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Abstract

This paper describes the TUM-Heilbronn sys-
tem submission to the WMT26 Multilingual
Instruction Shared Task (MIST). The MIST
covers three tasks: context-based question an-
swering, open-ended generation, and cross-
lingual summarization to evaluate the multi-
lingual instruction-following ability of large
language models. We fine-tune Qwen3.5-9B-
Instruct on 27 diverse languages, across 10 dif-
ferent writing scripts. Our model outperformed
6 of the 15 models submitted to this shared
task. Moreover, we ranked first in truthfulness
(i.e., decline to answer when the context lacks
sufficient information) on the context-based
question-answering task. Cross-lingual sum-
marization remains a challenging task for all
submitted models, with the lowest performance
observed among the three tasks.

1 Introduction

Large Language Models (LLMs) have demon-
strated a remarkable capability in following in-
structions and performing a wide range of tasks
effectively. However, this capability is closely asso-
ciated with the language in which the instructions
are provided. Models generally exhibit stronger
instruction-following performance in high-resource
languages, particularly English (Dey et al., 2024),
whereas their performance tends to decline for mid-
and low-resource languages (Zeng et al., 2025).
This disparity is even more pronounced for low-
resource languages that use non-Latin writing sys-
tems.

Recent studies show that instruction-following
abilities do not transfer equally across languages.
Zeng et al. (2025) find a performance gap between
high- and low-resource languages, with model size
and script also influencing language adherence.
Similarly, Le et al. (2025) show that multilingual
instruction following becomes particularly chal-
lenging for complex information extraction tasks,

QA-Context Answer the following question concisely
given the English content:

[Context and question are provided
here]

Answer: [answer in English]

OEG Tell me five fun facts about Grand Canyon?,

Answer: [answer in English] Absolutely!
Here are five fun facts about the Grand
Canyon: **It’s Really Old:** ....

SUM Fasse den englischen Inhalt in einem Abstract
mit ungefähr 200 Wörtern zusammen.
(Summarize the English content in an abstract
of approximately 200 words.)

[Content in English]

Answer: [answer in German]

Table 1: Examples of multilingual instruction following
across three tasks: QA-Context (context-based ques-
tion answering), OEG (open-ended generation), and SUM
(summarization). English translations of the text are
provided in parentheses.

while Liu et al. (2025), Dussolle et al. (2025), and
Dong et al. (2026) report further disparities across
languages. Closing these performance gaps is
essential for developing LLMs that can reliably
follow instructions across languages without de-
grading performance on NLP downstream tasks,
ultimately enabling users to interact with models
in their own language.

The WMT26 Multilingual Instruction Shared
Task (MIST) (Schmidtová et al., 2026) aims to
address this challenge by evaluating multilingual
instruction-following capabilities of LLMs across
diverse languages, scripts, and tasks. MIST pro-
poses three tasks: Context-based Question An-
swering (QA-Context), Open-Ended Genera-
tion (OEG), and Cross-lingual Summarization
(SUM). The first two tasks evaluate the model’s abil-
ity to provide accurate and faithful responses in
the input language, while the third evaluates cross-
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lingual generation, where the model is expected to
give a summary in a language different from the
input document, as illustrated in Table 1.

The shared task covers 27 high- and low-
resource languages. High-resource languages in-
clude Czech, German, English, Finnish, French,
Hindi, Indonesian, Italian, Japanese, Korean,
Persian, Portuguese, Russian, Slovak, Spanish,
Vietnamese, and Chinese (Simplified). Low-
resource languages Arabic, Bengali, Central Kur-
dish, Haitian Creole, Marathi, Swahili, Telugu,
Thai, Turkish, and Yoruba are covered. A sur-
prise language, Bhojpuri, was introduced to assess
models’ ability to generalize to unseen linguistic
contexts. In addition, submissions are restricted to
models up to 10B parameters.

Our submission investigates the multilingual
instruction-following capabilities of Qwen3.5-9B1

model, across three tasks. The model is jointly
fine-tuned on all tasks using the parameter-efficient
Low-Rank Adaptation (LoRA) (Hu et al., 2021)
technique. Our results show stronger perfor-
mance on QA-Context and OEG compared to SUM.
On QA-Context, our model achieves the highest
BLEU and ROUGE-L scores among all submit-
ted models2. It also performs best on truthfulness,
which measures models’ ability to decline to an-
swer when the context lacks sufficient information.
On OEG, our model performs relatively well at pro-
viding answers in the target language (i.e., language
adherence), although its overall task performance
is low. SUM remains the most challenging task,
with all submitted models performing worse com-
pared to the other two tasks. In addition, the low
performance on the surprise language, Bhojpuri,
indicates that the model still struggles to generalize
to unseen languages.

2 Tasks and Languages

MIST comprises three tasks covering 27 diverse
languages to evaluate instruction-following abili-
ties of LLMs. For training, the organizers provide
a dataset3, which we extend with additional data
discussed in the following sections.

1https://huggingface.co/Qwen/Qwen3.5-9B
2We compare our results against the best-performing mod-

els submitted to this shared task, as gold labels for the test set
are not available to us.

3https://huggingface.co/datasets/pinzhenchen/
wmt26-mist-sample

Task Source Train Val Test

QA-Context
Belebele 7,545 1,915 8,640
TyDI QA
MCIF

OEG
Aya 4,129 1,034 2,359
WMT25-OEG

SUM
CrossSum 8,122 904 1,776
WikiLingua
MCIF

Total 20,589 3,940 12,775

Table 2: Dataset source and statistics used across tasks.

2.1 Context-based Question Answering
(QA-Context)

In this task, the model is prompted to answer a ques-
tion by inferring from a given context, as shown in
the example in Table 1. If the context is insufficient
to answer reliably, the model should refrain from
responding (i.e., truthfulness).

Dataset: The training dataset provided by the
shared task organizers is a subset of the orig-
inal data sourced from Belebele (Bandarkar
et al., 2024), TyDi QA (Clark et al., 2020),
and MCIF (Papi et al., 2026), a multimodal
cross-lingual instruction-following dataset cover-
ing recognition, translation, question answering,
and summarization subtasks, from which only the
question-answering subtask was selected.

To extend this dataset, we include additional
samples from each source. We further augment
the dataset to capture truthfulness by introducing
a small subset of unanswerable instances, created
by replacing the original passages with passages
drawn from different articles. Across all three
sources, we select an equal number of instances
per language and prepare a training and validation
set by splitting the data in an 80:20 ratio.

2.2 Open-ended Generation (OEG)
Given an open-ended question, the model is ex-
pected to provide a natural, helpful response in the
same language as the question, as illustrated by the
example in Table 1.

Dataset: The datasets are collected from Aya
dataset (Singh et al., 2024) and the WMT25 Multi-
lingual Instruction Shared Task, hereafter WMT25-
OEG (Kocmi et al., 2025).

We extend this data from the same source by re-
taining instances where the instruction and answer
are in the same language, as OEG is designed to

https://huggingface.co/Qwen/Qwen3.5-9B
https://huggingface.co/datasets/pinzhenchen/wmt26-mist-sample
https://huggingface.co/datasets/pinzhenchen/wmt26-mist-sample
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be a monolingual task where the instruction and
response are expected to be in the same language.
Finally, we use an 80:20 ratio to split the collected
data into training and validation sets.

2.3 Cross-lingual Summarization (SUM)

This is a cross-lingual task in which the model
is instructed, in one language (e.g., German), to
summarize a document written in another language
(e.g., English), as shown in the example in Table 1.
The training data also includes examples in which
the output language differs from both the instruc-
tion and context languages. For example, an En-
glish instruction, "Summarize the text in Spanish",
is paired with a Chinese context.

Dataset: We used the dataset provided by the
organizers, which was collected from Cross-
Sum (Hasan et al., 2021), WikiLingua (Ladhak
et al., 2020), and the summarization part of the
MCIF dataset (Papi et al., 2026), and we split it
into training and validation using a 90:10 ratio.

Overall, we collected 24K examples: 20K for
training and 3.9K for validation. (Cf. Table 2).
The test set, provided by the organizers, contains
≈ 13K instances, with instructions given in 24
languages, including a surprise language, Bhojpuri.

2.4 Languages

In total, the training dataset covers 27 languages.
Of these, 17 languages, namely Arabic, Bengali,
Chinese, English, German, Hindi, Indonesian, Ital-
ian, Japanese, Korean, Marathi, Portuguese, Rus-
sian, Spanish, Turkish, Vietnamese, and Yoruba,
are covered across all three tasks. Four languages,
Finnish, Swahili, Telugu, and Thai are each cov-
ered by only one task, while the remaining six,
Central Kurdish, Czech, French, Haitian Creole,
Persian, and Slovak, are covered by exactly two
tasks. (Cf. Table 12 for list of languages per task)

Overall, 23 languages are covered in
QA-Context and SUM, while 17 languages
are included in the OEG task for training. The
test set covers 24 languages, excluding French,
Swahili, Telugu, and Thai, and introduces Bhojpuri
as a surprise language to evaluate the model’s
ability to generalize to unseen languages during
training.

3 System Description

Experimental setup: We fine-tune the Qwen3.5-
9B4 model on three tasks. We use a 4-bit-quantized
Qwen3.5-9B model and apply Low-Rank Adapta-
tion (LoRA) with a rank of r = 16 on a single
NVIDIA A100 GPU. Training data were reformat-
ted as chat-style instruction pairs. We first fine-
tuned for 2 epochs on QA-Context and OEG, then
fine-tuned for an additional 3 epochs on the SUM
dataset. Loss was computed only on the assistant
responses. (Cf. Table 7 for hyperparameters).

Evaluation metrics: According to the shared-
task scoring scheme, the Ensemble and Gated
ROUGE-L scores are used as primary evalua-
tion metrics. In addition, BLEU, ROUGE-L, and
chRF++ scores are reported for comparison.

• Ensemble: For QA-Context, verification
accuracy is determined by a majority vote
among three LLM judges: GLM-1, Command-
A+, and Gemma-4-31B. OEG task uses these
three judges together with Qwen3.5-397B. A
prediction is considered correct if at least two
judges classify it as correct. (For detail refer
Schmidtová et al. (2026))

• Gated ROUGE-L: This metric first applies
language identification GlotLID (Kargaran
et al., 2023) to evaluate whether the model
response is in the expected language, then
computes ROUGE-L. If the response is not
in the expected target language, the instance
is assigned a score of 0.0, regardless of its
ROUGE-L scores. This metric is used to eval-
uate the SUM task.

• Lexical overlap: BLEU (Papineni et al.,
2002), chrF++ (Popović, 2015) and ROUGE-
L (Lin, 2004) is computed for the QA-Context
and SUM task.

4 Preliminary Experiment

We report results on the validation set using
BERTScore (Zhang et al., 2020). Our fine-tuned
model improves BERTScore by 12% and 6.3% on
the QA-context and SUM tasks, respectively. On
OEG, it achieves 72.87%, a 7.34% gain over the
baseline (Table 9). These improvements provide
empirical support to adopt the above experimental

4https://huggingface.co/Qwen/Qwen3.5-9B

https://huggingface.co/Qwen/Qwen3.5-9B
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Overall Rank QA-Context Rank OEG Rank SUM Rank

CUNI-variant_B 1 80.93 2 88.45 1 17.41 2
CUNI-primary 2 81.63 1 82.25 2 14.71 5
Laniqo-primary 3 76.90 3 76.27 3 16.95 3
Laniqo-variant_A 4 69.80 4 64.26 7 17.55 1
Sentinel-base 5 59.58 7 72.47 4 14.11 7
PSK-primary 6 51.70 10 63.65 8 15.66 4
Sentinel-primary 7 50.84 11 65.43 5 14.11 6
Sentinel-RunB 8 50.84 12 65.43 6 13.44 8
TUM-Heilbronn-primary 9 59.16 8 60.48 10 12.50 9
TeamSpinoza-Variant_V4 10 61.96 6 57.79 11 10.87 12
Aleix-variant_B 11 57.08 9 62.37 9 7.81 14
TeamSpinoza-primary 12 67.50 5 47.91 14 7.42 15
Aleix-variant_A 13 45.73 13 53.66 13 12.06 11
Aleix-primary 14 34.73 14 55.73 12 8.85 13
TeamSpinoza-Variant_sum-verifier3 15 17.22 15 23.55 15 12.33 10

Table 3: Leaderboard. Ranking of all 15 systems across the 3 tasks. Overall Rank denotes the mean rank across all
tasks, while each task block reports the model’s performance and corresponding rank for that task. For QA-Context
and OEG, performance is reported using the ensemble (LLM-judge majority vote). For SUM, Gated ROUGE-L is
reported. Our system is highlighted in gray and the best scores are in bold.

setup for the test-set evaluation. Section 5 discusses
results on the test set.

5 Experimental Results

We compare our model with the best-performing
models submitted to this shared task on the test set
across all three tasks5. Overall, CUNI-variant_B
achieves the best performance on average and
ranked first on the OEG task. CUNI-primary per-
forms best on the QA-Context task, while Laniqo-
variant_A achieves the strongest performance on
the SUM task. (Cf. Leaderboard in Table 3).

Our model achieves the lowest performance on
the SUM task, with a Gated ROUGE-L score of 12%.
In contrast, it achieves substantially higher scores
on the QA-Context and OEG tasks, with scores of
59.16% and 60.48%, respectively.

QA-Context: Although our system ranks eighth
in the ensemble score, it obtains the highest BLEU
and ROUGE-L scores as shown in Table 4. More-
over, our model ranks first on truthfulness-F1, sug-
gesting that it is less likely to generate unsupported
answers or hallucinations, as shown in Table 5.

OEG: The system achieves an ensemble score of
60.48%, while providing answers in the expected
target language in 87% of cases, shown in Ta-
ble 8. Despite prior findings that models tend to fall
back to English when instructed in non-English lan-

5We omit baseline results on the test set as gold labels
are not available to us. Instead, we compare our results with
other participants of this shared task. In addition, we report
BERTScore on our validation data .

BLEU chrF++ ROUGE-L
(LCS F1)

CUNI-primary 8.7 35.1 24.14
CUNI-variant_B 10.6 38.2 26.96
Laniqo-primary 9.5 36.1 24.88
Laniqo-variant_A 10.4 34.9 25.14
TUM-Heilbronn-primary 19.7 34.0 34.95

Table 4: QA-Context: Performance of the TEST SET
measured using BLEU, chrF++, and ROUGE-L scores.
and ROUGE-L scores. Best scores are in bold.

Rank F1 (%)

TUM-Heilbronn-primary 1 87.07
TeamSpinoza-Variant_V4 2 86.50
TeamSpinoza-primary 3 86.40
CUNI-primary 4 82.02
CUNI-variant_B 5 81.79
Laniqo-primary 6 80.41
Laniqo-variant_A 7 76.72
Sentinel-primary 8 64.72
Sentinel-RunB 9 64.72
PSK-primary 10 63.40

Table 5: Truthfulness: F1 score on unanswerable ques-
tions.

guages (Marchisio et al., 2024), our results demon-
strate a strong ability in instruction following and
language understanding.

SUM: Our model achieves a Gated ROUGE-L
score of 12.5%, and performs considerably worse
on lexical-overlap metrics (See Table 6). In addi-
tion, our model achieves 75.3% accuracy in provid-
ing answers in the target language. (See Table 8).
Overall, the results indicate significant challenges
in the SUM task in generating suitable summaries
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and, to a lesser extent, in consistently responding
in the target language.

For the surprise language, Bhojpuri, our model
achieves scores of 52.2% on QA-Context, 29.6%
on OEG, and 9.5% on SUM. These results are substan-
tially below the best-performing models, indicating
a limited ability to generalize to unseen languages.
(Cf. Table 11, for per-language performance and
Table10 for each LLM judge scores)

BLEU chrF++ ROUGE-L

Laniqo-variant_A 6.5 34.5 19.23
CUNI-variant_B 6.5 38.3 18.93
Laniqo-primary 6.4 37.8 18.51
PSK-primary 4.2 28.1 17.30
TUM-Heilbronn-primary 4.4 25.8 14.58

Table 6: SUM: Performance of the TEST SET mea-
sured using BLEU, chrF++, and ROUGE-L scores. and
ROUGE-L scores. Best scores are in bold.

6 Conclusion

We presented our submission to the WMT26 Mul-
tilingual Instruction Shared Task, in which we
participated in three tasks: Context-based Ques-
tion Answering (QA-Context), Open-Ended Gen-
eration (OEG), and Summarization (SUM)covering
diverse languages and scripts. We fine-tuned the
Qwen3.5-9B model on the three tasks and eval-
uated its instruction-following ability across 23
languages and one surprise language. The results
show that our model performs differently across
tasks, with stronger performance on QA-Context
and OEG than on SUM. In the QA context, the model
achieves competitive results and performs best on
the truthfulness F1 score. In OEG, it demonstrates
relatively good language adherence despite lower
overall task performance. In contrast, SUM remains
challenging, with a substantially lower overall en-
semble (Majority vote) score. Performance also
drops considerably for the surprise language, Bho-
jpuri, across all three tasks. Overall, these results
highlight the challenges of multilingual instruction
following, particularly for less-resourced languages
and cross-lingual generation tasks.

7 Limitations

Model: We evaluate only a single model, i.e.,
Qwen3.5-9B, across the three tasks. It is impor-
tant to evaluate smaller and different architecture
models, as performance and cross-lingual general-
ization may vary substantially. We note that com-

paring multiple model families is relevant to assess-
ing whether our findings generalize beyond this
specific model.

Training strategy: We do not experiment with
hyperparameter tuning. All hyperparameters. A
more systematic hyperparameter search could im-
prove performance.

Analysis of relation between tasks: We do not
examine the interactions between tasks, such as
whether one task complements or comes at the cost
of another. However, we observe one such interac-
tion. Further training on summarization data leads
to shorter open-ended answers that are less likely
to meet the requested sentence length, likely due
to the summarization objective biasing the model
toward concise outputs.

Understanding these interactions could shed
light on shared structure across tasks, but we leave
this investigation for future work.

Analysis on the relation between languages:
We did not analyze how languages influence one
another in instruction-following tasks. Since the
model is fine-tuned jointly on all languages, the
presence of certain languages may affect perfor-
mance on others through shared representations,
and this interaction could be shaped by factors such
as script, language family, or resource availability.
Understanding these effects could help explain per-
formance disparities across languages.
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A Hyperparameters

Table 7 summarizes the hyperparameters that were
used to fine-tune the Qwen3.5-9B model.

Hyperparameter Value

Learning rate 2× 10−4

LoRA r 16
Alpha α 32
Batch size 16
Epochs †5
Optimizer AdamW
Seed 42

Table 7: Hyperparameters used for fine-tuning. † The
model was initially fine-tuned for 2 epochs on QA-
Context + OEG and continued fine-tuning for 3 epochs
SUM, i.e., a total of 5 epochs.

B Truthfulness

In Context-based Question Answering, truthful-
ness measures the model’s ability to refrain from
answering when the given context does not contain
enough information to answer the question. We
report the results in Table 5.

C Language Identification

Previous studies have shown that multilingual mod-
els tend to fall back to English when prompted
in less well-supported languages (Marchisio et al.,
2024; Holtermann et al., 2024). To assess whether
the generated responses are in the expected target
language, GlotID (Kargaran et al., 2023) is used.
Results are reported in Table 8.

Task Accuracy

QA-Context 92.2
OEG 87.7
SUM 75.3

Table 8: Language identification (GlotID) accuracy

D LLM Judge Accuracy

Table 10 shows the scores by each judge across
tasks.

E Preliminary result on Validation set

Baseline Finetuned
BERTScore ROUGE-L BERTScore ROUGE-L

QA-Context 69.97 15.17 82.57 28.21
SUM 66.55 9.54 72.87 15.78
OEG 65.53 - 71.08 -

Table 9: Results on the dev set across tasks. ROUGE-
L is reported for comparison for QA-Context and OEG
tasks.

Ensemble Command-A+ GLM-1 Gemma-4-31B Qwen 3.5 397B
[Majority Vote] [Judge] [Judge] [Judge] [Judge]

QA 59.16 61.59 54.48 64.05 –
OEG 60.48 58.26 61.28 60.32 63.57
SUM – 52.36 47.41 – –

Table 10: LLM judge verification accuracy (%) across
tasks. For SUM, GLM-1, and Command-A+, judges
evaluate target-language fluency and grammar

F Performance of each language

The performance of our model vs. the top 3 mod-
els submitted to this shared task. The results re-
ported in Table 11 covering three tasks across 25
languages.
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QA-Context OEG SUM

CUNI-
primary

CUNI-
variant_B

Laniqo-
primary

TUM-
Heilbronn-

primary

CUNI-
variant_B

CUNI-
primary

Laniqo-
primary

TUM-
Heilbronn-

primary

Laniqo-
variant_A

CUNI-
variant_B

Laniqo-
primary

TUM-
Heilbronn-

primary

Arabic 84.70 84.70 81.70 60.30 92.40 87.90 80.30 65.30 16.00 14.60 14.70 13.90
Bengali 84.40 85.60 82.20 55.30 93.30 79.30 82.50 54.50 14.80 14.90 14.70 8.60
†Bhojpuri 81.10 85.80 80.00 52.20 88.90 59.20 80.30 29.60 17.30 18.00 18.60 9.50
Chinese 84.20 83.60 75.80 63.10 90.10 93.30 85.70 78.00 27.90 25.90 26.10 25.70
Czech 83.10 79.70 78.30 66.40 86.00 78.00 65.90 65.30 14.90 13.70 14.30 8.30
English 86.90 86.40 82.80 76.40 93.60 96.80 85.70 82.20 24.80 22.00 22.30 25.60
Finnish 83.90 77.50 74.70 58.60 88.50 70.10 70.70 52.90 12.10 12.20 11.70 4.50
German 85.30 86.90 81.90 66.40 93.90 91.70 86.00 71.00 17.10 15.00 16.10 3.90
Haitian 80.00 71.70 67.80 51.90 86.60 66.20 67.20 39.50 20.20 19.90 19.00 16.00
Hindi 83.60 85.30 83.10 60.80 93.30 81.50 83.10 56.40 21.90 21.10 20.00 14.80
Indonesian 85.80 85.00 82.50 60.30 92.70 93.60 83.10 75.80 22.40 20.90 21.40 9.70
Italian 86.70 88.10 82.50 70.80 92.70 93.60 83.10 77.40 21.70 19.70 20.00 19.70
Japanese 84.40 82.50 78.60 61.70 88.90 89.80 83.40 62.10 2.30 6.30 3.10 5.90
Korean 83.90 83.60 81.70 60.00 88.20 82.50 78.00 62.40 15.40 14.80 14.50 10.80
Kurdish 71.10 73.60 66.70 32.20 78.70 56.70 51.90 24.50 11.40 14.00 13.30 5.50
Marathi 76.40 86.70 80.60 51.90 92.70 64.60 81.20 41.40 12.90 13.30 12.50 7.80
Persian 85.00 82.80 78.90 63.30 91.70 93.60 82.80 64.30 20.50 19.20 19.80 15.90
Portuguese 85.80 86.10 81.40 67.80 91.40 94.60 83.10 72.60 23.80 22.40 21.50 15.20
Russian 83.60 83.30 78.10 65.80 93.00 95.20 82.20 76.80 16.00 15.50 15.10 13.20
Slovak 83.10 79.70 73.60 61.70 72.60 75.20 52.20 56.40 14.60 13.50 14.50 9.00
Spanish 85.60 85.30 82.20 68.90 92.00 94.90 85.40 77.40 26.20 25.50 25.10 18.40
Turkish 83.30 84.70 80.30 58.90 92.00 84.70 76.10 60.80 16.80 17.10 15.40 11.00
Vietnamese 84.20 85.00 85.60 65.00 88.50 91.10 78.00 71.30 23.60 23.40 21.90 21.80
Yoruba 43.10 28.60 24.70 20.00 41.20 43.40 18.10 14.30 6.70 14.80 11.40 5.50
Overall 81.60 80.90 76.90 59.20 88.50 82.30 76.30 60.50 17.60 17.40 17.00 12.50

Table 11: Performance across languages and the three tasks, comparing our results with those of the three best-
performing systems submitted to the shared task. The surprise language denoted by †, a language not seen during
fine-tuning

QA-Context SUM OEG

Language Code Train Val Test Train Val Test Train Val Test All

Arabic arb_Arab 474 99 360 428 46 74 283 63 100 1927
Bengali ben_Beng 458 120 360 318 29 74 37 9 100 1505
Central Kurdish ckb_Arab 223 59 360 – – 74 – – 100 816
Chinese (Simpl.) zho_Hans 405 102 360 409 50 74 288 58 100 1846
Czech ces_Latn 217 51 360 – – 74 37 9 100 848
English eng_Latn 614 163 360 432 44 74 37 9 100 1833
Finnish fin_Latn 419 129 360 – – 74 – – 100 1082
†French fra_Latn – – – 412 39 – 230 70 – 751

German deu_Latn 424 95 360 178 22 74 227 60 100 1540
Haitian Creole hat_Latn 207 55 360 85 15 74 – – 100 896
Hindi hin_Deva 217 53 360 411 61 74 249 61 100 1586
Indonesian ind_Latn 438 125 360 434 39 74 279 67 100 1916
Italian ita_Latn 397 89 360 174 26 74 226 74 100 1520
Japanese jpn_Jpan 435 107 360 412 41 74 282 64 100 1875
Korean kor_Hang 479 116 360 385 48 74 238 61 100 1861
Marathi mar_Deva 222 53 360 391 40 74 230 69 100 1539
Persian pes_Arab 207 64 360 333 36 74 – – 100 1174
Portuguese por_Latn 205 61 360 424 45 74 247 53 100 1569
Russian rus_Cyrl 443 104 360 424 47 74 278 68 100 1898
Slovak slk_Latn 215 47 360 88 12 74 – – 100 896
Spanish spa_Latn 230 52 360 428 42 74 240 60 100 1586
†Swahili swh_Latn – – – 323 32 – – – – 355
†Telugu tel_Telu – – – 320 34 – – – – 354
†Thai tha_Thai – – – 291 31 – – – – 322
Turkish tur_Latn 206 61 360 411 39 74 241 59 100 1567
Vietnamese vie_Latn 208 55 360 416 48 74 237 63 100 1561
Yoruba yor_Latn 202 55 360 195 22 74 243 57 59 1267
‡Bhojpuri bho_Deva – – 360 – – 74 – – 100 534

Total 7545 1915 9000 8122 904 1850 4129 1034 2459 36958

Table 12: Languages covered by the WMT26 Multilingual Instruction Shared Task, with ISO 639-3 + script codes
and number of instances per language. † indicates languages not included in the test set, and ‡Bhojpuri is a surprise
language only covered in the test set. Light green indicates languages covered by only one task and light pink
indicate languages covered by two task. The uncolored languages are covered by all three tasks. Overall, 23
languages are covered by QA-Context and SUM. 17 languages are in OEG.
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