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Abstract

‘We report the results of evaluating Qwen3 for
the English-to-Ukrainian language pair of the
general MT task of WMT 2025.

In addition to the quantitative evaluation, we
performed a qualitative evaluation, in collabo-
ration with a native Ukrainian speaker - there-
fore we present an example-heavy analysis of
the typical failures the LLMs still do when
translating natural language, particularly into
Ukrainian.

We report also on the practicalities of using
LLMs, such as on the difficulties of making
them follow instructions, on ways to exploit the
increased “smartness” of the reasoning models
while simultaneously avoiding the reasoning
part improperly interfering with the chain in
which the LLM is just one element.

1 Introduction

This submission to the general MT task of WMT
2025 from Fraunhofer FOKUS continues our se-
ries of baselines prepared for the WMT biomedical
translation task, as this system was intended for
preparing baselines in case the task had been orga-
nized this year. Those baselines evolved with the
field: starting with training sequence-to-sequence
models on biomedical corpora (Bawden et al.,
2019), continuing with transformers trained by
us on biomedical corpora (Bawden et al., 2020),
starting using generic pretrained models like T5
— not necessarily targeting the biomedical field
(Yeganova et al., 2021; Neves et al., 2022), then
using one of the first widely deployed LLMs, Chat-
GPT 3.5 (Neves et al., 2023) and eventually using
the emerging more capable locally-hosted open-
model LLMs, LLama 3.1 70B (Neves et al., 2024).

Using locally hosted models keeps data away
from cloud providers, leveraging the competitive-
ness of the locally-hosted large LLMs such as the
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Qwen3 (Yang et al., 2025) we used here. This is
particularly important to ensure unfiltered access
to the potential hiding in these models, as online
services may further censor or otherwise limit the
cloud-served models.

2 System Description

2.1 Hardware

The hardware this system ran on is part of the
Fraunhofer FOKUS GPU cluster. It is a server with
8 Nvidia H100 SXM GPUs, each with 80 GB Video
RAM (VRAM), 3 TB RAM, 192 CPU cores (384
threads). The power consumption of this server in
idle mode is about 1800 W. Only 7 of the 8 GPUs
were used to perform the translation task, at an aver-
age of 140 W/GPU, adding approximately 1000 W
to the power consumption during the experiment.

2.2  Software

The GPU cluster is managed with Kubernetes'. To
run the selected LLM, we have used the ollama
system?, ran as a Helm® deployment and limited to
7 of the 8 GPUs.

The translation itself has been controlled with
a Python script that used the ollama Python API
for calling the LLM, once per each paragraph to
translate.

Translating the texts took approximately 12
hours.

23 LLM

The LLM we have employed is Qwen3, as available
in the ollama library under the tag qwen3:235b-
a22b-q4_K_M. It is a mixture of experts model,
with 235.1e9 parameters, context length 262144,
embedding length 4096. It has been used with
temperature 0.6 (randomness level in decoding),

"https://kubernetes.io/
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3https://helm.sh/

147

Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics, pages 147-151
November 8-9, 2025. ©2025 Association for Computational Linguistics



top_k=20, top_p=0.95 and repeat_penalty=1. This
is a quantized model, with Q4_K_M quantization,
leading in average to the use of 4.84 bits for every
parameter of the original not-quantized model.

2.4 Prompt

This is the prompt we used uniformly, regardless
of the context (be it chat, or video captioning or
another source):

“You are a helpful assistant specialized in trans-
lation. You will be provided with a text in English,
and your task is to translate it into Ukrainian.
Keep the formatting as close as possible to the
source. Preserve meaning, tone, emotions, and nu-
ances and target the cultural context of Ukrainian.
For easier selection, mark the translated text with
<translation-begin> and <translation-end>".

3 Results and Analysis

3.1 Quantitative Evaluation

The automated evaluation performed by the orga-
nizers(Kocmi et al., 2025) computed several met-
rics characterizing the performance of our system:
a trained quality estimation (CometKiwi-XL) score
of 0.597 (versus 0.65 for the top system), an LLM
evaluation score with the Commander-A model as
judge of 75.7 (versus 84.1 for the top system), and
of 78.1 with GPT4.1 as judge (versus 85.3 for the
top system). A metric based on the reference trans-
lation (xCOMET-XL) was computed as well; score
0.513 (versus 0.662 for the top system). These
metrics resulted in an AutoRank score of 8.7.

3.2 Qualitative Evaluation

We evaluated, grouped, and classified a randomly
selected subset of errors on the very test set of
the WMT 2025 general MT task, hoping that the
recency of this dataset prevented the LLMs from
being trained on these texts. We attempted to under-
stand how the error came to be, given the statistical
nature of the LLMs.

Types and sources of errors (be warned, Ex-
ample 3 could be shocking to sensitive readers,
who might want to skip reading it; the misspelled
words in the source of translation are reproduced
verbatim):

* The absence of idiomatic analogs in
Ukrainian:
Example 1

EN: Rmember, theres alot of fish in the sea!

148

UKR: Tlam’strait, y Mopi 6arato pubu!

This is a word-for-word translation. Ukraini-
ans do not say it this way. However, in in-
ternet there are a lot of translations like this,
which indicates this might become idiomatic
in Ukrainian as well!

Example 2
EN: wejt out of their way
UKR: Buiimmos 3i cBoro muisixy

This is again an incorrect word-for-word trans-
lation. Correct would be: mnosmmwus cBoi
CIPaBU.

Unexplainable typos:
Example 3

EN: boil on my ass
UKR: npucom Ha cpaxki

Correct: mpuineM Ha Cparii

(questionable) preservation of the English
acronym:

Example 4
EN: WTF
UKR: WTF (not translated)

Play of words leading to the loss of sense:
Example 5

EN: Basically if you didn’t know what
that is,it’s basically an example of two sen-
tences. One says “Lets eat granny” mak-
ing it seem like someone’s gonna eat their
nan.However,the other example says “Lets
eat,granny”’ implying a different meaning to
the sentence. Pretty creative way to teach kids
to use commas ig.

UKR: Tlo cyTi, sikmo Tu He 3uaB(-y1a), 110
e Take, Ie IPOCTO IPUKJIA]] JIBOX PEUYEHb.
Opnne kaxe: «labmo, 6abycst», depes 1o
3JIA€THCsI, HIOM XTOCh 30UpaeThes 3'icTu
cBOIO babycro. A inmmit npukiam: «labpmo,
6abycio», — 10 3MiHIOE 3MicT pedenns. Jo-
CHATDb TBOPYHUI CIIOCIO HABYUTH MiTeil cTa-
BUTHU KOMU, ITPUILYCKAIO.

Mistake: “Ixpmo” is not “Let’s eat” (though
this incorrect guess is still somehow plau-
sible/natural, due to the closeness of the
stems of "to go" and "to eat" in Slavic lan-
guages). The actual meaning of “IpMmo0” is



“let’s go/drive”, but even then “to drive some-
one” does not exist in Ukrainian. Thus, the
sense is completely lost. Correct: “/laBaii-
Te ictu 6abycio” and “/lasaiire ictu, 6aby-
cto”. This word-for-word translation would
perfectly preserve the general meaning of the
original.

Example 6

EN: One word I simply can’t say properly is
water..... It actually hurts my brain trying to
add the T and I sound american if I do or still
say wut-ta, IDK why it’s so hard for me to
say tbh. Just wondering what ppl thought are
when you meet people who drop H’s and have
glottal stops.

UKR: Ojre ciioBo, sike si TPOCTO HE MOXKY
IIPAaBUJILHO BUMOBHUTH — TI€ BOjA... HaBiTh
OlJIbHO y T'OJIOBi, KOJIM HaMararocs J0jia-
T T, i Burnamae, HION ST aMepUKAHEIb,
SIKIIO TaK Po0JIto, abo Bce Ie KaxKy “ByT-
Tta”. He 3Hato, YoMy MeHi Tak BaxkKO IIe
BHUMOBHUTH, IMKUPO KaxKky4u. Llikaso, mo Jo-
U JIyMalOTh, KOJU 3yCTPIYalOTh TUX, Y

[y}

KOI'o BHIIaJa€ T ie I‘OpTaHHi 3YIIMHKH.

The sense is lost as the word “Boga’ (trans-
lated from “water””) does not contain the letter
T at all.

Translating with a blend of Ukrainian and Rus-
sian, including made-up words:

Example 7

EN: innit

UKR: a?

Correct: ra? Or even better: 4u He Tak? pas-
na k7

Example 8

EN: BLOW

UKR: 3IPBETHC{I
Correct: BUBYXHE.

SIPBETBCHA here seems a blend of
Ukrainian and Russian stemming from the
Russian word B3OPBETCSI. In fact, 3IP-
BETBCH exists in Ukrainian but has a com-
pletely different meaning (to fall off).

corrupted words (in the translation)
Example 9
EN: RN

UKR: ITPSIMOCBHOI'O TEIIEP
Correct: ITPSIMO TEIIEP.

The word ITPAMOCBHOT'O doesn’t exist in
Ukrainian, it sounds slightly like ITPAMI-
CIHBKO (infrequent, more stringent variant
of [TPAMO).

Yet another case appears in the translation
from Example 6 above, “6inbHO” does not
exist in Ukrainian, although it is formed in a
plausible way: 6i1b+n0. Correct would be
6oJrstae (painful).

missing slang equivalents
EN: BRUH
UKR: BPVX

This is a transliteration, such a word does not
exist in Ukrainian.

4 Discussion

When selecting Qwen3 235B, we evaluated it
briefly and informally against another truly large
LLM that can be run locally on powerful ma-
chines, DeepSeek-R1 671B (DeepSeek-Al, 2025),
also quantized, with the same type of quantization.
Somewhat surprisingly, the Qwen3 model, which
is nearly three times smaller, seemed to outper-
form the largest DeepSeek-R1 model on English
to Romanian and English to German tasks. In the
introductory blog entry* Qwen3 has been presented
as supporting 119 languages, including Ukrainian
and English, whereas the training of DeepSeek-
R1 focuses on English and Chinese (DeepSeek-Al,
2025). All this made us employ Qwen3 instead
of DeepSeek-R1, as the more efficient Qwen3 was
also faster. In retrospect, this seems to have been
a poor decision, as the organizers report better re-
sults with DeepSeek-R1 for the task of English-to-
Ukrainian translation. We should have contrasted
the performance of those two models on the in-
tended language pair.

Fine-tuning a general LLM to a task like this
language pair translation was an option with the
smaller models, but it became much more difficult
as the models grew towards the limits of the avail-
able hardware resources, especially VRAM. The
hope is not to have to specialize the models, but to
get good results from generalist models instead. As
the system we employed was intended as a baseline,

*https://qwenlm.github.io/blog/qwen3/
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we refrained from attempting to improve upon the
standard pre-trained Qwen3 model, as published
for everyone.

Despite the instructions shown in Section 2.4,
the LLM we employed did not always preserve the
newline structure of the source, where double new-
lines served as paragraph delimiter. Therefore, and
to make the task easier for the LLM, although with
the risk of providing too little context for the trans-
lation, we split explicitly in the Python script the
text into paragraphs, translated each paragraph and
recomposed the resulting text by joining the trans-
lations with the expected delimiter. Even with this
procedure, 50 out of 1251 texts had to be retrans-
lated, because the LLM introduced spurious double
newlines inside the translation of single paragraphs,
disrupting the correspondence of the input and the
output paragraphs.

Qwen3 is a so-called “reasoning” model, mean-
ing that before outputting the desired translation it
produces “reasoning” text describing its approach
and its doubts about the task. This part is delimited
by the tags <think> and </think>. We deleted
this part of the output by removing everything up
to and including the closing </think> tag.

The LLM inconsistently used the required tags
to mark the translation and separate it from various
other comments it produced in addition to it. It
produced randomly such alternative closing tags
for the translation section: </end-translation> and
</begin-translation>. Our Python script was de-
signed to detect and accept also these alternative
closing tags.

In the end, two of the outputs still contained
traces indicating that something went wrong with
the automatic extraction of the translated text, that
is they still contained the <think> tag. We decided
not to fix those, in order to get a realistic evaluation
of what to expect when using a “reasoning” LLM
for translation.

We expect the need for explicit well-controlled
postprocessing — as described here — to remain, as
none of the models we interacted with have com-
plete adherence to the instructions.

Concerning the errors those models still produce
in machine translation, it might be that successfully
finetuning on a well-curated parallel corpora might
eliminate some of them, but probably not all.

5 Conclusion

We have evaluated the use of one of the largest

local LLMs for automatic translation of English to

Ukrainian. Beyond the automated quantitative anal-
ysis performed by the task organizers, we have per-
formed a qualitative analysis of several translation

errors observed, and explained also the engineering

issues one has to deal with when relying on LLMs

for machine translation, such as the incomplete ad-
herence to instructions and the subsequent need for
postprocessing, especially when using a “reasoning”
LLM. We conclude that, although neural machine

translation of occasionally challenging texts in nat-
ural language has advanced significantly, the LLMs,
as the other neural models before them, continue to

be characterized by two aspects: smooth and pol-
ished output, convincing thanks to the good form,
paired with instances where meaning is sometimes

missed — or even reversed. Still, when a human

with knowledge of the target and of the source lan-
guages is proofreading the outcome, the translation

process can be significantly accelerated using such

a local LLM.
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