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Abstract

We describe the TUMHN team’s systems for
the WMT26 Shared Tasks on LLMs with Lim-
ited Resources for Slavic Languages. We partic-
ipated in the Ukrainian track, covering machine
translation, question answering, spell checking,
grammar checking, and math reasoning tasks.
We restructured our training dataset into a chat-
style format and fine-tuned the Qwen3.5-2B
model for the Ukrainian track in a multitask
learning setting. Our model outperforms the
baseline on three of the five tasks, with sig-
nificant improvements on Question Answer-
ing, Spell Checking, and Grammar Checking.
In Machine Translation, the model shows a
slight improvement for the English—Ukrainian
direction. For Spell Checking and Grammar
Checking specifically, the largest gains were
observed in spell or grammatical error detec-
tion as opposed to correction. In Math Reason-
ing, however, our model does not outperform
the baseline. The fine-tuned model ! and train-
ing dataset % are publicly available on Hugging
Face.

1 Introduction

Large language models (LLMs) no longer just dom-
inate NLP research; they have found their way
into people’s everyday lives worldwide. Frontier
models such as ChatGPT (OpenAl), Claude (An-
thropic), and Gemini (Google) are widely used to
assist people in both professional and private con-
texts, while smaller, typically open-weight models
such as Llama (Meta AI), Qwen (Alibaba), and
Deepseek (DeepSeek) are used for more individual-
ized applications. Both the training and evaluation
of these models are largely biased towards high-
resource languages, particularly English (Xu et al.,
2025). For lower-resource languages, the number

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

2h'ctps ://huggingface.co/datasets/Tsedeniya/
Ukrainian_MultiTask_WMT26

of models that support them declines quickly (Un-
jum et al., 2026), and even when a model supports
a particular lower-resource language, research has
shown that performance is better when prompted
in English (Zhang et al., 2023). This leaves speak-
ers of lower-resource languages at a disadvantage,
limiting their access to this widely used technology.
Closing this gap matters regardless of whether a
language is high-resource, low-resource, or some-
where in between.

The WMT26 Limited Resources LLM shared
task (Okabe et al., 2026) addresses this imbal-
ance, focusing this year on three Slavic languages:
Ukrainian, Upper Sorbian, and Lower Sorbian.
Ukrainian, though not low-resource, sits in the mid-
resource range, with roughly 40M first-language
speakers, making progress here beneficial to a large
population. Upper and Lower Sorbian, by contrast,
are at the extreme low-resource end, both in terms
of available data and speaker populations (roughly
30K and 7K speakers, respectively). The shared
task evaluates LLM performance across five tasks:
machine translation (MT), multiple-choice ques-
tion answering (QA), spell checking (SC), gram-
mar checking (GC), and math reasoning (MR). Sub-
missions are restricted to Qwen3.5-2B3 (Yang et al.,
2025) as the base model.

In this work, we participated in the Ukrainian
track. Our approach uses parameter-efficient fine-
tuning, training a single Low-Rank Adaptation
(LoRA) (Hu et al., 2021) adapter on all five tasks si-
multaneously. We sourced training data for the five
tasks from various sources, including the Ukrainian
datasets provided by the shared task organizers.
Ukrainian training data was not available for math
reasoning, so we used English data instead, with the
expectation that the model would be able to trans-
fer the underlying task knowledge to Ukrainian.
(cf. Section 2). We restructured all task data into a

3ht’cps: //huggingface.co/Qwen/Qwen3.5-2B
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chat-style format and fine-tuned Qwen3.5-2B for
Ukrainian in a multitask learning setting, allow-
ing a single model to handle all five tasks jointly.
Our model achieved higher performance in three of
five tasks. It outperforms the baseline in question
answering, spell checking, and grammar check-
ing. For the latter two, our model performs better
at detecting spelling and grammatical errors than
at providing corrections. In contrast, our model
does not surpass the baseline in math reasoning,
likely due to the difficulty of cross-lingual trans-
fer from English-only training data. In machine
translation, our model performs slightly better on
English—Ukrainian translation but falls behind on
Czech—Ukrainian translation.

2 Dataset and Tasks

We participated in the Ukrainian track, which
comprises five NLP tasks that cover different lan-
guage understanding and generation settings. We
convert the data from each task into a unified
chat-style format, allowing us to combine all tasks
and train a single model jointly on all five tasks.
The datasets are summarized in Table 1; this in-
cludes both the datasets provided by the shared
task and those we have gathered from several ex-
ternal sources.

MT: This task covers two translation direc-
tions: Czech—Ukrainian (CES-UKR) and En-
glish—Ukrainian (ENG-UKR). We sampled a subset
of parallel sentences for both language pairs from
the Tatoeba corpus (Tiedemann, 2020).

QA: We used the data provided by the shared task
organizers, which included the MMLU (Yukhy-
menko et al., 2026) and ZNO (Syromiatnikov
et al., 2025) datasets, structured as multiple-choice
question answering. We augmented this with
a Ukrainian version of SQuAD (Stanford Ques-
tion Answering Dataset) (Ivanyuk-Skulskiy et al.,
2021), semi-automatically translated from the origi-
nal English SQuAD (Rajpurkar et al., 2016), which
is formulated as an extractive QA task.

GC: This task requires the model to identify
grammatical errors in a given sentence and pro-
vide the corresponding correction. Each sentence
contains at most one grammatical error in a sin-
gle word. Some sentences may be error-free, in
which case the model should leave the sentence un-
changed or output correct. For sentences contain-
ing an error, the model is expected to identify the

erroneous word and provide its correct form. For
this task, we use data from the UA-GEC dataset
(Syvokon et al., 2023), which covers a range of
grammatical and fluency-related errors, as well as
spelling and punctuation errors.

SC: Each sentence contains at most two spelling
errors within a single word. As in GC, some sen-
tences may be error-free and should therefore be
left unchanged or marked as correct by the model.
When an error is present, the model should identify
the misspelled word and provide its correct spelling.
The training dataset is sourced from UA-GEC (Sy-
vokon et al., 2023).

MR: We incorporated data from OlympiadBench
(He et al., 2024), which contains mathematics,
physics, and multimodal reasoning problems. From
this dataset, we selected the text-only, open-ended
questions from the mathematics and physics sub-
sets. We additionally used data from MathMist
(Sobhani et al., 2025), a multilingual mathematical
reasoning benchmark, from which we selected the
English subset, as Ukrainian was not available.

Reid and Artetxe (2023) show that parallel data
facilitates cross-lingual transfer not only for transla-
tion but also for other downstream tasks. Motivated
by this finding, we hypothesize that machine trans-
lation resources can similarly support the transfer
of task-specific capabilities across languages. In
our setting, both OlympiadBench and MathMist
are in English. We therefore hypothesize that a
model can acquire mathematical reasoning ability
from English-language examples and transfer this
ability to Ukrainian, using English—Ukrainian par-
allel data as an intermediate signal for cross-lingual
adaptation.

In total, we collected 66.9K training samples.
The datasets are not evenly balanced, with MT
taking the largest proportion of the training data,
followed by the SC dataset, as shown in Figure 1.
This distribution largely reflects the availability of
data across the different Ukrainian datasets. The
datasets for each task are merged within each split
and shuffled before training®.

3 Methods

We fine-tuned the 4-bit quantized Qwen3.5-2B
model (non-thinking mode) using Low-Rank Adap-

*For datasets with predefined training and validation splits,
we use the provided splits. When no validation split is avail-
able, we randomly divide the training data into 80% training
and 20% validation sets.
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Train  Test
32,000 317

Task  Source

MT CES/ENG — UKR Tatoeba (Tiedemann, 2020)
TMMLU (Yukhymenko et al., 2026)

QA fZNO (Syromiatnikov et al., 2025) 8,596
UA-SQuAD (Ivanyuk-Skulskiy et al., 2021)

14,793

SC UA-GEC (Syvokon et al., 2023) 17,016 2,000
GC  UA-GEC (Syvokon et al., 2023) 6,929 2,000
MR MathMist (Sobhani et al., 2025) 2,417 250
OlympiadBench (He et al., 2024)
Total training instances 66,958

Table 1: Datasets used for each subtask in the
Ukrainian track. T indicates a dataset provided by
shared task organizers.

tation (LoRA) with a rank of r = 32 on a
single NVIDIA H100 GPU for approximately 4
hours. The model was initially trained for 3 epochs
and subsequently fine-tuned for an additional 10
epochs’ , with early stopping (patience of 3). Loss
is computed only over the assistant’s response to-
kens. We use a zero-shot strategy with greedy de-
coding during both training and inference. For
reproducibility, we report the hyperparameters in
Appendix A, as well as the model instructions used
for each task in Appendix B.

Evaluation: We report chrF++ (Popovié, 2015)
as the main evaluation metric for MT and BLEU
(Papineni et al., 2002) for comparison. For QA and
MR, we report accuracy. Finally, for SC and GC,
we report accuracy separately for detection and
correction.

4 Results and Discussions

Table 2 shows our model’s overall performance
compared with the baseline results reported by the
shared-task organizers and the two other partici-
pating teams, Zolint and koshi. According to the
shared-task scoring scheme, Zolint achieves the
highest overall score with 19 points, followed by
koshi with 12 points. TUMHN obtains 9 points,
the same overall score as the baseline, placing us
fourth.

Despite obtaining the same overall score, our
approach and the baseline exhibit substantially dif-
ferent performance profiles across the individual
tasks. Our approach outperforms the baseline in
three of the five tasks: QA, SC, and GC. In contrast,

SWe initially trained the model for 3 epochs and evaluated
its performance on the dev set for each task. However, the
results were not satisfactory; therefore, we continued training
on the same dataset for an additional 10 epochs with early

stopping.

MT

MR
QA

GC sc

Figure 1: Distribution of training examples across tasks.
All datasets are in Ukrainian except for MR, which is
in English.

the baseline performs better in MT and MR (See
Table 3).

MT: MT results show a mixed pattern across
translation directions. On the CES-UKR subset,
the baseline outperforms our model (BLEU 5.38
vs. 3.93; chrF++ 25.44 vs. 19.77). In contrast,
our model performs slightly better on ENG-UKR,
with BLEU 1.01 vs. 0.55 and chrF++ 12.39 vs.
11.47. Overall, our approach shows small gains on
ENG-UKR but larger losses on CES-UKR, leading
to a lower aggregate MT score. Moreover, the test
set is constructed at the document level, whereas
our model is trained at the sentence level. This
discrepancy may contribute to the model’s low per-
formance, consistent with the findings of Alabi
et al. (2025), which report that models trained on
sentences often struggle to generalize to longer doc-
uments. We notice incomplete translations in CES-
UKR, in which the model provides short responses.
This is likely due to the training data consisting
of short sentences. Nevertheless, this shows an
improvement over the baseline, which frequently
failed to produce a meaningful translation, often re-
fusing to translate, or generating incoherent output.

QA: Our model outperforms the baseline on QA,
achieving an overall accuracy of 40.13 versus 36.33
for the baseline (+3.80 points). This improvement
holds consistently across both QA domains. On
UkrQA, our model reaches 35.82 compared to
30.76 for the baseline (+5.06 points), while on Ukr-
MMLU it achieves 44.44 vs. 41.90 (+2.54 points).

SC: Our model shows its strongest gain over the
baseline in SC, reaching an overall accuracy of
16.50 (+8.12 points). The gain comes mainly from
error detection; our model scores 22.20 vs. 8.55
for the baseline, showing it is much better at recog-
nizing misspelled word(s). However, on correction,
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MT (chrF++) Points ‘ QA Points | SC Points | GC Points | MR Points | Final Points Final Rank
Zolint 49.86 4 |45 3 |6643 4 [4518 4 |21.60 4 19 1
koshi 16.80 1 4699 4 |5250 3 |3055 3 0.40 1 12 2
baseline 18.46 3013633 1 8.38 1 2.18 1 2000 3 9 4
TUMHN 16.08 1 4013 2 |1650 2 680 2 | 440 2 9 4
Table 2: Ukrainian track leaderboard: best results are in bold.
the gap is smaller (10.80 vs. 8.20). The predomi- Task Subset  Metric TUMHN Baseline
nant error pattern observed was that the model flags MT  cessukr  BLEU  3.93 5.38
a word as erroneous but predicts the same word as ces-ukr  chrF++  19.77 25.44
. eng-ukr BLEU 1.01 0.55
the corrected output, leaving the erroneous word engukr  chiF+ 12,39 11.47
unchanged. all chrF++  16.08 18.46
. . _ QA ukrqa ACC 35.82 30.76
GC: We achieved an ACCUTACY SCOTe qf 6.80 com skemmly ACC 44.44 4190
pared to 2.18 for the baseline (+4.62 points). Look- all ACC 40.13 36.33
ing more c'losely, this z.idvant‘age comes mainly SC ukrse ACCD 2220 355
from detecting grammatically incorrect instances, ACC-C  10.80 8.20
where our model reaches 10.35 vs. 2.70 for the all ACC 16.50 8.38
baseline, whereas the gap on corrected instances is GC  ukrge ACC-D 10.35 2.70
s ACC-C  3.25 1.65
narrower (3.25 V§. 1.65). Slmllgr error patterns ar.e al ACC 6.80 218
observed here as in SC, suggesting that the model is
MR  ukrmr ACC 4.40 20.00

more effective at flagging errors than at generating
accurate corrections.

MR: MR shows the largest performance gap be-
tween our approach and the baseline, with an ac-
curacy score of 4.40 versus 20.00 for the baseline.
This result shows whether parallel data can sup-
port cross-lingual transfer of task capabilities. Our
training data combines English math data with En-
glish—Ukrainian parallel data and the aforemen-
tioned Ukrainian data; therefore, we expected this
combination to help transfer mathematical reason-
ing ability to Ukrainian. While parallel data has
been shown to support cross-lingual transfer under
certain training setups (Reid and Artetxe, 2023),
another study shows that MT training does not nec-
essarily improve cross-lingual representations for
downstream tasks (Ji et al., 2024). Our results align
with this latter finding: despite joint training on En-
glish MR data and parallel data, our approach sub-
stantially underperforms the baseline on Ukrainian
MR. Furthermore, our MT dataset is derived from
Tatoeba, which contains simple sentences. This
could explain the lower performance on MR, which
is a more complex task that requires a higher level
of linguistic proficiency.

5 Conclusion

We presented our submission to the Ukrainian track
of the WMT2026 Shared Task on LLMs with Lim-
ited Resources for Slavic Languages. Our approach

Table 3: Results for the Ukrainian track: We compare
TUMHN (our approach) vs. the baseline results reported
by the organizers. BLEU, chrF++, and exact-match
accuracy are reported. Best scores are presented in bold.
ACC — D and ACC — C represent accuracy scores for
detection and correction, respectively.

consisted of fine-tuning Qwen3.5 2B model jointly
on five tasks: machine translation, math reasoning,
spell checking, grammar checking, and question
answering.

Our system ranked fourth among participants,
tied with the baseline. Looking at the individual
tasks, we outperformed the baseline on QA, SC,
and GC, with the largest gains on SC, while falling
short on MT and MR. We hypothesized that task
knowledge learned from English MR data could
transfer to Ukrainian. However, our results do not
support this. Performance on MR remains below
the baseline, suggesting that cross-lingual transfer
alone was insufficient to compensate for the lack
of in-language training data.

Overall, we view these results as encouraging.
Despite using a modest amount of data and a com-
paratively short training time, we improved over
the baseline on three of the five tasks, demonstrat-
ing that this joint fine-tuning approach is a viable
strategy for mid-resource languages like Ukrainian
under limited compute and data budgets.
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6 Limitations

Our submission has several limitations that we
leave for future work:

* Single training strategy. We have only ex-
plored joint fine-tuning on all five tasks si-
multaneously, without comparing against al-
ternative strategies such as sequential or task-
specific fine-tuning. Additionally, we only
evaluated our model on a single random seed.

* No task interaction analysis. We did not
analyze how the tasks influence one another
during joint training. Some tasks may con-
tribute more positively to overall model ca-
pability than others, or even have a negative
effect; identifying and prioritizing such ben-
eficial tasks, e.g. through additional data for
those specifically, is a promising direction for
future work.

* No translation for MR. Due to the lack of
Ukrainian data for MR, we relied on English
data and cross-lingual transfer. We did not
explore machine-translating the English MR
data into Ukrainian before training, which
might have been a more effective approach.
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A Hyperparmeter

Table 4 below summarizes the hyperparameters that
we used for fine-tuning; We used greedy decoding
in non-thinking mode, with all other decoding pa-
rameters kept at their default values in both training
and inference.

Hyperparameter Value
Learning rate 2e-5
Batch size 16
Warmup steps 20
Epochs 13
Optimizer AdamW 8Bit
Seed 3407
Temp. 1.0

Table 4: Hyperparameters used for fine-tuning. T The
model was initially fine-tuned for 3 epochs and contin-
ued fine-tuning for 10 more epochs with early stopping;
therefore, in total it was fine-tuned for 13 epochs.

B Instructions

Table 5 lists the exact instruction used for each of
the five tasks, including the expected output format.

Task

Instructions

MT

Translate the following English/Czech text to
Ukrainian. Put your output in this format <ukr>
Ukrainian translation </ukr>.

QA

Given a multiple-choice question, select the correct
option from the listed alternatives (0-3). Respond
ONLY with the number corresponding to the correct
answer enclosed in <answer> and </answer> tags.

SC

The following sentence contains at most one
misspelled word. Identify the misspelled
word, if it exists, and place it between
<wrong>...</wrong> tags, with the correct
spelling in <corrected>...</corrected> tags. If
there is no error, use the literal string CORRECT in
both tags.

GC

The following sentence contains at most one grammat-
ical error. If an error exists, place the incorrect word
inside <wrong>. . .</wrong> and the corrected word
inside <corrected>...</corrected>. If there is no
error, output CORRECT in both tags.

MR

Answer this mathematical reasoning question. Pro-
vide your final answer using appropriate LaTeX
formatting when needed, following the template
<answer>...</answer>.

Table 5: Instructions used to prompt the model for each
of the five tasks during joint training. Each instruction
specifies both the task and the expected output format,
including the tags used to delimit the model’s answer.
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