
Proceedings of the Eleventh Conference on Machine Translation (WMT), pages 2661–2666
October 28–29, 2026. c©2026 Association for Computational Linguistics

2661

HeyBusan at WMT26: A System for the Sorbian Track

Mikhail Khasykov
Independent

mkhasykov@gmail.com

Abstract

We describe our submission (team HeyBusan)
to the Sorbian track of the WMT26 Multi-
task LLMswith Limited Resources shared task.
A single Qwen3.5-2B model handles machine
translation, question answering, spell check-
ing, grammar checking, and mathematical rea-
soning in Upper Sorbian, Lower Sorbian, and
German. We fine-tuned all model parame-
ters on public data (the official task data plus
external corpora) for approximately 55 GPU-
hours on one 24GB consumer GPU. Task-
specific decoding then improved the results
further without changing the model’s weights.
Team HeyBusan placed first in machine trans-
lation, spell checking, and grammar checking,
and tied with team LT3 for the overall track
win.

1 Introduction

Can a single 2B model, trained on one consumer
GPU, handle five tasks across both Sorbian lan-
guages? The WMT26 Multitask LLMs with Lim-
ited Resources shared task (Okabe et al., 2026)
tested exactly this setting. Each team had to use
one model for all five tasks, restricted to Qwen3.5-
2B (Qwen Team, 2026) or a permitted smaller vari-
ant. The tasks cover Upper Sorbian (hsb), Lower
Sorbian (dsb) and German: machine translation
(MT), multiple-choice question answering (QA),
spell checking (SC), grammar checking (GC), and
mathematical reasoning (MR). Teams submitted
the model’s outputs and could use different decod-
ing methods for each task; all training data had to
be publicly available. The final ranking gives equal
weight to all five tasks through per-task rank points
(Section 2).

Our submission was built under genuinely lim-
ited resources: a single RTX 3090 for everything,
with the final model’s whole training path taking
≈55 GPU-hours. Our system finished joint first

with team LT3, placing first in three of the five
tasks. Our contributions:

• a resource-constrained training recipe that
handles all five tasks: full-parameter fine-
tuning of one 2B model on one 24GB GPU
with public data;

• a task-specific decoding suite on top of the
frozen model, led by QA option-order aver-
aging.

2 Task setup and constraints
Tasks and ranking. Table 1 lists the five tasks,
their official metrics and test sizes. The organiz-
ers scored the outputs submitted by each team; par-
ticipants ran inference themselves with full con-
trol over prompting and post-processing. The final
ranking uses per-task rank points: for each task,
the best primary submission earns the maximum
number of points. Scores within one point of each
other are treated as tied, and teams with equal to-
tals share the final rank.

Evaluation protocol. For model selection, we
used three sources of development data: the un-
touched MT development set, held-out 20% sub-
sets of QA/SC/GC, and the organizer-released 48-
item MR set. The remaining 80% of QA/SC/GC
entered training. The MR set is the Sorbian part
of PluraMath (Dementieva et al., 2026), an exten-
sion of PolyMath (Wang et al., 2025) to 18 further
languages; we used it only for evaluation and used
no other PluraMath or PolyMath data. Over these
local validation sets we averaged the five task met-
rics into the composite

S = 1
5

( chrF++
100 + QA+ SC+ GC+MR

)
.

Results from individual leaderboard submissions
are labeled leaderboard. The leaderboard reports
only per-task scores, so we computed S over those
scores ourselves. The final results table uses the
organizers’ official scores.
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Task Required output Official metric Test size
MT translation inside

<hsb>/<dsb>
tags

chrF++
(Popović, 2017)
over six
directions

26,174

QA option number
(2–16 options)

accuracy 415

SC,
GC

the incorrect
word and its
correction, or
CORRECT in
both fields

mean
exact-match
accuracy for
detection and
correction

SC 4,000
GC 3,726

MR final answer
inside
<answer> tags

exact-string
accuracy (no
symbolic
equivalence)

500

Table 1: The five tasks. The scorer extracts answers
from the required tags; an output without these tags re-
ceives a score of zero. Scores are averaged over hsb and
dsb (MT: the six directions among de/hsb/dsb).

3 Model training
Starting from Qwen3.5-2B, we ran 2,000 steps of
multitask SFT, followed by a final 200-step pass
that added the previously held-out QA/SC/GC and
MT development examples to training. We then set
the final weights to a weighted average of the two
models — 0.9× this checkpoint + 0.1× the origi-
nal Qwen3.5-2B — and applied per-task decoding
(Section 4).

3.1 Training data (all public)
Table 2 lists the six components of the trainingmix;
all source data are public. The external WMT20–
22 parallel corpora (Fraser, 2020; Libovický and
Fraser, 2021; Weller-Di Marco and Fraser, 2022)
were decontaminated against all Sorbian-track MT
test inputs andMT dev sentences before use, check-
ing both sides of every candidate pair.¹ We used no
data from the WMT25 edition of the task (see Sec-
tion 6).

Core supervision came from the official task
data: the full MT training set plus 80% of the
QA/SC/GC development sets, with a hash-based
20% holdout reserved for local validation until we
added it back during the final 200 steps. We sam-
pled the parallel corpora into ∼435k directional
MT examples, with at most 120k examples from
each file.

SC/GC synthesis. The official development
sets provide only 1,250–2,000 examples per task

¹For example, theWMT22 de–hsb training split contained
7,334 exact matches to MT test inputs.

Source How it was used
Official task data (MT train; 80% of
QA/SC/GC dev, 20% held out;
100% of QA/SC/GC dev plus MT
dev in the final 200 steps)

core supervision

WMT20–22 de–hsb / de–dsb /
hsb–dsb (Fraser, 2020; Libovický
and Fraser, 2021; Weller-Di Marco
and Fraser, 2022)
(+304k/+37k/+61k pairs,
decontaminated)

main MT training
pairs

FineWeb-2 hsb/dsb (Penedo et al.,
2025) (12.9M/1.9M words)

additional
monolingual text

Instruction mix, ∼32k rows (Singh
et al., 2024; Longpre et al., 2023;
Zhao et al., 2024; Lambert et al.,
2024; Köpf et al., 2023; Open
Assistant contributors, 2023)

general instruction
data to reduce
forgetting,
following
(Purason and
Fishel, 2025)

Dataset generated from the soblex /
dolnoserbski full-form lexicons
(∼20k rows/task/lang)

synthetic spelling
and grammar
examples

Reasoning chains for German
GSM8K-train questions (Cobbe
et al., 2021; Zelikman et al., 2022)
(2,657 model chains + 785 gold
solutions)

filtered examples
of mathematical
reasoning

Table 2: Training data.

and language, so we generated additional examples
from correct sentences in the official monolingual
corpora. Both tasks build on the full-form lexicons:
dictionaries that list every recorded form of a word,
such as all its case and number forms.

For GC, we replaced one word with a different
form of the same word (for example, with a dif-
ferent case, number, or gender ending). Both the
original word and its replacement had to belong to
exactly one entry in the lexicon. In 70% of cases
we took a word right after a preposition or next to a
word it must agree with, because there the ending
is fixed by the context.

For SC, we changed oneword by one or two char-
acter edits (one edit in 80% of cases): a diacritic
change, or a replaced, swapped, deleted, inserted,
or doubled letter. We kept an edit only if the result
is not a word: it must be absent from the lexicon
and rejected by the hunspell spell checker.

For both tasks, we left about half of the sen-
tences unchanged and labeled them CORRECT,
teaching the model not to invent an error in a cor-
rect sentence.

MR synthesis. We translated GSM8K training
questions (Cobbe et al., 2021) into German with
the original Qwen3.5-2B, because the model han-
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dlesGerman far better than Sorbian and because all
our parallel data pair Germanwith Sorbian. An ear-
lier checkpoint of our own model (from a QLoRA
run, before we switched to full fine-tuning) then
sampled eight reasoning chains per question at tem-
perature 0.7. Following STaR (Zelikman et al.,
2022), we kept at most one chain per question, and
only if its final answer matched the gold answer;
this retained 2,657 chains. For the 785 questions
where no sampled chain reached the gold answer,
we used the original English GSM8K solution as
the target instead, so for these questions the target
is in English while the question stays in German.

3.2 Training regime

We used full-parameter bf16 SFT with packed
1,536-token sequences, an effective batch size of
32, paged 8-bit AdamW, and a cosine learning-
rate schedule with a peak of 7× 10−5. Training
comprised 2,000 main steps and the final 200-step
pass, taking≈55 GPU-hours in total on one 24GB
RTX 3090.

How we evaluated training choices. Because
80% of the QA/SC/GC development examples en-
tered training, their full development scores were
contaminated; we therefore selected models on
held-out local-validation subsets. The merge and
the final 200-step pass were each checked with one
leaderboard submission, which is not enough to
claim a real improvement (Section 6). In total we
used 13 of the 20 allowed submission rounds. Ta-
ble 3 summarizes the five training decisions with
one primary number each.

Full fine-tuning clearly beat our tuned QLoRA
baseline (all-linear rank-64, NF4-quantized base)
with the data mixture, step count and batch
size held fixed, and the gain was confirmed on
held-out validation data — consistent with what
team NRC reported at WMT25 (Larkin et al.,
2025). The base-weight merge (0.1 · base + 0.9 ·
fine-tune) recovered some QA and math ability
(leaderboard QA +2.7 pp, MR +3.2 pp) while
slightly reducing the other tasks (MT−0.2 chrF++,
SC −1.2 pp, GC −0.1 pp), echoing team Tar-
tuNLP’s WMT25 merging observation (Purason
and Fishel, 2025). The released final weights are
at https://huggingface.co/mkhasykov/qwen3.
5-2b-wmt26-sorbian.
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Figure 1: Predicted answer position on the QA test
set. With the original option order (red), predictions
collapse onto early positions; rotation averaging (blue)
moves them toward the dashed line — the distribution
expected if every available answer were equally likely.

4 Per-task decoding

The metric structure guided decoding (Table 4):
MT’s graded chrF++ score favored beam search,
whereas SC, GC, andMR benefited from sampling
votes; SC and GC also benefited from lexical con-
straints.

QA position debias. The model favored an-
swers near the beginning of the option list. With
the original option order, it never selected an an-
swer beyond position 9, even though 92 of the 415
test questions had at least 10 options (Figure 1).
We therefore rotated each option list so that ev-
ery answer appeared once in every position. For
each answer, we averaged its log-softmax score
across these rotations and selected the highest av-
erage. This increased accuracy by 6.9 percentage
points on local validation (n=58) and by 6.5 per-
centage points on the leaderboard. Team JGU
Mainz reported a similar benefit from permutation-
based likelihood averaging atWMT25 (Saadi et al.,
2025).

Lexicon vote filters. For SC and GC, we gener-
ated 16 corrections per sentence and selected the
majority prediction (Wang et al., 2023). Before
voting, we removed any sample whose proposed
correction did not appear in the lexicon. If this re-
moved all 16 samples, we retained the unfiltered
set. We applied this filter to both languages for SC
and only to Lower Sorbian for GC; the incomplete
Upper Sorbian lexicon reduced local-validation ac-
curacy.

MR in two languages. For each MR question
we first let our model translate the question into

https://huggingface.co/mkhasykov/qwen3.5-2b-wmt26-sorbian
https://huggingface.co/mkhasykov/qwen3.5-2b-wmt26-sorbian
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Decision Primary evidence Caveat
Full fine-tuning instead of
QLoRA (Dettmers et al., 2023)

local S +0.111 the comparison also changes quantization and
learning rate

External-data bundle (parallel +
monolingual + instructions +
reasoning pool)

local MT +8.54 chrF++ the four components were not ablated
separately

Lexicon-based SC/GC synthesis local SC +3.0 pp; GC +2.1 pp the data recipe and task balance changed
together

Weight averaging with the base
model

leaderboard S +0.009 one leaderboard submission; w=0.1 was
chosen by a local-validation sweep

Final 200-step pass (adds all
QA/SC/GC and MT
development examples; never
MR dev)

leaderboard S +0.003 one leaderboard submission; cannot separate
extra steps from the added data

Table 3: The five training decisions and the primary evidence behind each. The decisions were made in this order,
each on top of the previous ones; every number compares the model with that decision against the model without
it, all other settings unchanged. “Local” numbers are on local validation; “leaderboard” numbers come from one
leaderboard submission each.

Task Final decoding Evidence
MT beam search, 4 beams local MT +1.5 chrF++

QA argmax after averaging option log-likelihoods over all ro-
tations of the option order

leaderboard QA +6.5 pp

SC majority vote over 16 answers sampled at T=0.7 (each an-
swer: the detected word and its correction), after remov-
ing answers whose correction is not in the lexicon

leaderboard SC +3.0 pp

GC the same vote, with the lexicon filter applied to Lower Sor-
bian sentences only

leaderboard GC +0.4 pp

MR majority vote over 32 samples: 16 from the Sorbian ques-
tion and 16 from its German translation by our model

local MR +14.6 pp

Table 4: Final per-task decoding. Each delta compares the final decoding with greedy decoding of the same model.

German. We then sampled 16 answers at T=0.7
from the Sorbian question and 16 from the Ger-
man translation, and took the majority answer over
all 32 samples. If the translation lost or changed
a number from the question, we discarded it and
sampled all 32 answers from the Sorbian question
instead.

Inference cost. All test outputs were generated
on the same RTX 3090 with Hugging Face trans-
formers in bf16. With greedy decoding, all five test
sets take about 2–3GPU-hours. The final decoding
is several times more expensive: beam search with
4 beams over the 26,174MT inputs, 16 samples for
each of the 7,726 SC/GC sentences, 32 samples for
each of the 500 MR questions (16 for the Sorbian
question and 16 for its German translation), and up
to 16 option rotations per QA question. In total this
took roughly 10–15GPU-hours, dominated byMR
sampling and MT beam search.

5 Results

Table 5 shows the official final results. HeyBusan
led MT, SC and GC, while team LT3 led QA and
MR; the two teams tied at 22 rank points and were
declared joint winners of the Sorbian track. Of-
ficial SC/GC scores are computed differently from
the leaderboard’s display — the official metric av-
erages detection and correction exact match — so
the official and leaderboard numbers are not di-
rectly comparable.

6 Limitations

A single 24GB GPU limited the study: each train-
ing comparison ran once, with no repeated seeds.
The QA/SC/GC local holdouts were small (QA
n=58) and did not always predict leaderboard be-
havior. The merge and the final 200-step pass were
each evaluated with one leaderboard submission,
so their small gains may simply be noise. We used
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Team MT QA SC GC MR Pts
HeyBusan 72.75 55.92 78.03 79.52 29.00 22
LT3 69.57 65.05 76.11 78.32 30.40 22
Hitsz 63.12 57.33 73.13 62.11 18.60 16

HSE 61.50 46.77 63.63 50.02 5.00 9

baseline 21.68 43.39 6.66 1.34 5.40 5

Table 5: Official final results of the Sorbian track
(Okabe et al., 2026). Primary team submissions are
shown with the organizers’ baseline for reference; the
best team score per task is in bold. Teams HeyBusan
and LT3 finished level at 22 rank points and are the joint
winners of the track.

13 of the 20 submission rounds and did not tune
continuous parameters on the test set.

MR remained our weakest task (official accu-
racy 29.00) despite the synthetic reasoning data
and the two-view decoding. We also overlooked
the parallel and monolingual corpora released for
the WMT25 edition of the task (about 190k de–
hsb and 170k de–dsb sentence pairs), although the
rules allowed them; this was an oversight on our
part.

7 Conclusion

With one 2B model, one consumer GPU, and
public data, HeyBusan was a joint winner of the
WMT26 Sorbian track. The successful recipe com-
bined full-parameter fine-tuning, additional public
data, and task-specific decoding, led by QA option-
order averaging.
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