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Abstract

This paper presents RWS’ submission to
the WMT26 terminology task: Translation-
Queries-Memory (TQM), a prompt-based ter-
minology and segment injection strategy for
terminology translation across domains. We
evaluate TQM on Basque to Spanish, English
to Polish, and Traditional Chinese to English
for WMT 2026 Terminology Shared Task 1 & 2.
We demonstrate that injecting bilingual termi-
nology and bi-text examples into recent Large
Language Models’ (LLM) prompts improves
both overall translation quality and terminol-
ogy accuracy. Our results show that strong
instruction-following ability allows a system
to adapt to terminology and style constraints
without the need for fine-tuning.

1 Introduction

LLMs have become strong general-purpose transla-
tion systems, matching or outperforming previous
encoder-decoder models on several language pairs
(Garcia et al., 2023; Vilar et al., 2023). However,
fluency alone is often insufficient for professional
industry translation workflows, where accurate do-
main terminology is key to determine whether a
translation is fit for purpose. Ensuring adherence
to a set of approved term translations is therefore a
long-standing concern in machine translation (MT),
as evidenced by the WMT26 Terminology Transla-
tion task (Charkiewicz et al., 2026).

An up-to-date method to drive LLM translation
is in-context learning. Instead of modifying the
decoder, fine-tuning, or retraining the model, rel-
evant translation information is injected into the
prompt. This idea has been explored in two di-
rections in recent times. On the one hand, termi-
nology injection provides the model with source-
target term pairs expected to be used at inference
time. Moslem et al. (2023b) proved that the addi-
tion of approved terms to the prompt substantially

increases the proportion of terms that appear cor-
rectly in the output. The benefit of terminology
injection is not merely anecdotal. In WMT25’s
sentence/paragraph-level terminology translation
task (Semenov et al., 2025), the first ranked system
was simply OpenAI’s o3 with terminology con-
straints injected into the prompt. Similarly, in the
document-level terminology translation task, the
winning system Erlendur (Ingólfsdóttir et al., 2025)
incorporated glossary information as part of the
prompt.

In addition, injecting translation examples condi-
tions LLMs on retrieved translation-memory (TM)
matches, exploiting the in-context learning ability
of LLMs (Moslem et al., 2023a): fuzzy matches
used as few-shot examples improve translation
quality over both zero-shot translation and ran-
domly sampled examples, extending the earlier
idea of integrating fuzzy matches into neural MT
(Bulte and Tezcan, 2019; Cai et al., 2021); the
same principle has since been carried into the fine-
tuning stage, where retrieval-augmented few-shot
examples are combined with instruction tuning for
domain-specific MT (Zheng et al., 2024). The ad-
vantages of this approach were also demonstrated
in the WMT25 terminology translation task. The
submission TiUTerm-V1 used XGLM-7.5B with 12
most similar in-context examples retrieved from
the dev set (Semenov et al., 2025), and the system
ranked fourth according to the CHRF score.

Despite these findings, terminology injection
and TM example injection are typically studied in
isolation and largely on high-resource and English-
centric language pairs, where LLMs have been
shown to perform strongly. It remains unclear how
well these approaches transfer to lower-resource
settings, where both term adherence and overall
quality are harder to achieve.

We compare different LLMs and submit the opti-
mal approach to WMT26 Terminology Translation
Task for Spanish into Basque (es-eu), English into
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Polish, and Traditional Chinese into English (zh-
Hant-en) language pairs.

2 System description

TQM is our retrieval-augmented, LLM-based trans-
lation system designed to adapt to a particular style
and terminology without sacrificing overall trans-
lation quality. TQM applies in-context learning:
for each source segment, relevant information is re-
trieved and placed in the prompt before translation.

2.1 Terminology injection

We detect source terms with an in-house constraint-
generation component. Given a source document
and one or more bilingual dictionaries, it produces
a set of terminology constraints for each trans-
latable segment. At load time, each dictionary
source term is tokenized and expanded into its in-
flected surface forms, so that the morphological
variants of a term can also be matched. Detec-
tion then proceeds by greedy longest-match-first
n-gram matching over the tokens of each source
segment: the longest dictionary entry that fits a
span is preferred, ensuring that multi-word terms
take precedence over their constituent words, and
overlapping candidates are resolved by a priority
score. Each match yields the source span together
with its prescribed target translation. These de-
tected source-target term pairs are subsequently
injected into the prompt.

2.2 Sample sentence injection

When translation memories (TM) are available, we
condition the model on retrieved parallel translation
examples extracted from them. This differs from
terminology injection: while term pairs guide lexi-
cal choices, full segment pairs serve as in-context
examples of a given domain which can inform the
vocabulary, style, grammar, register and patterns of
the output. The user can therefore benefit from the
in-context learning ability of LLMs.

For each source sentence in a text fragment to
translate, we retrieve the k most similar source
sentences from the TM by dense embedding
similarity. Each source sentence in the TM
is encoded into a multilingual vector using
paraphrase-multilingual-MiniLM-L12-v2
from sentence transformers (Reimers and
Gurevych, 2019, 2020), a multilingual sentence
encoder that maps semantically similar sentences
close together in a shared embedding space across

languages. We embed the TM source side offline,
and store the resulting vectors in a vector index
to allow efficient search. At inference time, we
encode the source sentence to translate with the
same model and compute its cosine similarity
against the TM vectors. The k TM entries with the
highest scores are retrieved, and the corresponding
translation pairs are injected into the prompt as
few-shot examples.

2.3 Model selection

For the task, we analyze the behavior of three
LLMs across all settings.

LW Research Pro. RWS’ private research
model finetuned for translation.

TranslateGemma-27B. Google’s Gemma3 fine-
tuned for translation (Finkelstein et al., 2026), in a
GGML 4-bit quantized version.

Qwen35-35B. Alibaba’s open-source Qwen3.5-
35B-A3B Instruct model (Qwen Team, 2026), in a
GGML 8-bit quantized version.

3 WMT submissions

We used TQM for both Document-Level Transla-
tion with Dictionaries (Track 1) and Document-
Level Translation with Sample Sentences (Track
2)

3.1 Track 1: Document-Level Translation
with Dictionaries

Track 1 involves document translation in Spanish-
Basque (es-eu) for the energy and automation do-
mains, and English-Polish (en-pl) for the medical
and mechanical engineering domains. For each do-
main, a glossary is available to correctly translate
terms when present in input documents. The solu-
tion needs to detect relevant terms in source seg-
ments and produce high-quality translations that
use the correct term translation. To fully evalu-
ate these abilities, three glossary modes are tested:
noterm (no glossary provided), random (random,
irrelevant terms provided), and proper (relevant,
domain-specific terms provided).

3.1.1 Data pre-processing
Input documents differ between language pairs. In
the es-eu data, each document is a concatenation of
short paragraphs, sentences, and/or titles, whereas
in the en-pl data, documents consist of concate-
nated long paragraphs. We segment the documents
into the above units for each language, respectively.
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medical (en→pl) mech.-eng. (en→pl) energy (es→eu) automotion (es→eu)
System TA MetX CK TA MetX CK TA MetX CK TA MetX CK
Proper mode
LW Research Pro 0.697 6.43 0.521 0.828 8.81 0.433 0.778 7.11 0.610 0.802 7.69 0.567
TranslateGemma-27B 0.661 7.27 0.518 0.831 9.77 0.427 0.812 6.09 0.641 0.871 6.70 0.607
Qwen35-35B 0.665 6.91 0.512 0.809 9.70 0.419 0.752 6.20 0.643 0.808 6.73 0.610
Random mode
LW Research Pro 0.734 6.88 0.517 0.729 9.17 0.438 0.710 7.80 0.572 0.616 8.31 0.546
TranslateGemma-27B 0.728 8.27 0.471 0.718 10.13 0.434 0.749 6.46 0.627 0.643 7.43 0.586
Qwen35-35B 0.700 7.32 0.508 0.702 9.66 0.423 0.726 6.68 0.623 0.623 7.49 0.585
Noterm mode
LW Research Pro – 6.06 0.540 – 8.42 0.448 – 7.35 0.604 – 8.00 0.560
TranslateGemma-27B – 7.13 0.525 – 9.23 0.462 – 6.16 0.640 – 6.91 0.601
Qwen35-35B – 6.85 0.518 – 9.35 0.444 – 6.40 0.648 – 6.92 0.605

Table 1: Per-domain, per-language-pair comparison of systems in proper, random, and noterm modes. Best value
per column within each mode in bold; term accuracy is undefined in no-terminology mode (–). TA = term accuracy
(↑), MetX = MetricX-24-XL-QE (↓), CK = WMT23-CometKiwi-DA-XL (↑).

3.1.2 Results
In the absence of reference data, we estimate
translation quality using reference-less metrics:
MetricX-24-XL-QE (Juraska et al., 2024) and
WMT23-CometKiwi-DA-XL (Rei et al., 2023).
We also estimate term accuracy using an in-house
implementation of a term-accuracy metric inspired
on WMT25’s terminology translation metric.1

Table 1 shows the performance of all sys-
tems across all modes. In term injection modes,
TranslateGemma-27B leads the ranking in term
accuracy in both es-eu domains. This aligns well
with the language coverage in the training data. In-
deed, the amount of Basque data in LW Research
Pro training is scarce compared to a system like
TranslateGemma-27B.

This is no longer the case for en-pl, LW Re-
search Pro outperforms the other systems in 3 out
of 4 cases according to term accuracy and is state-
of-the-art in translation quality according to the
reference-less metrics. Therefore, we submit trans-
lations with the winning system for each language
pair: TranslateGemma-27B in es-eu and LW Re-
search Pro in en-pl.

We note a clear degradation in translation quality
for the random mode for all systems and language
pairs. We hypothesize that injecting huge amounts
of irrelevant terminology could be damaging trans-
lation quality.

3.2 Track 2: Document-Level Translation
with Sample Sentences

Track 2 involves document translation in es-eu
for the machine-tool and railways domains, en-

1https://github.com/wmt-conference/
wmt25-terminology

pl for the mechanical-engineering and medical
domains, and Chinese-English (zh-Hant-en) for
finance-domain data. For each domain, a sample
bi-text file with in-domain translation examples is
available, from which the system has to learn the
terminology and translation style.

3.2.1 Data pre-processing
The data is also heterogeneous across languages.
In the source documents, we observe the same dis-
crepancies between es-eu and en-pl as in Track 1
and apply the same segmentation. Additionally, the
zh-Hant-en document does not contain any clear
paragraph separator; therefore, at inference time,
we split the zh-Hant-en source documents into sen-
tences to simplify the task.

In the sample bi-text files, translation pairs are
sentence-level for es-eu and en-pl, but document-
level for zh-en. We therefore pre-process the zh-en
sample file to convert it into aligned parallel sen-
tences: we divide the source and target documents
into sentences, then ensure alignment by embed-
ding the source and target sides with LaBSE (Feng
et al., 2022) and maximizing the corresponding co-
sine similarity. The resulting sample segments can
then be retrieved and injected into the prompts as
described in Section 2.2. Figure 3 shows the simi-
larity distribution for Track 2 between the source
segments and the retrieved sample segments.

3.2.2 Results
Figure 1 shows translation quality for all systems
and k values. Since translation-memory sample
injection has a strong language-pair and system-
dependent effect on quality, we select the optimal
configuration separately for each language pair sub-
mission according to MetricX-24-XL-QE scores.
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Figure 1: Effect of translation-memory sample injection on MetricX-24-XL QE (↓). Increasing the number of
injected examples k does not uniformly improve quality: gains appear for zh-en and es-eu but en-pl degrades with
larger k, indicating a strong language-pair and model dependence.

As measured by MetricX-24-XL-QE, generally,
we observe similar behavior and translation quality
across systems and language pairs.

• es-eu Quality improves monotonically with k
for all 3 systems. As in Track 1, LW Research
Pro lags behind the open-source systems given
the low amount of Basque data it was trained
on. Qwen35-35B reaches the best scores for
all values of k. We therefore select Qwen35-
35B with k=10.

• zh-Hant-en Translation quality is almost iden-
tical across systems for each value of k, and
the quality curve is almost flat. However, as
shown in Figure 3, identical or near-identical
segments were included in the prompt, and the
presented technique increases translation qual-
ity on exact matches, as discussed in Figure 2.
This suggests that our metric may not fully
capture the domain-specific requirements of
this file. As a trade-off, we submit Qwen35-
35B with k=3 to ensure the LLM is exten-
sively exposed to Chinese data and to suffi-
cient translation style and terminology.

• en-pl Behavior differs drastically from the
other pairs: adding more than 3 examples
can harm MetricX-24-XL-QE scores, with the
sole exception of LW Research Pro. We at-
tribute this general degradation to input length.
As described in Section 3.1.1, translation units
correspond to paragraphs, but the k exam-
ples are injected per sentence, resulting in
extremely long prompts for long paragraphs.
Open-source LLMs are less able to adequately
handle this long context to adapt style and ter-
minology at the paragraph level. The best
configuration in terms of translation quality

Figure 2: ChrF scores by model at k=0 vs. k=1 for
segments with source–sample similarity > 0.99 (sample
used as reference). Suggesting that the method is able
to inject correctly the translation information from the
bitext samples.

is achieved with LW Research Pro at k = 3.
However, we could not submit that last re-
sult on time for the competition. As a con-
sequence, we submit a suboptimal solution,
i.e. TranslateGemma-27B with k=3.

4 Conclusion

We investigated terminology quality in MT by
submitting two methods of in-context prompt in-
jection: for Track 1, approved terminology to
force term translation, and for Track 2, retrieved
translation examples to improve overall quality.
We evaluated this approach in different domains
and language pairs. For Track 1, we submit
TranslateGemma-27B in es-eu and LW Research
Pro in en-pl with term injection; for Track 2, we
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submit TranslateGemma-27B with k = 3 in en-pl
and Qwen35-35B with k = 10 and k = 3 for es-eu
and zh-Hant-en respectively. We show that this
technique, applied to different types of LLMs, can
lead to high quality results.

Limitations

Our RAG-based solution has several limitations.
First, it depends heavily on the LLM’s language
pair coverage, its accuracy on instruction-following
tasks, and prompt format used. Secondly, this abil-
ity might not generalize to some domains or lan-
guage pairs. Additionally, the search for the opti-
mal k was implemented at the document level but
could be better adjusted at the segment level based
on similarity thresholds. Another avenue for im-
provement is the exploration of more recent embed-
ding models and alternative similarity metrics. Fi-
nally, in the absence of reference or human-labeled
data, our evaluation and configuration selection re-
lied on reference-less metrics, which may not fully
reflect in-domain style and terminology precision.
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A Prompts

The prompts used for terminology injection (Track
1) and sample sentence injection (Track 2) are
shown below.

A.1 Track 1: Terminology Injection Prompt

You are a professional {source_lang} to
{target_lang} translator. Your goal is to
accurately convey the meaning and nuances of
the original {source_lang} text while
adhering to {target_lang} grammar,
vocabulary, and cultural sensitivities.
Produce only the {target_lang} translation,
without any additional explanations or
commentary. Please translate the following
{source_lang} text into {target_lang} where
'{source_term_1}' translates into
'{target_term_1}',
'{source_term_2}' translates into
'{target_term_2}',
...,
'{source_term_n}' translates into
'{target_term_n}':

{source_segment}

A.2 Track 2: Sample Sentence Injection
Prompt

You are a professional {source_lang} to
{target_lang} translator. Your goal is to
accurately convey the meaning and nuances of
the original {source_lang} text while
adhering to {target_lang} grammar,
vocabulary, and cultural sensitivities.
Produce only the {target_lang} translation,
without any additional explanations or
commentary. Please translate the following
{source_lang} text into {target_lang} where
'{source_match_1}' translates into
'{target_match_1}',
'{source_match_2}' translates into
'{target_match_2}',
...,
'{source_match_k}' translates into
'{target_match_k}':

{source_segment}

6

https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://aclanthology.org/2025.wmt-1.30/
https://aclanthology.org/2025.wmt-1.30/
https://aclanthology.org/2025.wmt-1.30/
https://arxiv.org/abs/2211.09102
https://arxiv.org/abs/2211.09102
https://arxiv.org/abs/2211.09102


1785

B Cosine similarity distribution in Track
2

Figure 3: Cosine similarity distribution across language
pairs between source segment and most similar source
sample.
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