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Abstract

We present the Findings of the WMT 2026
Shared Task on Multitask LLMs with Limited
Resources. This year, we extended the Shared
Task to jointly model five diverse NLP tasks,
Machine Translation (MT) for five language
pairs (eight directions), Question Answering
(QA), Spell Checking (SC), Grammar Check-
ing (GC), and Mathematical Reasoning (MR),
for two language tracks: Ukrainian and Sorbian
(grouping Upper and Lower Sorbian). As the
Shared Task is focused on low-resource condi-
tions, the model is restricted to Qwen3.5-2B to
remain below the 3B-parameter threshold.

In total, six teams participated across the two
language tracks: two in the Ukrainian and four
in the Sorbian track. No team participated in
both language tracks. All systems have been
uploaded to HuggingFace by the participants.
Despite our strict restrictions on model and
dataset availability, systems were diverse in the
resources they used as well as their training and
inference strategies. The submitted systems
show that a single small model can handle all
five tasks, with clear difficulty shown for the
challenging MR only.

1 Introduction

Modern Large Language Models (LLMs) have
made significant progress in the diversity of tasks
they are able to address, but the focus of this
progress has been on English and a small number
of high-resource languages, where large amounts
of data are available. By contrast, performance in
lower-resource languages often lags behind or is
simply unknown due to a lack of targeted evalu-
ation (Robinson et al., 2023; Ahuja et al., 2023;
Dementieva et al., 2026). Additionally, LLMs with
many billions of parameters can be difficult to train
and inference for members of small language com-
munities, since such efforts typically require signif-
icant compute resources.

The challenge for participants in this shared task
is to build a model under low-resource conditions
to jointly optimise multiple, diverse Natural Lan-
guage Processing (NLP) tasks. In comparison to
last year’s edition of this Shared Task (Okabe et al.,
2025), we add three new tasks of varying diffi-
culty: Spell Checking (SC), Grammar Checking
(GC), and Mathematical Reasoning (MR). Machine
Translation (MT) and Question Answering (QA)
were already present in the previous year. Our goal
is to encourage the development of stronger mod-
els in resource-constrained settings, to provide a
structured evaluation of these models, and to study
potential synergy or interference effects between
the tasks. We constrain submissions to a single base
model with 2B total parameters (Qwen3.5-2B).

Several other Shared Tasks provide MT test sets
for other low-resource languages or language fami-
lies, such as Robinson et al. (2025) or Pakray et al.
(2025). The Creole MT task additionally solicits
data submissions (Robinson et al., 2025). This sug-
gests an ongoing need for low-resource language
evaluation and development in MT. Most similar
to our Shared Task, the Multilingual Instruction
Shared Task (Kocmi et al., 2025a) evaluates on a
selection of target tasks in multiple languages, but
allows larger models and, this year, leaves out MT
evaluation. Meanwhile, the Model Compression
task (Gaido et al., 2025) also aims to bring strong
performance in compute-constrained settings, but
focuses only on the compression approach, evalu-
ating on the General MT test sets.

Our main questions in this shared task are as
follows: (i) To what extent can the model han-
dle the five diverse tasks? (ii) Does training for
all tasks require dedicated data or training strate-
gies? (iii) How do models based on the more recent
but smaller Qwen3.5-2B perform compared to last
year?

Although the shared task had strict model and
data requirements, this year’s submissions varied
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in the resources used, approaches, and training set-
tings. As we released only development and test
datasets for the three new tasks (SC, GC, and MR),
participants relied on existing related datasets (e.g.,
for Ukrainian GC), translation of the task-specific
data (for MR), or synthetically generated corpora
(e.g., for SC). On the training side, we observe that
several systems adopt strategies to handle the five
tasks without catastrophic forgetting or to preserve
capabilities for a subset of tasks. During inference,
some participants used a dedicated decoding ap-
proach per task. Finally, this year’s base model
is a reasoning model, but not all participants en-
abled the ‘thinking” mode of the model. Overall,
the submitted systems outperformed the zero-shot
baseline (Qwen3.5-2B) on the five tasks in most
cases, except for MR, which remains a challenge.

The rest of this article is structured as follows:
Section 2 describes the target languages, tasks, and
restrictions; Section 3 details the released datasets
and their evaluation settings; Section 4 relays the
submitting teams’ system descriptions. We report
test set results in Section 5 and additional analyses
in Section 6.

2 Shared task description

2.1 Three languages

Following the WMT 2025 Shared Task on LLMs
with Limited Resources for Slavic Languages (Ok-
abe et al., 2025), we continue to focus on the same
three languages: the mid-resource Ukrainian and
the low-resource Upper Sorbian and Lower Sorbian.
In this year’s edition, we split the three languages
into two language tracks: the Ukrainian and the
Sorbian tracks. This choice stems from the prox-
imity of the two Sorbian languages, as well as the
fact that last year’s participants all submitted a joint
system for both languages.

Upper Sorbian (ISO code: hsb; Glottocode:!
uppe1395) and Lower Sorbian (dsb; lowe1385)
are minority languages spoken in Germany’s fed-
eral states of Saxony and Brandenburg, with 30k
and 7k native speakers, respectively. There is an
active language community working on the preser-
vation of these languages, notably the WITAJ-
Sprachzentrum? (WITAJ Language Center), which
also provided parts of the data used in this and pre-
vious shared tasks (Fraser, 2020; Libovicky and
Fraser, 2021; Weller-Di Marco and Fraser, 2022;

"https://glottolog.org
Zhttps://www.witaj-sprachzentrum.de

Okabe et al., 2025). Nevertheless, the amount of
available data for both Sorbian languages still re-
mains limited.

By comparison, Ukrainian (ukr; ukrail253),
spoken by approximately 40 million L1 speakers
worldwide, is considered a mid-resource language
in NLP. Several language-specific pre-training cor-
pora (e.g., Chaplynskyi, 2023) and LLMs (Yukhy-
menko et al., 2025) are available.

2.2 Five tasks

This year’s edition of the shared task added three
additional tasks, for a total of five tasks to be solved
by a single model. In addition to Machine Transla-
tion (MT) and Question Answering (QA), which
follow last year’s shared task setting, we considered
Spell Checking (SC) and Grammar Checking
(GC), which both test aspects of linguistic profi-
ciency. Both also aim to reflect an actual use case
from the language community, including language
learners. Finally, we deliberately included a very
challenging task with Mathematical Reasoning
(MR), thereby encouraging the use of the baseline
model’s reasoning abilities. Each task is repre-
sented by one or more sub-tasks.

2.3 Model and restrictions

We required participants to submit outputs for all
five tasks, including all sub-tasks, in their language
track with a single model. Regarding the training
data, the only restriction was that all data must be
publicly available for reproducibility.

The base model for all participants was set to
Qwen3.5-2B (Qwen Team, 2026) for a fair com-
parison across submissions and to remain below
the 3B-parameter threshold. This model is the clos-
est successor to Qwen2.5-3B (Qwen Team et al.,
2025), which was the base model in last year’s edi-
tion. Due to timing constraints, we did not run a
full comparison study on the development sets to
select the model. Still, we considered other mod-
els such as LiquidAI/LFM2.5-1.2B-Thinking
(Liquid AI, 2026), Qwen3-1.7B (Yang et al.,
2025), and Ministral-3-3B-Reasoning-2512
(Liu et al.,, 2026) in preliminary MT experi-
ments, where they empirically underperformed
our chosen baseline model. We also inferenced
tencent/HY-MT1.5-1.8B (Zheng et al., 2025) on
the Ukrainian track development sets, but found it
coped poorly with more diverse prompts and tasks.

The Qwen3.5 model series is trained to support
both an instruction mode and a ‘thinking’ mode,
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in which the model produces additional tokens at
inference time before answering. However, the de-
velopers note that the small 2B model has a greater
tendency to enter decoding loops during ‘thinking’.
They therefore have it default to instruction mode.
In our zero-shot baseline, we decided against en-
abling this reasoning mode, but participants were
free to do so. Regardless, we noticed that the model
would still produce reasoning tokens before com-
mitting to an answer.

3 Datasets

We provide the training, development, and unla-
belled test data on our GitHub repository.® The
licence for each material is detailed in the repos-
itory and differs per task within a language track.
We note that we only release development and test
sets for the three new tasks.

3.1 Machine Translation

For the Ukrainian track We retest on the same
dataset as last year’s edition. This dataset was
aligned with the General MT task at WMT2025
(Kocmi et al., 2025b) and proved to be very chal-
lenging for our resource-constrained setting last
year. The test set for Ukrainian includes two transla-
tion directions: en—uk and cs—uk. Table 1 reports
the four released dataset sizes. This task features
two sub-tasks. We note that the test set contains
paragraphs (in contrast to the dev sets with sen-
tences).

lang. pair cs—uk en—uk
dev 6,263 5,108
test 230 87

Table 1: Number of translation instances for the
Ukrainian MT task (same sets as in our 2025 edition).

For the Sorbian track As in previous editions,
the WITAJ-Sprachzentrum provided new train-
ing (monolingual and parallel), development, and
test datasets. Further, we consider additional lan-
guage pairs, for a total of six translation direc-
tions: de—hsb and de—dsb as in last year’s task,
their reverse directions hsb—de and dsb—de, as
well as translation between the two Sorbian lan-
guages: hsb—dsb and dsb—hsb. Regarding test
datasets, we use the 2025 Shared Task edition split

3https://github.com/TUM-NLP/
11lms-limited-resources2026

for de—hsb and de—dsb and add the smaller but
newly provided splits. For the four other directions,
the test sets are new and do not overlap.

In addition to providing new test data, we also
retest on last year’s machine translation test sets
for comparison. Unfortunately, a subset (777 sen-
tences) of last year’s de—dsb test set was acciden-
tally included in this year’s official training data,
making this specific comparison less valuable. In
our final scores, we therefore evaluate the sentences
without the overlap for a fair assessment. The new
test sets were not affected by this issue.

Table 2 reports the number of sentences in all the
released sets for the MT task of the Sorbian track.
This task has six sub-tasks.

Upper Sorbian (hsb)  Lower Sorbian (dsb)
mono. 512,671 38,028
de-hsb de—dsb hsb—dsb
— — — — — —
train 23,116 30,560 67,845
dev 4,000 4,000 4,000
test 4,822 4,000 5,352*% 4,000 4,000 4,000

Table 2: Number of sentences in this year’s released
monolingual and parallel data for both Upper and Lower
Sorbian. * We report the full test dataset size for
de—dsb; removing the overlapping sentence pairs leads
to the 4,575 sentences used for our final evaluation.

3.2 Question Answering

For the Ukrainian track As in the previous edi-
tion of our shared task, we use the UNLP2024
dataset (Romanyshyn et al., 2024), focusing exclu-
sively on multiple-choice questions. The dataset
contains machine-readable questions and answers
from Ukraine’s standardised university admission
examination (ZNO), covering exam materials from
2006 to 2023 in two subjects: History of Ukraine
and Ukrainian Language and Literature.

This year, we additionally include the Ukrainian
MMLU dataset introduced by Yukhymenko et al.
(2026). It was constructed through rigorously eval-
uated automatic translation of the original MMLU
dataset (Hendrycks et al., 2021a), which covers
57 tasks spanning domains such as elementary
mathematics, history, computer science, and law.
Achieving high performance on MMLU, therefore,
requires models to demonstrate broad world knowl-
edge and strong problem-solving abilities.

Table 3 summarises the splits of the two datasets
for the Ukrainian Question Answering task. This
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task has two sub-tasks (ZNO and MMLU).

set train  dev test
ZNO 2,450 613 751
MMLU 1,531 285 14,042

Table 3: Number of questions for the two sub-tasks of
Ukrainian QA. The ZNO dataset was also used in the
2025 edition.

For the Sorbian track We use the same QA data
for both Sorbian languages as in last year’s edi-
tion. It is based on actual questions from language
certificates with 5 proficiency levels (Al, A2, B1,
B2, and C1; from beginner to advanced) measured
according to the CEFR scheme. The dataset was
shown to be hard for intermediate and advanced
levels due to its variety of tasks (e.g., reading com-
prehension of long texts, grammar questions) and
of formatting (number of answers ranging from 2
to 16).

Table 4 presents the number of questions for the
Sorbian QA track. There are two sub-tasks for
this task in the Sorbian track (hsb and dsb). For
the development phase, we only released questions
from the A1 to B2 levels, while for the test phase,
we additionally feature harder C1-level questions.

split lang Al A2 Bl B2 CI

dev. hsb 30 28 44 56 0 158
dev. dsb 30 28 44 56 0 158

test hsb 30 28 44 56 52 210
test dsb 29 28 44 56 48 205

total

Table 4: Number of questions in the Sorbian QA
datasets per language level.

We also have a hidden QA dataset of 500 ques-
tions. Due to logistical constraints, not all systems
could be evaluated, leaving this assessment for fu-
ture editions.

3.3 Spell Checking (both tracks)

The spell checking task aims to assess whether
models can identify and correct a character-level
error in a sentence. It mainly aims to represent
typos rather than grammatical errors, which are
tested in a dedicated task (§3.4).

We standardise the task as follows: given a sen-
tence that may contain an error in one of its words,

wrong input:
detection:
correction:

30.000 opozicionelnych bcuhu zajeci
bcuhu

outputs buchu

correct input
detection:
correction:

30.000 opozicionelnych buchu zajeéi
CORRECT

outputs CORRECT

Figure 1: Example of input and outputs for the spell-
checking task in Upper Sorbian (in English, ‘30,000
opposition members were arrested’). The wrong in-
stance shows a character swapping transformation.

the model must predict which word is wrong (detec-
tion) and correct it (correction). Figure 1 illustrates
the task for both wrong and correct sentences.

We created two evaluation datasets of 2,000 sen-
tences each for the development and test splits of
the spell-checking task. Both were balanced, where
half of the sentences were correct, with no errors
to spot or change, and half were synthetically cor-
rupted, with a single modified word.

Sentence source We use new sentences from the
parallel splits originally provided for MT by the
WITAJ-Sprachzentrum for Upper and Lower Sor-
bian. They do not overlap with the (previously or
newly) released MT datasets (§3.1). For Ukrainian,
we combined formal data from Dementieva et al.
(2025),* court decisions,’ and job descriptions
(Drushchak and Romanyshyn, 2024).% Table 5 dis-
plays the dataset statistics for the spell-checking
task. The Ukrainian track features one sub-task,
while the Sorbian track has two.

We consider four types of modifications: charac-
ter deletion, insertion, substitution, and swapping.
We further categorise substitutions into random,
where any character can replace another, and subtle
to replicate errors which seem more ‘natural’, such
as phonetically similar character pairs. All errors
affect at most two characters. For each of the five
modification categories, we assigned 20% of the
corrupted sentences (i.e., 200 sentences) for equal
representation.

3.4 Grammar Checking (both tracks)

The goal of this task is to identify a grammatical
mistake in a sentence, with one incorrect word per
corrupted sentence. We created development and

*https://huggingface.co/datasets/ukr-detect/
ukr-formality-dataset-seminatural

5https://huggingface.co/datasets/lang—uk/
court-decisions-uk

6https://huggingface.co/datasets/lang—uk/
recruitment-dataset-job-descriptions-ukrainian
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train  dev test

uk, hsb, dsb - 2,000 2,000

Table 5: Number of Spell Checking sentences per lan-
guage.

test sets with 2,000 sentences (Ukrainian, Upper
Sorbian) and 1,250 (dev) and 1,726 (test) for Lower
Sorbian. Each dataset is balanced with 50% cor-
rupted and 50% correct sentences. In the corrupted
sentences, one word was replaced with a different
inflected form of the same lemma. With the cor-
rupted words being valid word forms, this task aims
at evaluating the ability to rate a word’s correct-
ness in a sentence context, rather than identifying
incorrect spelling. In addition to identifying the
incorrect word, the model also needed to predict
the correct word.

The words are corrupted at the level of grammat-
ical case, for example, by replacing a word form
in dative case (Dat) by a word form of the same
lemma in accusative case (Acc); all other features
(such as number (singular (Sg) or plural (Pl)) and
gender) remain the same. As a basis for select-
ing and replacing words, we used UNIMORPH’
(Batsuren et al., 2022) for Ukrainian and Lower
Sorbian and soblexx® for Upper Sorbian, where no
UNIMORPH data is available. Both resources pro-
vide inflected word forms and their morphological
features paired with the lemma.

Since many word forms can have different anal-
yses, depending on the context, we need to ensure
that the generated corrupted sentences are indeed
grammatically incorrect. For this reason, we re-
strict words to be corrupted to those with only one
morphological analysis. Corrupted words can be
nouns and adjectives: for nouns, we change gram-
matical case in order to create a mismatch to the
expected realisation and potential agreement errors.
Additionally, we allow for replacing number and
gender in adjectives to create agreement errors.

We also made sure that the inflected form se-
lected as replacement in the corrupted sentence
does not share features with the original word form,
which could lead to an accidentally correct sen-
tence with a different meaning. For example, if for
an original noun (Acc.Sg), a selected form (Dat.Sg)
can also have the analysis Acc.Pl, the generated

"https://unimorph.github.io/
8https://soblexx.de/

corruption might still be grammatically correct (as-
suming there are no further words in the phrase
resulting in an agreement error), but with a change
in meaning (P1 vs. Sg).

Finally, we used gemini-3-flash-preview to
check the generated datasets by asking the model
whether the sentence is correct or contains an er-
ror, keeping only those sentences in the test set
where no errors were detected for presumably cor-
rect sentences, and the target word was identified
as incorrect in corrupted sentences.

We sample sentences from the same dataset as in
the spell-checking task. We note that the sentences
do not overlap between the two tasks. Table 6 sum-
marises the three datasets for the grammar checking
task. Here also, the Ukrainian track features one
sub-task, while the Sorbian track has two. Figure 2
illustrates the task, while Figure 9 in Appendix B
shows the details for an example instance.

wrong input:
detection:
correction:

Wausypaj pésk z crjejam!
crjejam

outputs e
crjejow

correct input:
detection:
correction:

Wusypaj pésk z crjejow!
CORRECT

tput:
outputs CORRECT

Figure 2: Example of input and outputs for the
grammar-checking task in Lower Sorbian (in English,
‘Shake the sand out of your shoes!”). We show the same
sentence in two versions here for illustration purposes;
no sentence is ‘duplicated’ in the released sets.

lang uk hsb dsb

train - - -
dev 2,000 2,000 1,250
test 2,000 2,000 1,726

Table 6: Number of Grammar Checking sentences per
language.

3.5 Mathematical Reasoning (both tracks)

Input: James decides to run 3 sprints 3 times a week.
He runs 60 meters each sprint. How many total meters
does he run a week?

Qutput: 540

Figure 3: Example of input and output for the maths
reasoning task. The example is in English and is drawn
from PolyMath (Wang et al., 2025), the original source
for PluraMath (Dementieva et al., 2026).
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The fifth and last task is mathematical reasoning,
where a mathematical exercise has to be solved, as
illustrated in Figure 3. For this task, we use the cor-
responding set of 250 instances per language from
PluraMath (Dementieva et al., 2026). PluraMath
features an extended version of PolyMath (Wang
et al., 2025) for 18 more languages—including
Ukrainian, Upper Sorbian, and Lower Sorbian—
and consists of four task difficulty levels: low,
medium, high, and top.

The extension to new languages was obtained
through a human-in-the-loop pipeline. First, ini-
tial translations were generated using the best-
performing automatic translation system for each
language. Then, one or two native speakers re-
viewed the translated data and refined the transla-
tions. This process helps ensure the high quality of
the PolyMath dataset extension.

Given that the high and top levels contain chal-
lenging Olympiad-level problems, we focus on the
two lowest levels, low and medium, under our con-
strained shared task setup. For the development
phase, we release the first 12 instances of both lev-
els (i.e., 24 instances in total). For the test set,
all 250 exercises per language are released. We
explicitly asked participants not to use the overlap-
ping development set for training, nor the original
PolyMath dataset in any existing language.

Table 7 summarises statistics of the datasets re-
leased for the MR task. The Ukrainian track fea-
tures one sub-task, while the Sorbian track has two.

test

250

dev

24%

train

uk, hsb, dsb -

Table 7: Number of Maths Reasoning instances per
language. * the development set is included in the final
test set.

4 System descriptions

Three teams submitted to the Ukrainian track and
four submitted to the Sorbian track. One team
submitted outputs to the Ukrainian track but did
not submit a system description. We report their
results for reference purposes but do not consider
them as shared task participants. We note that two
teams (Zolint, TUM-HN) feature a TUM affiliation,
one of which includes a Shared Task organiser as an
advisor. These teams did not receive any additional
information or special treatment.

Participants were asked to submit their model
outputs on OCELOT for the leaderboard and to pub-
lish their models, preferably publicly on Hugging-
Face. All teams which sent a system description
followed this recommendation. Since a team is
allowed to submit multiple times, we only evaluate
their selected primary submission. Below, we re-
port the short descriptions of their system that each
participant was asked to provide, with minor edits
for layout and flow purposes.

4.1 Zero-shot baseline (TUM Organisers)

We evaluate the Qwen3.5-2B baseline model in a
zero-shot fashion, without using explicit reasoning
tokens for both tracks. Question answering is infer-
enced in a forced-decoding manner, where only the
allowable answer tokens are considered, while all
other tasks are inferenced through open-ended de-
coding. For the generative tasks, we set our decod-
ing parameters according to the recommendations
of the model developer and apply the chat template,
with the model’s reasoning token budget set to zero.
The maximum token budget depends on the task,
with just 64 tokens for GC and SC compared to 512
tokens for MR. Our baseline prompts are listed in
Appendix A. We implemented all tasks in the LLM
Evaluation Harness (Gao et al., 2024) and provided
this code to participants for reference, along with a
script to convert outputs from the framework to the
final submission format.

4.2 UKrainian track

Zolint (UTokyo & TUM) (Yang et al., 2026)
This team submitted a LoRA-based multitask
fine-tuned Qwen3.5-2B-Instruct model for the
WMT 2026 Shared Task on LLMs with Limited
Resources.” The system jointly addresses En-
glish—Ukrainian and Czech—Ukrainian machine
translation, question answering, spelling correction,
grammar correction, and mathematical reasoning.
Training data include the official shared-task re-
sources together with publicly available datasets
such as WMT 2025 parallel corpora, NLLB (Team
et al., 2022), UA-GEC (Syvokon et al., 2023),
GSMSK (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021b), and additional synthetic data for
spelling correction and question answering. They
adopt a two-stage instruction-tuning strategy: the
first stage focuses on translation and correction
tasks to strengthen Ukrainian generation, while the

9https://huggingface.co/MDK—YLC/Qwen3.
5-2B-WMT26-Ukrainian-LoRA
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Tracks Ukrainian Sorbian
Zolint TUM-HN  HeyBusan HITSZ HSE LT3
Sorbian MT Previous (2020-2022)" WMT MT data X X v v X v
oo 2025 WMT MT data X X X v X X
External monolingual data for Sorbian MT X X 4 X X v
MT Back-translation v X X X X v
External data for QA (existing) v v X X X X
QA Translating data for QA v X X X X X
Synthetic data generation for QA X X X 4 v v
Resources Use of external task-related dataset X v X X X X
SC Synthetic data generation 4 X 4 4 4 v
Use of dictionary X X 4 X X v
Use of external task-related dataset v v X X X X
GC Synthetic data generation X X 4 4 v v
Use of linguistic resources™ X X v X v v
External MR data (existing, as is) X v X v v X
MR External MR data (translated) v X v v X 4
MR data language UK EN DE/EN EN/HSB/DSB EN HSB/DSB
Instruction data in Sorbian (translated) X X X v X X
Multi-step training (with different settings) 4 X 4 v 4 4
Method Training step for a subset of tasks 4 X X X X v
Weight merging X X v X X X
(QLoRA v v X X v v/
QA Strategy to reduce position bias 4 X 4 X X v
MT Retrieval augmentation X X X X X v
Task-specific ~ Tasks Majority voting X X 4 X X X
MR Thinking v X X v X X
Other tasks ~ Thinking 4 X X X X X
GPU Training or inference H100 RTX 3090 8 GPUs 2 RTX 3090 H200
LLM use For data generation (including translation) X X Qwen3.5-2B Q“’i‘:i;:g"“ X Qwen3.5-2B (FT)
Other models For translation 4 X X X X X

Table 8: Summary of the six primary submissions to our shared task: 2 systems for the Ukrainian track and 4
for the Sorbian track. Information is compiled based on their respective system description. T We group here all
previous datasets released between 2020 and 2022; however, not all teams have used the whole set. * We denote the
following items used as linguistic resources for GC: a dictionary, a reference corpus, or a morphological dataset.

second stage introduces reasoning and question an-
swering with replayed first-stage data to mitigate
catastrophic forgetting. All tasks are unified into an
instruction-following format and optimized using
a shared LoRA adapter.

TUM-HN (Temesgen et al., 2026) This team
fine-tuned the Qwen3.5-2B model for Ukrainian
in a multitask learning setting, covering Ma-
chine Translation (MT), Question Answering (QA),
Spell Checking (SC), Grammar Checking (GC),
and Maths Reasoning (MR).!° For MT, they
sourced English—Ukrainian and Czech—Ukrainian
data from Tatoeba (Tiedemann, 2020). For QA,
they used data from ZNO (Romanyshyn et al.,
2024), MMLU (Yukhymenko et al., 2026), and
UA-SQuAD (Ivanyuk-Skulskiy et al., 2021). For
MR, they used the OlympiadBench (He et al.,
2024) dataset, restricting it to the mathematics
and physics domains, and they also included the
MathMist dataset (E Sobhani et al., 2026). For SC

10https ://huggingface.co/Tsedeniya/qwen3.
5-2B-sft-wmt2026_CFT

and GC, they used the Grammatical Error Correc-
tion and Fluency Corpus for the Ukrainian Lan-
guage (UA-GEC; Syvokon et al., 2023) dataset.
All datasets were in Ukrainian, except for the MR
datasets, which were available only in English.

All datasets were reformatted as chat-style in-
struction pairs. The model was first fine-tuned for
3 epochs, then further fine-tuned for up to 10 addi-
tional epochs with early stopping (patience of 3).
Loss was computed only on the assistant responses.
They inferenced the model in the zero-shot setting
over the test set.

4.3 Sorbian track

HeyBusan (Khasykov, 2026) This team per-
formed a full-parameter fine-tune of Qwen3.5-2B
for all five Sorbian-track tasks,'! merged 0.9/0.1
in weight space with the base model to restore
maths/QA ability lost to multitask Supervised Fine-
Tuning (SFT).

11https://huggingface.co/mkhasykov/qwen3.
5-2b-wmt26-sorbian
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Training mixes the official task data (including
a final sealed pass over the full dev sets; MR dev
never used for PolyMath compliance) with decon-
taminated WMT20-22 de-hsb/de—dsb/hsb—dsb cor-
pora, FineWeb-2 Sorbian monolingual text, a pub-
lic instruction mix as forgetting control, lexicon-
derived synthetic spell/grammar-checking data
(soblex/dolnoserbski full-form lexicons: paradigm-
swap GC errors, spell-checker-rejected SC corrup-
tions, 50% correct hard negatives), and STaR-style
(Zelikman et al., 2022) verified German reasoning
chains generated by their own model on German
translations of GSM8K-train.

The team relies on per-task decoding: with beam-
4 for MT, self-consistency voting for SC and GC
(maj @16, with votes filtered by the full-form lexi-
cons: corrections that are not attested word forms
are dropped) and MR (16 samples per view over
the original question and its German translation),
and for QA log-likelihood answer selection aver-
aged over all cyclic rotations of the answer-option
order (position debias).

HITSZ (Zhang et al., 2026) Their system is
based on Qwen3.5-2B.!> They first performed
mixed continual pre-training on Upper Sorbian,
Lower Sorbian, German, and English monolingual
and parallel corpora, followed by full-parameter
multitask supervised fine-tuning for machine trans-
lation, question answering, spelling correction,
grammar correction, and mathematical reasoning.
Task-specific prompts were aligned with the offi-
cial evaluation format, and native thinking mode
was used only for mathematical reasoning.

HSE (Diskin, 2026) This team submitted a single
Sorbian multitask system based on Qwen/Qwen3.5-
2B, adapted with an all-linear rank-16 LoRA and
merged into one BF16 model for inference.'® The
model was trained with weighted token-level cross-
entropy on a 278,488-example mixture covering
machine translation, question answering, spelling
correction, grammar correction, and mathematical
reasoning. The mixture contains 234,594 exam-
ples from the released WMT2026 Sorbian paral-
lel MT data; 15,000 synthetic spelling-correction,
1,800 controlled grammar-correction, and 20,000
multiple-choice QA proxy examples derived ex-
clusively from the released MT training corpus;

12https://huggingface.co/worthing—zhang/
sorbian-sft-v3-ck3250

13https://huggingface.co/yhm12/WMT_Limited_
Resources_Sorbian

and 7,094 answer-only examples from the pub-
lic English GSMSK training split. Source-group-
disjoint splits and collision filtering were used to
prevent overlap with official development and test
data. After the initial training, the team applied one
conservative optimizer-reset continuation epoch on
the same mixture at a lower learning rate and se-
lected checkpoint 8703 using a pre-registered multi-
task rule on the official Sorbian development tasks.
The same merged checkpoint, the unchanged offi-
cial prompts, and converter were used for all five
OCELOT files.

LT3 (Moerman and Tezcan, 2026) A single
QLoRA-tuned Qwen 3.5 2B serves all five Sor-
bian tasks.'* Training combines the organiser
data with public German—Sorbian parallel corpora
(WMT20-22), back-translation of monolingual Sor-
bian with their own model, and synthetic task data.
This synthetic data covers typo injection for spell-
checking, morphological paradigm-swap corrup-
tions (soblex and dsb-spell) for grammar-checking,
machine-translated public maths seeds (GSM8K
and MATH, with PolyMath excluded) for maths
reasoning, and cloze-style QA. The system uses
retrieval-augmented inference. Half of the train-
ing examples carry a fuzzy-retrieved exemplar, and
at inference, MT retrieves three exemplars from a
real plus back-translated translation memory that is
fully enumerated, hashed, and deduplicated against
all test sources, with no web access. Grammar-
checking consults corpus bigram-attestation statis-
tics additionally from the same enumerated corpora.
The frozen model plays two roles. For MT and MR,
a generator produces the output text. For QA, SC,
and GC, it is a scorer that ranks candidate answers
or corrections by the likelihood it assigns them. On
top of the frozen model, several inference strate-
gies are employed. Grammar gap-fill QA items
are answered by scoring each option in place with
the model’s own log-likelihood, and shared option
banks are solved as a global assignment. Grammar-
checking fuses the model’s detection with a full-
paradigm candidate scorer and a corpus bigram-
attestation witness. Spell-checking constrains cor-
rections to dictionary neighbourhoods and adds a
frequency-guarded diacritic detector. Maths uses a
retry-on-empty ladder with answer-notation format-
ting. The primary system folds the development
sets into training.

14https://huggingface.co/collections/TomMoeras/
wmt2026-multitasksorbiannlp-1t3
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MT (chrF++) pts QA  pts pts GC pts MR pts final points
Zolint 49.86 4 41115 3 6643 4 4518 4 21.60 4 19
koshi* 16.80 2 4699 4 5250 3 3055 3 040 1 13
baseline 18.46 3 3633 1 838 1 218 1 2000 3 9
TUM-HN 16.08 1 4013 2 1650 2 680 2 440 2 9

Table 9: Ukrainian track results summary. Within each task, subtasks are averaged with equal weight. Points are
assigned as the inverse of score rank. The best task scores and winning teams are in bold. * koshi submitted a
system output but did not provide a system description; we report their results for information purposes.

MT (chrF++) pts QA pts SC pts GC pts MR pts final points
HeyBusan 72.75 5 5592 3 7803 5 7952 5 2900 4 22
LT3 69.57 4 6505 5 7611 4 7832 4 3040 S 22
HITSZ 63.12 3 5733 4 7313 3 6211 3 1860 3 16
HSE 61.50 2 4677 2 6363 2 5002 2 500 1 9
baseline 21.68 1 4339 1 666 1 134 1 540 2 6

Table 10: Sorbian track results summary. Within each task, subtasks are averaged with equal weight. Points are
assigned as the inverse of score rank. The best task scores and winning teams are in bold.

4.4 Summary

Table 8 summarises the main characteristics of the
six primary submissions. On the resource side, due
to data scarcity or the absence of released dedicated
training data for some tasks, external corpora were
used, and synthetic data were generated. Lexical re-
sources were also used to help SC and GC. For MR,
existing corpora in high-resource languages (such
as English) were used as is or translated into the tar-
get language or a relevant high-resource language
(e.g., German for the Sorbian track). Participants
opted for full-parameter training or parameter-
efficient fine-tuning with LoRA (Hu et al., 2022)
or QLoRA (Dettmers et al., 2023). Dedicated infer-
ence strategies were also used for better prediction
performance. We also note that QA, SC, and GC
were solved both using generation- and scoring-
based approaches. Finally, not all participating
teams used the ‘thinking’ mode of the base model.

5 Primary submission results

5.1 Evaluation method
5.1.1 Task evaluation

To help participants with the evaluation of their
models, we provided an evaluation tool from the
Im-evaluation-harness again this year.!?

Bhttps://github.com/TUM-NLP/
llms-lim-res-eval-2026/

Machine Translation For a unified MT evalu-
ation, we use BLEU (Papineni et al., 2002) and
chrF++ (Popovié, 2015), computed with sacre-
BLEU (Post, 2018).'® chrF++ remains our main
MT metric for consistency across translation direc-
tions.

Question Answering We compute the standard
accuracy for QA as in the previous edition. Since
both tracks feature two sub-tasks (i.e., dataset lan-
guage or sources), we give them equal weight by
reporting their mean sub-task accuracy, despite the
difference in size for the Ukrainian track.

Spell Checking and Grammar Checking We
evaluate the two tasks according to two criteria:
error detection (i.e., did the model identify the er-
roneous input?) and error correction (i.e., did the
model modify the error in the correct form?). We
compute the standard accuracy for both fields.

Maths Reasoning We evaluate the maths rea-
soning task using the standard exact-match accu-
racy. Instead of a pure string-level match, we use
MathVerify!” to handle non-identical but equiva-
lent maths formulae (e.g., % and 0.5) to have a
better assessment of the models.

15SacreBLEU BLEU signature: nrefs:1 | case:mixed
| eff:no | tok:13a | smooth:exp | version:2.6.0.
SacreBLEU chrF++ signature: nrefs:1 | case:mixed |
eff:yes | nc:6 | nw:2 | space:no | version:2.6.0.

"https://github.com/huggingface/Math-Verify
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5.1.2 Final result computation

For each track task (e.g., Ukrainian QA) with sev-
eral sub-tasks (e.g., ZNO and MMLU), we aver-
age the scores per sub-task equally. We follow last
year’s point system to score each participating team.
We assign the maximum score (the number of eval-
uated systems; 4 for Ukrainian, 5 for Sorbian) to
the best performing system, down to 1 point per
task. The final ranking is the sum of all points. Ties
between systems are allowed.

5.2 UKkrainian track

We summarise per-task results and the resulting
points for the Ukrainian track in Table 9. Detailed
results, with per-language-pair metrics for MT and
the values for the wrong vs. corrected words in SC
and GC, are reported in Table 18 in Appendix C.

The Zolint team won this track, reaching the best
score across four of the tasks (all except QA). It
also clearly outperforms the baseline overall. We
observe that this system largely outperforms the
others for Machine Translation. Interestingly, the
baseline achieves 20 points of accuracy for MR,
while the koshi and TUM-HN systems struggle
with it. Finally, we note here that on the same test
datasets (MT and QA-ZNO), Zolint outperforms
last year’s best system.

5.3 Sorbian track

We summarise per-task results and the resulting
points for the Sorbian track in Table 10. We report
detailed results in Table 19 in Appendix C with
per-language scores, BLEU as an additional metric
for MT, and the comparison for wrong-word and
corrected-word matches in SC and GC.

For the Sorbian track, the HeyBusan and LT3
teams are tied winners, both with 22 total points.
All submitted systems outperform the baseline over-
all, with notable improvement for the MT, SC, and
GC tasks. It is worth noting that both winning sys-
tems obtain rather similar performance on all tasks
except QA, despite clear differences in their sys-
tems in terms of data, training (full fine-tuning and
(Q)LoRA), or inference strategies (cf. Table 8).

6 Complementary analyses

We perform six additional analyses to better un-
derstand the model outputs. Section 6.1 computes
XxCOMET (Guerreiro et al., 2024) scores for MT
evaluation when the target language is supported
(Ukrainian and German, in our case). Section 6.2

compares this year’s Sorbian MT systems with the
current state of the art and reports the results of
the manual ranking of a subset of translations. Sec-
tion 6.3 compiles the Sorbian QA accuracy scores
per language certification level. Sections 6.4 and
6.5 analyse the accuracy distribution according to
the SC modification type or part of speech for GC,
respectively. Section 6.6 analyses the outputs (in-
cluding reasoning traces) for MR. We also report
the system rankings after statistical tests per task
in Appendix D.

Team cs—uk rank en—uk rank
Zolint 21.38 1 19.42 1
TUM-HN 20.34 1 16.78 2
koshi 18.16 3 15.55 2
baseline 17.13 3 12.29 4

Table 11: Mean xCOMET scores for Ukrainian MT.
The rank columns give the significance-cluster rank per
direction (paired t-tests, p < 0.05).

Team hsb—de rank dsb—de rank
HeyBusan  68.78 1 60.54 1
LT3 66.42 2 59.04 2
HITSZ 62.18 3 55.26 3
HSE 53.08 4 51.03 4
baseline 21.03 5 16.59 5

Table 12: Mean xCOMET scores for Sorbian-to-
German translation (part of the Sorbian MT track).
The rank columns give the significance-cluster rank per
direction (paired t-tests, p < 0.05).

6.1 xCOMET for supported languages

For translation into Ukrainian (cs—uk and en—uk)
and into German (hsb—de and dsb—de), we com-
pute reference-based XCOMET (Guerreiro et al.,
2024) in addition to chrF++ and BLEU. This
learned metric generally correlates better with hu-
man judgements than surface-level metrics, but
it does not support the two Sorbian languages.
We compute per-sentence scores with xCOMET-
XXL, then run bootstrap resampling and pairwise
t-tests'® to determine significance clusters.

Tables 11 and 12 report mean scores, along with
ranks per translation direction. For the Ukrainian
track, the results show that overall MT perfor-
mance for the language remains relatively poor,

'8 As implemented by the COMET CLL
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with Zolint still in the lead but by less than the
surface-level metrics suggest. TUM-HN pulls
slightly ahead of koshi under this metric. For trans-
lation from Sorbian into German, the ranking from
xCOMET-XXL agrees with the surface-level met-
rics. Overall quality is rated much higher here,
since this dataset is comparatively simple.

6.2 Sorbian MT analyses
6.2.1 Comparison of Sorbian translation

We compare this year’s participating systems with
last year’s winner (TartuNLP) and the Sorbian ref-
erence translator, sotra, for all six translation direc-
tions.

TartuNLP  The TartuNLP system!® (Purason and
Fishel, 2025) is based on Qwen2.5 (Qwen Team
et al., 2025) with 3B parameters and was officially
evaluated on the test set for the two de—hsb and
de—dsb directions last year. We output the transla-
tions using our evaluation harness.

sotra In contrast, sotra features dedicated models
trained for each of the six directions. It has been de-
veloped by the WITAJ-Sprachzentrum since 2019
and is available online.”’ We report here the INT8
quantised sotra models of S56M parameters (SOMB;
ctranslate?2).

de—hsb de—dsb hsb—de dsb—de hsb—dsb dsb—hsb
TartuNLP  83.81 73.29 76.65 75.64 85.05 84.91

sotra 81.96 72.54 72.70 78.40 84.33 84.23
HeyBusan 70.26 63.06 69.43 69.42 81.96 82.38
LT3 64.55 58.90 67.19 66.56 80.12 80.09
HITSZ 60.04 52.37 62.42 60.92 72.35 70.62
HSE 56.27 52.72 52.70 54.61 77.19 75.50
baseline 13.67 10.42 27.05 23.18 27.10 28.66

Table 13: Comparison of Sorbian machine translation
performance (chrF++) with last year’s winning system
(TartuNLP) and the dedicated sotra translation.

Table 13 displays the chrF++ scores for all six
translation directions. First, we observe that the
best system on MT from this year’s edition is be-
hind both TartuNLP’s model and sotra. The gap is
wider for pairs involving German than between the
two Sorbian languages. Therefore, the state-of-the-
art open MT system for Sorbian translation from
our Shared Task series remains TartuNLP. We note
that its training featured all six language directions.

Yhttps://huggingface.co/tartuNLP/Qwen2.
5-3B-Instruct-hsb-dsb

Phttps://sotra.app/

6.2.2 Manual annotation for Sorbian MT

Thanks to the WITAJ-Sprachzentrum, one native
speaker manually annotated a subset of MT system
outputs for each Sorbian language. Following last
year’s protocol, the two annotators ranked the trans-
lations for 60 sentences. We also focused on the
outputs of the two de—hsb and de—dsb translation
directions. Given the poor performance of the base-
line, we only consider this year’s four submitted
systems (HeyBusan, HITSZ, HSE, and LT3) and
last year’s overall winning system, TartuNLP, for a
total of five system translations per sentence. Ties
were allowed in the ranking process. Further de-
tails on the annotation methodology are presented
in last year’s annotation explanation (Okabe et al.,
2025).

Table 14 summarises the ranking of the five
systems between ranks obtained through chrF++
scores and assigned by human annotators. We ob-
serve that human evaluation agrees with the auto-
matic evaluation overall, with the TartuNLP system
having the best translation among the five. This
year’s submissions then follow less distinctly. It is
worth noting that for Lower Sorbian, MT outputs
still have room for improvement, as the best trans-
lation among the five systems is sometimes ranked
2 rather than 1.

6.3 Detailed performance for Sorbian QA

Table 15 displays the QA accuracy score per lan-
guage proficiency level in both Sorbian languages.
As the test set is the same as in the 2025 edi-
tion, we additionally report the scores of the previ-
ous four participating systems: TartuNLP, SDKM
(Saadi et al., 2025), the baseline Qwen2.5-3B, and
NRC (Larkin et al., 2025). First, we note that this
year’s Qwen3.5-2B base model is comparable to
last year’s, with only a slight loss in accuracy.
Then, we observe that this year’s best system
for QA (LT3) outperforms last year’s TartuNLP,
setting a new state of the art for the task. The main
improvement for LT3 comes from the two inter-
mediate B levels (B1 and B2). For both Sorbian
languages, it outperforms TartuNLP by at least 15
points of accuracy. Starting at the B1 level, the lan-
guage certification features an additional exercise
category: grammatical questions (on top of the lis-
tening and reading comprehension). Although Mo-
erman and Tezcan (2026) have a dedicated training
phase to improve grammar-checking performance,
they report similar QA scores before and after it.
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chrF++ human
rank Tartu HeyB. LT3 HITSZ HSE  Tartu HeyB. LT3 HITSZ HSE
Ist 48 8 3 1 0 45 12 3 0 0
2nd 7 24 13 10 6 10 21 8 9 7
Upper Sorbian  3rd 2 21 19 7 11 3 21 24 11 5
4th 3 3 16 23 15 1 5 20 22 13
5th 0 4 9 19 28 1 1 5 18 35
1st 41 9 5 0 5 27 8 2 3 0
2nd 6 20 15 7 12 21 19 14 1 4
Lower Sorbian  3rd 4 23 15 8 10 7 20 28 10 9
4th 6 8 15 18 13 5 8 10 21 23
Sth 3 0 10 27 20 0 5 6 25 24

Table 14: System rankings according to the chrF++ score and the human evaluation for 60 sentences. Tartu stands
for the TartuNLP system, while HeyB. is for the HeyBusan team. For instance, the TartuNLP translations in Upper
Sorbian were ranked first among the five systems for 48 sentences according to chrF++, while it was 45 times

according to the human evaluation.

model Al A2 Bl B2 Cl all.

Upper Sorbian

TartuNLP 86.67 82.14 56.82 37.50 5192 58.10
SDKM 80.00 78.57 56.82 41.07 4231 5524
Qwen2.5-3B  70.00 57.14 4091 26.79 38.46 42.86
NRC 50.00 32.14 2273 19.64 30.77 29.05
LT3 83.33 75.00 81.82 64.29 40.38 66.19
HITSZ 96.67 7143 47.773 4821 50.00 58.57
HeyBusan 93.33 78.57 43.18 41.07 4423 54.76
HSE 63.33 64.29 4545 30.36 38.46 44.76
baseline 60.00 64.29 4091 26.79 38.46 42.38
Lower Sorbian
TartuNLP 89.66 7143 56.82 41.07 50.00 57.56
SDKM 82.76 57.14 50.00 37.50 47.92 51.71
Qwen2.5-3B  65.52 75.00 43.18 26.79 41.67 45.85
NRC 55.17 42.86 18.18 26.79 31.25 32.20
LT3 93.10 67.86 79.55 57.14 37.50 63.90
HITSZ 93.10 67.86 47.73 4643 45.83 56.10
HeyBusan 93.10 75.00 4545 4643 4792 57.07
HSE 65.52 57.14 4773 37.50 47.92 48.78
baseline 65.52 50.00 43.18 33.93 41.67 44.39

Table 15: Accuracy on the QA datasets per language
level for Upper and Lower Sorbian. The upper part of
a table for a language lists the systems from the 2025
edition, while the lower part shows this year’s shared
task systems. Models are ordered based on their overall
QA task score per year. The best score per edition and
level is in bold, while the overall best is underlined.

We hence suppose that LT3’s first multitask train-
ing step, combined with their inference strategy,
was already helpful to reach such QA scores.

We also note that the other systems show a
smaller but notable improvement for the B level
compared to the baseline. Further understanding of
the synergy between the GC task and the QA score

improvement is left for future analyses. Finally, if
we keep a passing accuracy of 50 for a language
certification, as in last year’s edition, most systems
sit somewhere in the intermediate A2-B1 level,
with LT3 being at B2.?!

6.4 Detailed analysis for spell checking

Table 16 presents the SC detection and correction
accuracy values for all participating systems and
the three languages per modification type. The
baseline zero-shot model performs poorly on the
task. The outputs tend not to follow the formatting
instructions (as seen in the differing scores between
detection and correction for correct sentences), on
top of failing to produce correct answers. All the
submitted systems performed better due to their
task-specific training. We then note that error de-
tection remains easier than error correction overall,
with notably higher accuracy values. Finally, the
less naive transformations remain challenging with
accuracy values below 70%, compared to the other
operations. In our case, deletion focused mainly
on the later part of a word (e.g., a truncation of a
word), while subtle substitutions led to similar but
wrong words.

6.5 Detailed analysis for grammar checking

Table 17 presents the GC detection and correction
accuracy for all systems and languages, looking at
errors introduced in nouns and adjectives separately.
The baseline model performs poorly across all lan-
guages, as do the systems for Ukrainian. Notably,

2 Actual language certifications feature more exercise
types.
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correct deletion insertion  random subst. subtle subst. swapping

team language
D C D C D C D C D C D C

Ukrainian track
Zolint uk 86.2 862 17.5 100 [77.0 51.0 745 335 43.0 335 740 525
koshi uk 582 582 32.0 100 ' 77.0 40.0 [78.0 28.5 50.0 350 73.0 44.5
baseline  uk 144 14.8 1.0 1.0 35 20 30 25 1.5 1.0 45 15
TUM-HN uk 0.0 0.0 21.5 95 55.0 265 525 20.0 345 225 585 295
Sorbian track
HevBusan hsb 89.5 89.5 53.0 355 920 655 915 53.0 66.5 55.0 92.0 78.5
Y dsb 89.6 89.6 53.0 325 895 65.0 89.0 53.0 55.0 475 89.0 74.0
LT3 hsb 89.9 89.9 59.0 340 83.0 53.5 85.0 485 61.5 515 81.0 59.5
dsb 86.8 86.8 60.0 39.0 835 575 87.0 585 645 550 86.5 69.5
HITSZ hsb 90.8 90.8 455 29.0 86.5 50.5 [84.5 425 58.5 350 86.5 58.5
dsb 924 924 36.0 265 820 54.0 79.0 39.0 435 28.0 [78.0 500
HSE hsb 80.6 80.6 27.5 6.5 81.5 39.5 845 17.0 49.5 235 [78.0 39.0
dsb 82.2 822 315 140 84.0 440 81.0 255 43.0 28.0 [76.5 43.0
. hsb 12.7 13.4 1.0 0.0 1.5 0.0 1.0 0.0 1.0 05 1.5 05
baseline

dsb 11.9 12.6 1.5 0.0 1.0 0.0 25 00 0.5 0.0 1.0 0.0

Table 16: Spelling error detection (D) and correction (C) scores per team and transformation type. Cells are shaded
according to the accuracy values (the darker, the better). Systems are ordered by their final ranking.

Zolint nearly always predicts no error, whereas
TUM-HN always predicts an error. We attribute
the poor performance on the Ukrainian task to the
dataset, which contains large portions of formal and
legal language, making this test set comparatively
difficult.

For Sorbian, we observe better performance, po-
tentially helped by the domain similarity between
the test set and the MT training data. As for spell
checking, error detection is easier than generating
a correction. Between adjectives and nouns, we
do not observe a clear difference, even though the
HITSZ results are considerably worse for nouns
than for adjectives. In contrast, both HeyBusan and
LT3 show higher scores in detecting and correcting
errors in nouns.

Overall, the task of grammar checking (both er-
ror detection and correction) remains challenging.

6.6 Inspecting MR responses

We inference the submitted models on the respec-
tive MR tasks with the evaluation harness and in-
spect their outputs. To get a general sense of the
outputs, we manually inspect the first 15 responses

per model and language and observe some patterns.
As in the zero-shot baseline, the majority of sub-
mitted models attempt to reason through the maths
problems even when ‘thinking’ mode is turned off.
The exceptions are the models from HITSZ and
HSE, which only output the answer format in this
setting. In addition, as in the zero-shot baseline,
the models from TUM-HN and Zolint frequently
overran the output token budget of 512 before com-
mitting to an answer, but when inferencing the
TUM-HN model with a token budget of 2048, it
gave a correctly formatted answer in most of the
inspected responses. The models from HeyBusan
and LT3 answered within the shorter token budget
much more consistently.

We further observed that the HITSZ model still
only outputs the answer format when ‘thinking’
mode is turned on, while the HSE model displays
mixed behaviour, sometimes answering directly,
sometimes generating reasoning traces. The HSE
and the Zolint models also sometimes entered de-
coding loops after answering, which, for the HSE
model, seemed to become more frequent when the
thinking mode was turned on. Since everything
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correct nouns adjectives
team lang.

D C D C D C

Ukrainian track
Zolint uk 902 90.2 03 0.0 03 00
koshi uk 435 435 314 46 253 8.0

baseline  uk 12 29 43 04 40 03

TUM-HN uk 00 00 2477 6.9 11.3 5.7

Sorbian track

hsb 1909 909 732 595 589 525
HeyBusan
dsb 1926 926 792 68.1 70.5 63.3

hsb 91.7 91.7 724 592 57.6 48.1

LT3
dsb 904 904 786 68.3 633 51.8
HITSZ hsb 1945 94.5 222 17.1 55.0 42.9
dsb 1949 949 225 16.1 68.1 614
HSE hsb [99.9 999 05 0.0 08 03
dsb [99.8 99.8 0.1 0.0 0.0 0.0
. hsb 03 0.6 3.6 0.2 34 0.0
baseline

dsb 03 09 57 00 1.8 0.0

Table 17: Grammar error detection (D) and correction
(C) scores per team and part-of-speech tag. Cells are
shaded according to the accuracy values (the darker, the
better). Systems are ordered by their final ranking. Note
that adjectives and nouns are not equally distributed.
UKR: 700 nouns, 300 adjectives; HSB: 613 nouns, 387
adjectives; DSB: 697 nouns, 166 adjectives.

but the response within the answer format tags was
stripped out before evaluation, such decoding loops,
or which language the model used for ‘reasoning’,
did not have a direct effect on performance.

Language identification However, it is possible
that the reasoning language has an indirect effect on
model performance. Therefore, we run language
identification with GlotLID (Kargaran et al., 2023)
over the model outputs where reasoning traces were
present. In the Ukrainian track, the models typ-
ically output Ukrainian (84% from the baseline,
75% and 78% from Zolint and TUM-HN), with a
smaller proportion of outputs classified as English
(baseline 15%, TUM-HN 21%, none from Zolint),
Russian (2% from Zolint), or a wide selection of
other languages. We assume that these other lan-
guages are most often spurious classifications for
outputs consisting mostly of symbols.

In the Sorbian track, when models output rea-
soning tokens, they are most commonly in English.
The baseline used English reasoning traces around

47% of the time, while HeyBusan and LT3 did so
between 82% and 86% of the time, with only small
variation between Upper and Lower Sorbian inputs.
The baseline’s reasoning traces given Upper Sor-
bian input were also classified as Upper Sorbian
25% of the time, with the remainder split between
Polish (12%), Czech (8%), and a few other Slavic
languages. For Lower Sorbian inputs, the classifier
still found 14% Upper Sorbian traces, compared to
10% Lower Sorbian, and 20% Polish. This varia-
tion largely disappears in the LT3 and HeyBusan
models, consistent with the described training sets.
In combination with the consistent, faster answers,
this likely explains the high performance of these
models on Sorbian MR.

7 Conclusion

This edition of the Shared Task extended the num-
ber of tasks to five, compared to the previous edi-
tion, by covering: Machine Translation, Question
Answering, Spell Checking, Grammar Checking,
and Maths Reasoning. The base model was also
updated to Qwen3.5-2B, a more recent version but
with fewer parameters (compared to Qwen2.5-3B).

First, we observe that the participating systems
outperformed the baseline for most tasks overall,
sometimes by a clear margin for the better sys-
tems. This is naturally due to task-specific training,
especially for tasks with specific formatting (SC
and GC). A single system to handle the five tasks
for Ukrainian, Upper and Lower Sorbian is hence
possible.

For Sorbian MT, we observed generally higher
quality than for Ukrainian MT, as Sorbian train-
ing and test data are from similar domains, while
the Ukrainian test set contains paragraphs which
proved to be a hurdle for the models. Moreover, for
Sorbian, the ranking with xCOMET-XXL agrees
with the surface-level metric (chrF++), whereas for
Ukrainian, the first-ranked system’s lead was con-
siderably reduced under xCOMET. Furthermore,
the small-scale manual evaluation for the two Sor-
bian languages confirmed the human agreement
with chrF++ for translation rankings. A compar-
ison of translation quality for Sorbian with last
year’s winning team (TartuNLP) showed that this
year’s performance remains below last year’s best
performance. However, TartuNLP’s system is
based on a slightly larger model (3B) and trained
on fewer tasks, making this comparison not entirely
fair.
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For QA, all systems outperformed the baseline.
This year’s best systems showed improved perfor-
mance compared to last year’s winners on the same
QA test sets. Regarding the three new tasks, the
baseline model exhibited output formatting issues
for both spell and grammar checking and general
difficulty for maths reasoning in a zero-shot setting.
Despite its simple setting, spell checking is not
entirely solved by the submitted systems. While
systems can detect errors in a sentence, correct-
ing remains more difficult, especially for subtle
errors in all three languages. Similarly, grammar
checking remains challenging, with correction be-
ing systematically harder than detection. Finally,
maths reasoning proved to be the hardest task for
the systems, with the best scores in the 20-30 ac-
curacy range for low- to medium-level questions.

In short, we overall observed better task perfor-
mance than the baseline with the submitted systems
for both tracks. Most of them are also capable of
performing the five tasks, with minimal sacrifice
in performance on tasks that are not necessarily
related. A cautious multitask training approach
seems, however, necessary, as catastrophic forget-
ting was reported otherwise. The submissions from
the participants did not show clear evidence of
synergy between the tasks themselves. Since the
training mixture was usually heavily imbalanced
towards MT compared to the other tasks due to
data scarcity, especially for the Sorbian track, no
general trend can be drawn. Yet, for a given train-
ing data and strategy in two systems, focusing on
MT has been shown to negatively affect QA, as in
last year. Finally, on the overlapping MT and QA
tasks, this year’s best submission for Ukrainian out-
performs last year’s, while for Sorbian, TartuNLP
remains the best open-source system for MT.

This shared task showed that the three new tasks
remain challenging, especially for MR. Several
factors were explored by the participants, which
need further investigation in terms of their final
impact: the quality and distribution of each task in
the dataset, task-specific inference strategies, or the
use of reasoning capabilities. This year’s edition
displayed promising results for small but multitask
LLMs in underrepresented languages.

Ethics Statement

The shared task continued to focus on smaller mod-
els: this year’s base model, Qwen3.5-2B, is still
below the milestone of 3B parameters from last

year. This ensures that participants have a lower
computational barrier, fostering both accessibility
and a smaller ecological footprint. We notably have
two participants using consumer-grade GPUs for
training and inference.

We also commit to open science and repro-
ducibility by ensuring that the teams use both open-
source models and publicly available datasets. Par-
ticipants were encouraged to make their model pub-
lic, and all systems from this year are on Hugging-
Face.

For the Sorbian track, the shared task relies on
the partnership with the WITAJ-Sprachzentrum.
They provided all new Sorbian datasets for MT and
annotation help for the PluraMath dataset for MR.
For the manual evaluation experiment on the Sor-
bian MT outputs, both annotators were contacted
through the WITAJ-Sprachzentrum.

Limitations

The main limitation comes from the restriction to
one model size and family. Exploring a wider range
of model families in that size range might help es-
tablish the extent to which the presented strategies
are generalisable across models, in particular re-
garding issues observed with the base Qwen3.5-
2B model, such as decoding loops in the thinking
mode. For this edition, we constrained the model to
a single base model for a fair comparison between
participating teams.

The Shared Task continues to focus on three
languages (Ukrainian, Upper Sorbian, and Lower
Sorbian) with two dedicated language tracks. The
methodological findings from the submitted sys-
tems are hence only applicable to these languages
within the shared task setting (including the five
tasks and their specific formatting).
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A Prompts for the zero-shot baseline

Translate the following German text to Lower
< Sorbian. Put it in this format <dsb>
<> Lower Sorbian translation </dsb>.

<deu> {{source}} </deu>

Answer this mathematical reasoning question.
< Place your final answer, using LateX
<> when appropriate, in this format:
> <answer> answer </answer> {{question}}

Figure 4: Baseline MT prompt, here for de—dsb.

{{context}}

Question:
{{question}}

Possible answers:
{{possible_answers}}

Answer:

Figure 5: Baseline question answering prompt.

The following sentence contains at most one
— misspelled word. Respond with exactly
<> these two tags and nothing else:

<wrong> misspelled word </wrong> <corrected>
<5 correct spelling </corrected>

If the sentence has no error, use the literal
<5 string CORRECT in both tags:

<wrong> CORRECT </wrong> <corrected> CORRECT
— </corrected>

<sentence> {{input_sentence}} </sentence>

Figure 6: Baseline prompt for spell checking.

The following sentence contains at most one
<> grammatically incorrect word. Respond
— with exactly these two tags and
< nothing else:

<wrong> misspelled word </wrong> <corrected>
— correct spelling </corrected>

If the sentence has no error, use the literal
<5 string CORRECT in both tags:

<wrong> CORRECT </wrong> <corrected> CORRECT
—» </corrected>

<sentence> {{input_sentence}} </sentence>

Figure 7: Baseline prompt for grammar checking.

B Detailed Grammar Checking example

Figure 9 shows a Ukrainian example sentence for
the grammar check, where the grammatical case

Figure 8: Baseline prompt for mathematical reasoning.

(INS) of the noun pesysibraTom (‘results’) has been
changed into GEN, leading to a corrupted sentence.

C Detailed results tables

Tables 18 and 19 display the detailed results ob-
tained by the participating systems per sub-task for
the Ukrainian and Sorbian tracks, respectively.

D Statistical test of the final ranking

Our official results only use the output scores to
compute each task ranking of the systems. As some
of the differences are very minor, we perform sta-
tistical tests on each of the five tasks to assess the
stability of our ranking. Several tasks feature sub-
tasks (e.g., MT, QA, and the remaining Sorbian
tasks), which hence require a stratified approach.
We note that for Sorbian, most questions in QA
and all the MR exercises are translations of each
other; they are hence not independent and need to
be considered together. We report the results of a
stratified paired cluster bootstrap with 20,000 repli-
cates for the confidence interval. We additionally
provide the rank range for each task based on the
significance of the difference. We use a paired ap-
proximate randomisation test between the systems
at 5% with Holm correction. We compute the final
confidence interval and the rank range using the
same official point methodology on each bootstrap
resample per task.

Tables 20 and 21 show the submission ranks af-
ter our resampling analysis. When systems cannot
be separated statistically for a task, we provide a
ranking range (e.g., 1-2 for first and second posi-
tions). We do not observe a major difference in the
official final rank for both tracks: the tied winning
systems for the Sorbian track are indeed not signif-
icantly different, while for the Ukrainian track, the
baseline and the TUM-HN systems are also indis-
tinguishable. We note here that Sorbian QA is the
task where separating systems is the most difficult
in our case.
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original sentence HaykoBi dhaxkTn € pesyabTaroM eKCIepuMeHTIB.
corrupted sentence Haykosi dakTu € pe3yibrary eKCIepUMEeHTIB.
target lemma pe3yabTaT

target word + features pesyabTaToM/N;INS;SG;INAN;MASC

swapped word + features  pesysnbraTy/N;GEN;SG;INAN;MASC

swapped features NOUN; INS — GEN

gloss Scientific facts are the result of experiments.

Figure 9: Grammar checking: example sentence for Ukrainian.

Task Subset Metric TUM-HN baseline koshi Zolint
MT all chrF++ 16.08 18.46 16.80 49.86
ces-ukr BLEU 3.93 5.38 6.01 23.66
ces-ukr chrF++ 19.77 25.44 23.05 51.53
eng-ukr BLEU 1.01 0.55 0.70 1543
eng-ukr chrF++ 12.39 11.47 10.55 48.18

QA all Exact Match 40.13 36.33 4699 41.15
ukr-ZNO Exact Match 35.82 30.76  45.01 37.42
ukr-MMLU  Exact Match 44.44 4190 4897 44.88

SC all Exact Match 16.50 8.38 52.50 6643
ukr-SC Exact Match (Wrong) 22.20 8.55 60.10 71.70

Exact Match (Corrected) 10.80 8.20 4490 61.15

GC all Exact Match 6.80 2.18 30.55 45.18
ukr-GC Exact Match (Wrong) 10.35 2.70 36.55 45.25

Exact Match (Corrected) 3.25 1.65 24.55 45.10

MR  ukr-MR Exact Match 4.40 20.00 040 21.60

Table 18: Results per sub-task for the Ukrainian track. Systems are ordered based on the main ranking from left to
right. ‘all’ indicates the averaged task score.
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Task Subset  Metric baseline HSE HITSZ LT3 HeyBusan

MT all chrF++ 21.68 61.50 63.12 69.57 72.75
deu-hsb BLEU 0.96 3048 3532 42.07 48.61
deu-hsb  chrF++ 13.67 5627 60.04 64.55 70.26
hsb-deu BLEU 6.08 27.14 3742 44.11 46.62
hsb-deu  chrF++ 27.05 52770 6242 67.19 69.43
deu-dsb BLEU 0.95 27.14  26.87 34.56 39.36
deu-dsb  chrF++ 1042 5272 5237 58.90 63.06
dsb-deu BLEU 3.73 2990 36.30 44.05 47.87
dsb-deu  chrF++ 23.18 54.61 6092 66.56 69.42
dsb-hsb BLEU 5.81 55.78 4942 63.18 66.67
dsb-hsb  chrF++ 28.66 7550 70.62 80.09 82.38
hsb-dsb BLEU 4.88 57.32  50.50 62.12 64.82
hsb-dsb  chrF++ 27.10 77.19 7235 80.12 81.96

QA all Exact Match 43.39 46.77 57.33 65.05 55.92
hsb-QA  Exact Match 4238 44776  58.57 66.19 54.76
dsb-QA  Exact Match 4439 4878 56.10 63.90 57.07

SC all Exact Match 6.66 63.63 73.13 76.11 78.03
hsb-SC  Exact Match (Wrong) 6.95 7240  81.55 81.90 84.25

Exact Match (Corrected) 6.80 52.85 66.95 69.65 73.50
dsb-SC  Exact Match (Wrong) 6.60 7270  78.05 81.55 82.35
Exact Match (Corrected) 6.30 56.55 6595 71.35 72.00
GC all Exact Match 1.34 50.02 62.11 78.32 79.52
hsb-GC  Exact Match (Wrong) 1.90 50.25  64.70  79.20 79.30
Exact Match (Corrected) 0.35 50.00 60.80 73.30 73.85
dsb-GC  Exact Match (Wrong) 2.67 4994 63.09 83.02 85.05
Exact Match (Corrected) 0.46 4988 5985 71.75 79.90

MR all Exact Match 5.40 5.00 18.60 30.40 29.00
hsb-MR  Exact Match 6.00 5.20 19.20 32.00 29.20
dsb-MR  Exact Match 4.80 480 18.00 28.80 28.80

Table 19: Results per sub-task for the Sorbian track. Systems are ordered based on the main ranking from left to
right. ‘all’ indicates the averaged task score.
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task  system score 95% CI rank
HeyBusan 72.75 [72.56, 72.94] 1

e e G B, 90 9700
Zolint 49.86 [48.04,51.16] 1 HSE 61.50 [61.30,61.70] 4
MT basel'ine 18.46 [16.60,21.23] 2 baseline 21.68 [21.51,21.85] 5
o 1680, (1484 1965] 34 G e e 1o
) I HITSZ 57.33 [51.19,63.38] 1-3
koshi 46.99 [45.16, 48.82] 1 QA HeyBusan 5592 [49.80,61.89] 14
QA Zolint 41.15 [39.39,42.93] 2-3 HSE 46.77 [40.53,52.87] 3-5
TUM-HN 40.13 [38.38,41.90] 2-3 baseline 43.39 [37.50,49.26] 4-5
baseline 36.33 [34.62, 38.04] 4 HeyBusan 78.03 [76.83,79.20] 1
Zolint 66.43 [64.55, 68.30] 1 LT3 76.11 [74.88,77.32] 2
e koshi 52.50 [50.52, 54.48] 2 SC  HITSZ 73.13 [71.86, 74.36] 3
TUM-HN 16.50 [15.10, 17.95] 3 HSE 63.63 [62.28, 64.95] 4
baseline 8.38 [7.23, 9.57] 4 baseline 6.66 [5.92, 7.43] 5
Zolint 45.18 [43.05, 47.35] 1 HeyBusan 79.52 [78.28,80.76] 1-2
GC koshi 30.55 [28.70, 32.43] 2 LT3 78.32 [77.03,79.56] 12
TUM-HN  6.80 [5.88,7.78] 3 GC HITSZ 62.11 [60.56, 63.63] 3
baseline 2.18 [1.68,2.73] 4 HSE 50.02 [48.43, 51.64] 4
Zolint 21.60 [16.40,26.80] 1-2 baseline 134 (1081631 3
MR baseline 20.00 [15.20,25.20] 1-2 LT3 30.40 [25.20,35.80] 12
TUM-HN 440 [2.00,7.20] 3 HeyBusan 29.00 [23.80,34.40] 1-2
koshi 0.40  [0.00, 1.20] 4 MR HITSZ 18.60 [14.40, 23.00] 3
- baseline 5.40 [3.40, 7.80] 4-5
Zolint 19 [17,19] ! HSE 500 [2.80,7.40] 4-5
final koshi 13 [12,13] 2
baseline 9 [9, 10] 34 HeyBusan 22 [22, 24] 1-2
TUM-HN 9 [9, 11] 34 LT3 22 (21, 23] 1-2
final HITSZ 16 [15, 16] 3
Table 20: System ranking with significance clusters for HSE 9 [8, 10] 4
the Ukrainian track. We report the official score, the baseline 6 [5,7] 5

confidence interval (CI) at 95%, and the resulting rank.
Table 21: System ranking with significance clusters for
the Sorbian track. We report the official score, the
confidence interval (CI) at 95%, and the resulting rank.
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