted.

Also note that the user’s request may
contain typos or other grammatical prob-
lems; these should not affect your rat-



System Approach On-Target Source Other
CUNI-VARIANT_B Prompt Eng. 89.0% 6.1% 4.9%
CUNI-PRIMARY Prompt Eng. 81.6% 12.7% 5.7%
ALEIX-VARIANT_B LoRA 71.0% 22.9% 6.1%
ALEIX-PRIMARY LoRA 70.6% 24.9% 4.5%
ALEIX-VARIANT_A LoRA 66.5% 27.3% 6.1%
TUM-HEILBRONN-PRIMARY LoRA 64.9% 29.8% 5.3%
PSK-VARIANT_A QLoRA 46.9% 43.3% 9.8%
PSK-PRIMARY QLoRA 445%  46.1% 9.4%
PSK-VARIANT_B QLoRA 41.6% 47.8% 10.6%
SENTINEL-BASE Base + Wrapper 241%  624% 13.5%
SENTINEL-PRIMARY Base + Wrapper 241%  624% 13.5%
TEAMSPINOZA-VARIANT_V4 LoRA + Probe 23.3% 69.4% 7.3%
TEAMSPINOZA-PRIMARY LoRA + Probe 20.4% 64.5% 15.1%
SENTINEL-RUNB Base + Wrapper 13.5%  79.2% 7.3%
TEAMSPINOZA-VARIANT_SUM-VERIFIER3 LoRA 4.9% 89.4% 5.7%
LANIQO-VARIANT_A Full FT + Pivot 0.4% 93.5% 6.1%
LANIQO-PRIMARY Distill + Pivot 0.0% 94.7% 5.3%

Table 17: System behavior on the strictly cross-lingual OEG subset (N=245), where the prompt is in source
language L, but explicitly requests output in Lo (L1 # Lo). On-Target: output in Lo; Source: output remained in
Lq; Other: third language, English fallback, or script confusion.

System ar  bn  bh cs ku de en fi ht hi id it ja ko mr fa pt ru sk es tr vi yo zh Avg
Lanigo-variant_A 160 148 173 149 114 171 248 12.1 202 21.9 224 21.7 302 27.7 129 20.5 238 16.0 14.6 262 168 23.6 6.6 279 19.2
CUNI-variant_B 146 149 180 138 14.0 153 220 122 199 21.1 21.0 198 29.0 27.7 13.3 192 224 155 13.7 255 17.1 234 148 259 189
Lanigo-primary 147 147 18.6 143 13.3 16.1 223 11.7 19.0 20.0 21.4 20.0 285 265 125 198 21.5 151 145 251 154 219 114 26.1 185
PSK-{primary, variant_A, variant_B} 13.8 12.6 174 13.7 7.1 157 20.7 11.1 129 199 204 188 26.8 249 11.7 18.1 21.6 127 134 241 149 21.7 17.3 240 173
CUNI-primary 127 117 114 133 11.7 12.6 204 102 16.6 17.5 19.1 17.7 26.7 243 9.6 175 19.8 12.6 13.0 20.0 13.3 20.1 162 246 163
Sentinel-base 125 131 99 13.1 49 146 190 107 152 189 18.1 17.7 25.6 194 10.7 18.0 199 13.1 129 228 135 19.6 4.6 227 154
Sentinel-primary 125 131 99 131 49 146 190 107 152 189 18.1 17.7 256 194 10.7 18.0 199 13.1 129 228 135 19.6 46 227 154
Sentinel-RunB 11.6 106 109 123 5.7/ 148 229 98 124 162 17.6 183 22.1 206 82 162 199 128 125 232 99 18.7 49 229 1438
TUM-Heilbronn-primary 139 88 100 99 55 69256 57 160 152 11.6/20.1 29.0 234 80 16.1 167 133 103 193 113 21.8 55 26.0 14.6
TeamSpinoza-Variant_sum-verifier3 ~10.8 9.9 98 11.1 4.8 129 186 6.7 10.8 148 16.1 153 240 203 86 153 18.0 120 10.6 21.0 11.3 189 5.5 224 137
Aleix-variant_A 107 81 99 118 1.8 134 216 80 68 97 164 17.6 250 220 45 137 200 134 114 219 11.8 21.0 3.1 244 137
TeamSpinoza-Variant_V4 85 99 87 104 52 90 153 82 107 126 13.6 13.7 23.1 206 6.1 13.0 144 112 103 166 11.3 160 3.6 189 12.1
Aleix-primary 72 43 31 97 26 83 146 63 38 44 112 101 226 148 50 13.1 208 102 9.0 162 11.6 191 15 239 10.6
Aleix-variant_B 113 50 130 85 34 62 207 30 68 113 52 56/292 183 6.1 139 207 80 6.8 104 113 173 29 42 104
TeamSpinoza-primary 56 60 58 62 37 67 135 45 78 82 9.1 111 151 137 40 86 114 67 63 129 64 108 34 145 84

Table 18: Summarization:

ings.

F.3 Detailed Landmark Rubrics

The detailed landmark definitions presented to an-
notators for each of the three dimensions were as
follows:

F.3.1 Instruction Following

Great: The response fully adheres to all instruc-
tions that the user provided.

Good: The chatbot mostly followed the instruc-
tions, conforming to the main points of the re-
quest but missing some details.

Flawed: The chatbot followed only a small
portion of the instructions or missed important
points.

Poor: The chatbot entirely disregarded the in-
structions; the response appears to have no rela-
tion to the user’s request.

ROUGE-L F1 per language across submitted systems.

Best per column in bold.

F.3.2 Naturalness

* Great: The response represents fluent
{{language}} text that might have been written
by a native human speaker, and appropriately
matches the tone and formality of the request.

Good: The response has some disfluencies that
are noticeable but don’t significantly hinder un-
derstanding the response, or the tone/formality is
somewhat inappropriate to the request.

Flawed: The response is highly disfluent. There
are several grammatical errors, or some of the
output is not in {{language}}. Most of the
meaning can be determined, but only with con-
scious effort. Alternatively, the tone or formality
of the response is drastically and inappropriately
different from that of the request.

Poor: The response is incomprehensible, or a
significant amount is not in {{language}}.
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LLM-as-a-verifier

Submission Cmd-A+ Gemma GLM Average|
CUN!I-variant_B 0.709 0.794 0.711 0.738
Laniqo-primary 0.654 0.760  0.700 0.705
TeamSpinoza-primary 0.572 0.704  0.702 0.659
Laniqo-variant_A 0.579 0.726  0.662 0.656
TeamSpinoza-Variant_V4 0.570 0.681 0.640 0.630
CUNI-primary 0.672 0.578 0513 0.588
Sentinel-primary 0.602 0.637  0.516 0.585
Sentinel-base 0.593 0.637 0519 0.583
Sentinel-RunB 0.555 0.608  0.484 0.549
TUM-Heilbronn-primary 0.524 0.539 0.474 0.512
Aleix-variant_A 0.541 0.490 0.416 0.482
Aleix-primary 0413 0414  0.341 0.389
TeamSpinoza-Variant_sum-verifier3 0.388 0.367 0.252 0.336
PSK-variant_B 0.361 0393 0237 0.331
PSK-primary 0.356 0.390  0.236 0.328
PSK-variant_A 0.353 0.391 0.234 0.326
Aleix-variant_B 0.360 0.331 0.275 0.322

Table 19: Summarization LLM-as-a-verifier target language adherence and grammatical fluency pass rates across
Command A+, Gemma, and GLM verifiers.

F.3.3 Coherence

* Great: The response is logically sound and ap-
propriately structured with a clear sequence of
nicely connected ideas and topics with no leaps
in reasoning.

* Good: The response is generally well-structured
and has a generally clear overall progression of
ideas, but introduces a few logical gaps, or sud-
denly switches topics without an appropriate tran-
sition.

* Flawed: The response lacks an overall flow,
and/or has multiple noticeable jumps between
topics. It is possible to discern some relevant
ideas, but the overall purpose of the response is
incoherent.

* Poor: The response has no overall structure, is
in no way logically sound, and/or can be divided
into many mostly-unrelated sections. It is diffi-
cult to identify any points the text is trying to
make.
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Rank System Type QA-Context OEG Sum Mean Score
1 CUNI-variant_B Team 82.89% 89.23%  79.39% 83.84%
2 Laniqo-primary Team 78.78% 76.74%  76.01% 77.18%
3 CUNI-primary Team 83.47% 83.06%  57.83% 74.79%
4  Laniqo-variant_A Team 72.29% 65.04%  72.64% 69.99%
5  Sentinel-base Team 61.77% 73.36%  63.74% 66.29%
6  Gemma-4-E4B-it Base 77.18% 79.78%  36.32% 64.42%
7  TeamSpinoza-Variant_V4 Team 66.10% 58.77%  68.07% 64.31%
8  Sentinel-primary Team 53.69% 73.23%  63.68% 63.53%
9  TeamSpinoza-primary Team 69.64% 49.48%  70.38% 63.17%

10 TUM-Heilbronn-primary Team 64.05% 60.43%  53.94% 59.48%
11 Sentinel-RunB Team 53.66% 58.51%  60.75% 57.64%
12 GLM-4-9B-0414 Base 51.68% 62.45%  55.80% 56.64%
13 Tiny Aya Global Base 54.81% 69.57%  40.99% 55.13%
14 PSK-variant B Team 54.59% 64.34%  39.30% 52.75%
15  PSK-variant_A Team 54.66% 63.80%  39.13% 52.53%
16  PSK-primary Team 54.62% 62.77%  39.02% 52.13%
17 Aleix-variant_B Team 59.62% 62.09% 33.11% 51.60%
18 Qwen3-8B Base 57.67% 69.02%  25.34% 50.68%
19 Aleix-variant_A Team 47.92% 54.19%  49.04% 50.38%
20  alkhder-primary Team 48.00% - - 48.00%
21 Phi-4-mini-instruct Base 43.37% 5323% 38.18% 44.92%
22 Llama-3.1-8B-Instruct Base 56.54% 62.04% 16.16% 44.91%
23 Aleix-primary Team 36.05% 56.43%  41.39% 44.62%

24  TeamSpinoza-Variant_sum-verifier3 Team 19.22% 24.77%  36.71% 26.90%

Table 20: Cross-task comparison including organizer baselines, evaluated under Gemma-4-31B-it. Baselines
(italicized) have Gemma-judge scores only. Systems ranked by mean score across the three sub-tasks.
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