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Abstract

We present a unified multi-task fine-tuning sys-
tem submitted to the WMT 2026 Shared Task
on Multitask LLMs with Limited Resources
(Ukrainian track), covering machine translation,
spelling correction, grammar correction, ques-
tion answering, and mathematical reasoning.
Our system is built on Qwen3.5-2B-Instruct
and adopts a two-stage training pipeline that
gradually introduces heterogeneous tasks while
replaying selected data from earlier stages to
mitigate catastrophic forgetting. The result-
ing model achieves a strong balance across all
evaluated tasks, consistently outperforming the
official baseline and obtaining the best perfor-
mance on every task except question answering.
Our results demonstrate that staged multi-task
fine-tuning is an effective strategy for adapt-
ing compact multilingual LLMs under limited-
resource constraints.

1 Introduction

Large language models (LLMs) have achieved re-
markable success on high-resource languages, yet
their performance remains considerably weaker for
low-resource languages such as Ukrainian. The
WMT 2026 Shared Task: Multitask LLMs with
Limited Resources investigates whether a single
Qwen3.5 model with at most 2B parameters can
jointly solve diverse Ukrainian NLP tasks, includ-
ing machine translation, spelling correction, gram-
mar correction, question answering, and mathemat-
ical reasoning.

This setting poses a challenging multi-task learn-
ing problem. These tasks require different ca-
pabilities, ranging from cross-lingual generation
and linguistic correction to language understanding
and multi-step reasoning. Jointly optimizing such
heterogeneous objectives often leads to task inter-
ference and catastrophic forgetting, especially for
compact language models with limited capacity.

*Equal contribution.

To address these challenges, we propose a two-
stage multi-task fine-tuning pipeline. The first stage
focuses on English–Ukrainian translation together
with spelling and grammar correction to establish
fundamental Ukrainian language abilities. The sec-
ond stage introduces Czech–Ukrainian translation,
question answering, and mathematical reasoning
while replaying a subset of first-stage data to miti-
gate catastrophic forgetting.

Besides the staged training strategy, we construct
additional spelling correction data from the ques-
tion answering corpus and observe a consistent pos-
itive interaction between the two tasks, suggesting
that auxiliary correction supervision benefits lan-
guage understanding in low-resource settings. We
also find grammar correction to be most susceptible
to forgetting after continual multi-task training.

Our unified multi-task system achieves a strong
balance across all evaluated tasks. Compared with
the official baseline, it consistently improves over-
all performance and achieves the best results on
all tasks except question answering. These re-
sults demonstrate that carefully scheduling hetero-
geneous tasks and mitigating forgetting are crucial
for adapting compact multilingual LLMs in limited-
resource settings. We release our model and code.1

2 Related Work

2.1 Low-resource Multilingual LLMs
Despite modern LLMs’ strong multilingual capabil-
ities, their performance on low-resource languages
still has substantial room for improvement due to
the imbalance of pre-training data. Recent work has
explored continued instruction tuning, synthetic
data generation, and bilingual supervision to im-
prove multilingual performance, yet significant per-
formance gaps remain for low-resource languages

1Github: https://github.com/vanessafu/
nlp-2026-low-resource-ukrainian-mt-qa;
Model: https://huggingface.co/MDK-YLC/Qwen3.
5-2B-WMT26-Ukrainian-LoRA

https://github.com/vanessafu/nlp-2026-low-resource-ukrainian-mt-qa
https://github.com/vanessafu/nlp-2026-low-resource-ukrainian-mt-qa
https://huggingface.co/MDK-YLC/Qwen3.5-2B-WMT26-Ukrainian-LoRA
https://huggingface.co/MDK-YLC/Qwen3.5-2B-WMT26-Ukrainian-LoRA
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Task Train Set Dev Set Description

MT (EN→UK) 95,140 pairs 5,108 pairs Only provided sentence-level dev set. Constructed both sentence-
and paragraph-level training data.

MT (CS→UK) 16,946 pairs 9,424 pairs Only provided sentence-level dev set. Constructed sentence- and
paragraph-level training data and augmented dev set.

QA (ZNO) 7,379 pairs 613 questions Augment the training set by shuffling, introducing CoT and com-
prehension understanding

QA (MMLU) 21,531 questions 285 questions Augmented training set with back-translated MMLU data

GC 32,036 sentences 2,000 sentences Only provided dev set. Constructed training set by UA-GEC

SC 6,232 sentences 2,000 sentences Only provided dev set. Built training set by ourselves

MR 14,895 questions 24 questions Only provided dev set. Constructed training set by back-
translating English data

Table 1: Summary of the datasets for the five tasks.

such as Ukrainian (Okabe et al., 2025). The analy-
sis of the WMT 2025 Shared Task systems (Okabe
et al., 2025) also revealed difficulties in maintain-
ing complete paragraph-level information during
translation, suggesting that context preservation
remains an important challenge for low-resource
multilingual LLMs.

2.2 Multi-task Instruction Tuning
Instruction tuning enables a single LLM to solve
diverse downstream tasks through natural language
instructions (Chung et al., 2022). However, jointly
optimizing heterogeneous tasks often introduces
task interference and catastrophic forgetting, par-
ticularly for compact models (Luo et al., 2025).
The WMT 2025 Shared Task further reports that
optimizing translation alone degrades question an-
swering performance, while unrestricted reasoning
may negatively affect translation quality (Okabe
et al., 2025). These findings motivate staged train-
ing strategies that balance linguistic knowledge and
reasoning ability during multi-task adaptation.

3 Data

In this section, we describe the datasets used for
the five tasks. For each task, we introduce the data
source, explain the processing strategies, and report
the resulting data sets. To enable joint instruction
tuning, all datasets are converted into a unified
instruction-response format. An overview of the
dataset is shown in Table 1.

Machine Translation (MT). For EN→UK, we
start from the WMT 2025 constrained parallel
corpora (ParaCrawl, WikiMatrix, TED, ELRC,
and OPUS). Following quality filtering, we apply
SDKM-style similarity retrieval (Saadi et al., 2025)

using Qwen2.5-3B-Instruct embeddings, obtaining
108k high-quality sentence pairs. We further cluster
semantically similar sentences with MiniBatchK-
Means to construct 42k pseudo-document training
examples for long-context translation.

For CS→UK, we combine public parallel cor-
pora, including NLLB (Team et al., 2022) and
OPUS resources (ELRC, Wikimedia, and EUBook-
shop) (Tiedemann, 2012). To construct paragraph-
level data, we use the monolingual corpus from
UberText Ukrainian fiction (Chaplynskyi, 2023).
Then we segment the text into sentences using
Stanza, group consecutive sentences into para-
graphs of 300–700 words, and then back-translate
them with the LINDAT Ukrainian→Czech system
(Popel et al., 2024), yielding together with sentence-
level data 16,946 training pairs in total.

All MT data are processed with a unified clean-
ing pipeline including quality filtering, normaliza-
tion, deduplication, FastText language identifica-
tion (Grave et al., 2018), multilingual-e5-small se-
mantic filtering (Wang et al., 2024), and final qual-
ity estimation.

Question Answering (QA). The official QA
dataset is constructed from two sources: the
ZNO dataset (Romanyshyn et al., 2024) and the
Ukrainian MMLU dataset (Yukhymenko et al.,
2026) provided in the WMT2026 shared task. In
addition to these official resources, we further en-
hance the QA data as follows. We first oversample
the ZNO training set by a factor of two and ran-
domly shuffle answer options to reduce position
bias. We then incorporate additional CoT examples
from the training split of NLPForUA/dumy-zno-
ukrainian-math-history-geo-r1-o1 (Syromiatnikov
and team, 2025). To ensure data integrity and avoid
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contamination, we aligned this data with the offi-
cial training set, filtered out any overlaps with the
official development set, and retained only valid
training instances with o1_score = 1. A determin-
istic 70%/30% split defines implicit and explicit
CoT formats: in implicit CoT, the reasoning trace
is included in the input and only the final answer
is produced; in explicit CoT, the model generates
full reasoning followed by the final answer. For
MMLU, we further extend coverage using training
split of the cais/mmlu dataset (Hendrycks et al.,
2021a). We used Google Translate API to translate
English questions into Ukrainian and merged them
into the same QA format.

Grammar Checking (GC). GC training data
are derived from UA-GEC (Syvokon and Ro-
manyshyn, 2024), using the gec-only annotation
layer. Each source–target sentence pair is converted
into the shared-task format by aligning erroneous
and corrected spans. We keep only sentences with
at most one error region, yielding 32,036 training
instances. The official GC development set (2,000
instances) is taken from the WMT 2026 Ukrainian
shared-task release.

Spell Checking (SC). No dedicated Ukrainian
spell-checking training corpus was provided by the
organizers. We therefore construct SC training data
synthetically from MMLU_UKR (Yukhymenko
et al., 2026): Ukrainian question stems and answer
options are taken from the released validation split,
and spelling errors are injected automatically (e.g.,
character swaps, deletions, duplications, and visu-
ally confusable Cyrillic/Latin substitutions). About
half of the sentences are left unchanged and labeled
CORRECT. This yields 6,232 training instances. The
SC development set (2,000 instances) is released
by the organisers.

Math Reasoning (MR). MR training data
come from two English math datasets sepa-
rate from the official MR evaluation bench-
mark: GSM8K (Cobbe et al., 2021) (7,473
problems) and Competition Math (the MATH
dataset) (Hendrycks et al., 2021b) (7,500 prob-
lems). We used Google Translate API to back-
translate problem statements and reference solu-
tions from English to Ukrainian. Then we cleaned
the data to enhance data quality, including convert-
ing decimal numbers to equivalent LATEX format
fractions, correcting corrupted answer annotations,
enforcing a single final boxed answer, and correct-

ing examples with invalid LATEX. We also standard-
ize all targets to the format Answer: \boxed. Over-
all, 78 corrupted instances are removed, leaving
14,895 training examples. The official MR devel-
opment set (24 problems: 12 low-difficulty and 12
medium-difficulty) is released by the WMT 2026
organizers.

4 System Architecture & Methodology

All tasks are handled by a single LoRA-finetuned
Qwen3.5-2B-Instruct model (Hu et al., 2021) with-
out any task-specific parameters, strictly satisfying
the parameter constraint of the shared task. As
illustrated in Figure 1, we propose a two-stage fine-
tuning framework to adapt the foundation model
across multiple tasks, which achieves optimal over-
all performance.

Stage 1: Language foundation

• EN→UK Machine Translation (MT)

• Spelling Correction (SC)

• Grammar Correction (GC)

Stage 2: Reasoning & Knowledge

• CS→UK Machine Translation (MT)

• Question Answering (QA)

• Math Reasoning (MR)

Replay Data: 5k EN→UK + 5k GC

Select Best Checkpoint
(Evaluated on Dev Set)

Figure 1: Overview of the simplified two-stage multi-
task training framework.

4.1 Stage 1: EN→UK MT, SC, and GC

We first fine-tune the model on English→Ukrainian
machine translation (MT), spelling correction (SC),
and grammar correction (GC). The objective of
this stage is to strengthen Ukrainian generation and
correction ability before introducing more hetero-
geneous tasks.

For MT, the model is instructed to translate En-
glish sentences into Ukrainian and output only the
translation. For SC and GC, we adopt a unified
decision-then-correction format. The model first
determines whether the input sentence is correct.
If no error exists, it outputs CORRECT; otherwise,
it predicts the incorrect word and its correction in
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Machine Translation (MT) Spelling Correction (SC) Grammar Correction (GC) QA MR

EN→UK CS→UK EM-W EM-C EM-W EM-C Acc. Acc.
Model BLEU chrF++ BLEU chrF++

Baseline 9.83 30.78 11.89 34.16 0.1745 0.1725 0.0425 0.0255 0.3485 0.1250
Joint 18.51 41.91 21.86 46.06 0.7520 0.6065 0.4425 0.4370 0.3719 0.1667
2-Stage-I 18.72 42.17 21.45 45.76 0.7610 0.6140 0.3820 0.3780 0.3820 0.2500
2-Stage-II 18.74 42.25 21.65 45.90 0.5390 0.4690 0.4135 0.4095 0.3686 0.2083

Table 2: Performance on development-set. EM-W and EM-C denote exact match on incorrect and corrected words,
respectively.

the format {wrong word} -> {correct word}.
During evaluation, predictions are converted into
corresponding word pairs, while correct sentences
are mapped to (CORRECT, CORRECT).

The first-stage model is trained for five epochs,
with the checkpoint selected according to develop-
ment performance. However, we observe that the
best checkpoint is usually obtained after the first
epoch, whereas later epochs often lead to overfit-
ting under the low-resource setting.

4.2 Stage 2: CS→UK MT, QA, and MR

Starting from the best checkpoint from the first
stage, we continue joint multi-task training by
introducing Czech→Ukrainian machine transla-
tion, multiple-choice question answering (QA), and
mathematical reasoning (MR).

Notably, we split the two MT directions and
move the CS→UK task to the second stage for
two motivations. First, as Czech and Ukrainian are
closely related Slavic languages, CS→UK trans-
lation may benefit from a richer representational
foundation established during Stage 1. Second,
training CS→UK in Stage 2 places it closer to the
final checkpoint, thereby mitigating catastrophic
forgetting by reducing its exposure to non-MT fine-
tuning in subsequent steps.

For CS→UK MT, the model translates Czech
text into Ukrainian. For QA, the model predicts the
answer option label, and outputs containing the full
answer text are mapped back to the corresponding
option during evaluation. For MR, the model is en-
couraged to generate intermediate reasoning, while
only the final answer following the token Answer:
is used for evaluation.

To balance training efficiency and mitigate for-
getting, we also empirically set a replay size of
5,000 EN→UK MT examples and 5,000 GC exam-
ples from the first-stage datasets during second-
stage training. Consequently, the second stage

Task Zero-shot After Stage 1 Improvements

MT (BLEU) 15.40 17.92 +2.5
GC (det / corr) 34.2 / 32.4 42.5 / 42.1 +8.3 / +9.7
SC (det / corr) 32.5 / 30.6 75.2 / 59.3 +42.7 / +28.8

Table 3: Effect of Stage-1 training on the Stage-1 tasks
(development set).

jointly optimizes new tasks with replayed data to
preserve prior capabilities while learning new ones.

5 Results and Discussion

Experimental setup. We compare four training
strategies on the development set. Baseline di-
rectly evaluates the base Qwen3.5-2B-Instruct
model without fine-tuning. Joint fine-tunes
all six tasks jointly. 2-Stage-I first trains on
English→Ukrainian machine translation (EN→UK
MT), spelling correction (SC), and grammar correc-
tion (GC), and then continues training on the full
multi-task mixture with replayed first-stage data.
2-Stage-II follows the same framework but post-
pones GC until the second stage. Unless otherwise
stated, all results are reported on the development
set. Our final submission adopts the 2-Stage-I con-
figuration. Detailed hyperparameter settings are
provided in Appendix A.

5.1 Results

Development-set results. We first evaluate the
different training strategies on the development
sets. Tables 2 show that ours outperforms over
the zero-shot baseline across multiple tasks and
all fine-tuned configurations improve substantially
over the zero-shot baseline across tasks, confirming
the value of task-specific fine-tuning.

Our final system (2-Stage-I) substantially im-
proves Ukrainian generation in both EN→UK and
CS→UK translation on both BLEU and chrF++.
Notably, comparing the Stage-1-only results in Ta-
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Machine Translation QA SC GC Math

System
All

chrF++
CS–UK
BLEU

CS–UK
chrF++

EN–UK
BLEU

EN–UK
chrF++

All
EM

All
EM

All
EM

UkrMR
EM

Baseline 18.46 5.38 25.44 0.55 11.47 36.33 8.38 2.18 20.00
TUMHN 16.08 3.93 19.77 1.01 12.39 40.13 16.50 6.80 4.40
Koshi 16.80 6.01 23.05 0.70 10.55 46.99 52.50 30.55 0.40
Ours 49.86 23.66 51.53 15.43 48.18 41.15 66.43 45.18 21.60

Table 4: Official test-set results on the Ukrainian track of the WMT 2026 Shared Task. For multi-subtask
categories (QA, SC, GC), overall macro scores are reported here. Detailed sub-category breakdowns are provided in
Appendix C.

ble 3 with the full two-stage results shows that
the translation ability acquired in Stage 1 is not
degraded by the later reasoning stage.

Among the training strategies, 2-Stage-I pro-
vides the strongest overall balance across heteroge-
neous tasks, achieving the best performance on SC,
QA, and MR while remaining competitive on GC.

Official test-set results. Table 4 reports the offi-
cial test-set results of our final submission. Ours
achieves the highest reported scores on all four
tasks metrics. For question answering, our system
achieves 41.15 EM, below Koshi’s 46.99 EM, but
remains competitive with the other systems.

Compared with the official baseline, the largest
improvements are observed on machine trans-
lation and correction tasks, demonstrating that
staged multi-task fine-tuning effectively enhances
Ukrainian generation and linguistic knowledge.
More importantly, the results show that a single
compact model can jointly support translation, cor-
rection, reasoning, and language understanding
without sacrificing overall performance.

5.2 Training Strategy Analysis

Effect of staged-training Comparing Joint strat-
egy and 2-Stage strategy as shown in Table 2, the
2-Stage method performs better on most tasks. Sep-
arating training into two stages lets the model first
acquire translation and correction behaviors and
only then take on reasoning, rather than trading
them off from the start. We therefore adopt the
staged setup as our main system.

Our training order follows a language-first ap-
proach. We first train the model on translation
and correction tasks so that it can better handle
Ukrainian before introducing QA and MR. The
idea is that a stronger foundation in the target lan-
guage may make it easier for the model to learn the
later reasoning tasks. As shown in Table 3, Stage

1 improves MT, SC, and GC by 59.2% on average
over the baseline. Stage 2 extends the model to
reasoning and another translation direction. Im-
portantly, most capabilities learned in Stage 1 are
also preserved after Stage 2, suggesting that se-
quential fine-tuning can absorb new tasks without
substantially overwriting prior knowledge.

Task composition and ordering. Given that we
train in two stages, the composition and ordering of
tasks within each stage may affect transfer and in-
terference. Rather than randomly partitioning tasks,
we explored different combinations and orderings
and report the two configurations that performed
best overall.

Moving GC from the first stage to the second (2-
Stage-I vs. 2-Stage-II) changes both the correction
and the downstream reasoning scores, showing that
ordering and composition jointly determine which
capabilities transfer and which interfere. Two con-
trasting effects illustrate this. The configuration
with the strongest SC performance also achieves
the strongest QA performance; since the SC data
are derived from the QA corpus, this points to pos-
itive transfer between the two. Conversely, the
degradation of GC after subsequent training reflects
negative interference. Task composition should
therefore account for task compatibility rather than
treating all tasks as interchangeable.

Catastrophic forgetting and replay. To mitigate
the GC degradation identified above, we retain a
small replay buffer of representative Stage-1 exam-
ples and mix them into Stage-2. This allows the
model to maintain training signals for previously
learned tasks while introducing the new objectives,
providing a simple mechanism for reducing capa-
bility drift.

We also use more English→Ukrainian than
Czech→Ukrainian data to mitigate the MT degra-
dation. Since Czech and Ukrainian are both Slavic
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languages and share many lexical and morpholog-
ical features, Czech→Ukrainian is easier to pre-
serve, letting us spend more of the budget on the
more forgetting-prone English→Ukrainian direc-
tion.

5.3 Output Analysis and Discussion
We qualitatively examined model outputs across
all five tasks and group the observed behaviors into
three types. Where relevant, we compare the final
system (2-Stage-I), which is trained on the cleaned
math data described in Section 3, with an ablation
variant (MR-Raw) trained on the uncleaned, raw
translated MR data, both are evaluated on the same
test set.

(1) Repetition and degeneration. The most com-
mon failure is repetition, where the model repeats
until it reaches the maximum length. This is rare
on short inputs but frequent on longer ones. In MR
task it occurs in only 5 of 125 low-difficulty items
but in 69 of 125 medium-difficulty items. We also
observe it in some of longer translation outputs.
The problem is that a 2B model, adapted with a
small number of parameters, may not always pro-
duce a stable stopping point once the output grows
long and symbol-heavy. We clean the training data
to mitigate it: the raw math solutions (MR-Raw)
contained calculator markers such as «48/2=24»,
a highly regular pattern that the model learned to
repeat, and removing them in 2-Stage-I reduces
this. However, the remaining failures on hard math
problems are driven by long derivations, and may
be better addressed at decoding time, for example,
by penalizing repetition.

(2) Format and prompt following. In general,
the simpler tasks generally show strong format
compliance. However, a small fraction of correc-
tion outputs only contain a dash (-)(around 6% for
spelling and 8% for grammar). These are often
associated with inputs beginning with a dash or
bullet, suggesting that the model sometimes copies
salient surface tokens from the input rather than
producing the requested structured field.

The largest format failures occur in MR. Al-
though low-difficulty instances usually produce
directly usable answers, 118 of 250 predictions
(47.2%) do not contain the final numerical answer.
This partly results from our prompt, which explic-
itly encourages step-by-step reasoning. While this
may benefit mathematical reasoning, it also length-
ens generation and can exhaust the token budget

before a final answer is produced, especially on
harder problems. Combined with the repetition
issues discussed above, this creates a trade-off be-
tween encouraging reasoning and producing an
easily extractable answer.

(3) Reasoning language and cross-lingual consis-
tency. We further examined whether the model
maintains Ukrainian when generating explanations,
given that the task prompts are written in English.
Overall, we find little evidence of systematic cross-
lingual drift. The natural-language portions of MR
outputs are predominantly Ukrainian, including the
longer reasoning traces. Apparent Latin-script con-
tent is mostly mathematical notation rather than
English prose, and Russian-specific characters ap-
pear only rarely in MT outputs.

The remaining language errors are not switches
from Ukrainian to English or Russian, but local
contamination from degenerate generations, such
as repeated punctuation, symbols, or emojis. Lan-
guage consistency is thus not the main bottleneck;
improving generation stability and format control
is likely to have greater impact.

6 Conclusion

We presented our submission to the WMT 2026
Shared Task on LLMs with Limited Resources
for Ukrainian. Our system fine-tunes a single
Qwen3.5-2B-Instruct model using a two-stage
multi-task training strategy with replay to mitigate
catastrophic forgetting.

Development-set experiments show that staged
training provides a better balance across heteroge-
neous tasks than straightforward joint optimization.
In particular, we observe positive transfer from
spelling correction to question answering, while
grammar correction remains the task most vulnera-
ble to catastrophic forgetting.

On the official test set, our system achieves the
highest reported scores on all evaluated tasks ex-
cept QA. These results demonstrate that carefully
scheduled multi-task fine-tuning enables compact
multilingual LLMs to effectively balance diverse
tasks under limited-resource constraints.
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A Hyperparameters & Training Specs

In this section, we provide the hyperparameters
used for both model training and decoding.

Hyperparameter Value

Optimizer AdamW
Learning Rate 2× 10−4

Learning Rate Schedule Cosine decay with 3% warmup
Precision bfloat16
Batch 4 × 8
Epoch 5
Max Sequence Length 3072
Rank 16
Alpha 32
Target Modules q_proj, k_proj, v_proj,

o_proj, gate_proj

up_proj, down_proj

LoRA Dropout 0.05

Table 5: Training and decoding hyperparameter config-
urations.

B Evaluation Metrics and Settings

To ensure reproducibility, we report the exact tools
and parameter settings used for evaluating Machine
Translation. Both metrics are computed at the cor-
pus level using the sacrebleu library (Post, 2018):

• BLEU (Papineni et al., 2002): We
compute corpus-level BLEU using
sacrebleu.corpus_bleu with the de-
fault SacreBLEU settings, including the
default 13a tokenizer.

• chrF++ (Popović, 2017): We compute corpus-
level chrF++ using sacrebleu.corpus_chrf
with word_order=2, which incorporates word
n-gram information in addition to character

n-grams. All other parameters are left at their
SacreBLEU default values.

C Detailed Test-Set Performance
Breakdowns

Table 6 and Table 7 report the detailed sub-metric
evaluations on official downstream tasks for the
WMT 2026 Shared Task (Ukrainian track).

Question Answering Math

System
UkrQA

EM
UkrMMLU

EM
UkrMR

EM

Baseline 30.76 41.90 20.00
TUMHN 35.82 44.44 4.40
Koshi 45.01 48.97 0.40
Ours 37.42 44.88 21.60

Table 6: Detailed test-set results on Question Answering
and Math reasoning.

Spelling Correction Grammar Correction

System
Wrong

EM
Corrected

EM
Wrong

EM
Corrected

EM

Baseline 8.55 8.20 2.70 1.65
TUMHN 22.20 10.80 10.35 3.25
Koshi 60.10 44.90 36.55 24.55
Ours 71.70 61.15 45.25 45.10

Table 7: Detailed test-set results on Spelling and Gram-
mar Correction.
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