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Abstract

In-context learning is a method for improv-
ing machine translation in Large Language
Models, but its performance is sensitive to
the quality of the few-shot example selec-
tion. Current retrieval strategies use se-
mantic similarity by computing sentence
embeddings, and these methods often re-
quire significant computational overhead
and specialised expertise. We evaluate the
impact of retrieval strategies on translation
performance in a specialised domain, com-
paring traditional, token-based fuzzy match-
ing against semantic sentence embeddings.
We use a medical corpus from the European
Medicines Agency (EMEA) for the English-
Romanian and English-German language
pairs, and we evaluate translation quality
with automatic metrics and manual eval-
uation. Our results show that 1-shot and
5-shot prompting significantly outperforms
the 0-shot baselines for quality in automatic
evaluations for both language pairs, and
in manual evaluation for English-German.
For the English-Romanian pair, the aver-
age scores of the manual evaluation for
both quality and ranking follow the same
trend, but statistical significance is not con-
sistently reached for all few-shot prompt-
ing configurations. In general, token-based
fuzzy matching overwhelmingly has higher
automatic quality scores than embedding-
based retrieval.
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1 Introduction

In-context learning (ICL) serves as a robust method
for enhancing the performance of Large Language
Models (LLMs) for machine translation (MT), par-
ticularly in few-shot scenarios (Moslem et al., 2023;
Bawden and Yvon, 2023). However, the perfor-
mance of few-shot prompting depends on the se-
lection of high-quality examples. Current retrieval
strategies rely on computing the semantic similar-
ity between sentence representations (Zebaze et al.,
2025). Furthermore, these embedding-based ap-
proaches introduce challenges for translation prac-
titioners, such as the required computational re-
sources, sufficiently large local translation memo-
ries, and specialised expertise.

This study compares the integration of token-
based fuzzy matching against selecting the closest
semantic sentence embedding(s) for 1-shot and 5-
shot examples selection. Both types of matching -
token-based fuzzy matching (FM) and embedding-
based matching (EM) - are done by comparing the
string of tokens (or the embedding, respectively)
of an English segment (English is the source lan-
guage in our study) to all other English strings (or
their corresponding embeddings, which we derive)
which have a Romanian or a German translation in
the European Medicines Agency (EMEA) transla-
tion memory (ELG, 2020). Thus we address the
following research question: How do different re-
trieval strategies for few-shot examples impact the
quality of LLM MT output in a specialised domain?
Our domain is the medical domain, our source lan-
guage is English, and our two target languages are
Romanian and German. We evaluate the translation
quality of both retrieval strategies using a combi-
nation of automatic metrics and human preference
rankings and quality assessment of the resulting



MT outputs.

The 1-shot and 5-shot prompting significantly
outperforms the 0-shot baseline LLMs according
to BLEU and COMET scores in both language
pairs. This also applies to English-German human
evaluation, where 5-shot EM prompting generates
the highest-scoring output. For English-Romanian,
only the 5-shot FM prompting performs signifi-
cantly better than O-shot.

2 Background and Related Work

To produce MT outputs, an LLM is provided with a
prompt specifying the task to be completed (i.e.,
translate), the source and target language(s) re-
quested, followed by the source segment to be trans-
lated. ICL enables LLMs to perform specialised
translation tasks without the need for fine-tuning
(Brown et al., 2020). A prompt with a series of
source-target examples retrieved from a translation
memory referred to as few-shot demonstrations/ex-
amples influences the model generation for patterns
and stylistic nuances relevant for MT (Bawden and
Yvon, 2023; Moslem et al., 2023). Recent stud-
ies have shown that retrieval-based selection for
translation examples based on semantic or syntac-
tic similarity leads to better translation performance
(Vilar et al., 2023; Zebaze et al., 2025). In contrast,
0-shot prompting involves translating without any
translation examples in the prompt.

Dense Retrieval leverages sentence embeddings
from models such as LASER (Artetxe and
Schwenk, 2019) to map source segments and a
selection pool (e.g., a translation memory) into a
shared vector space. This allows for the retrieval
of examples that are semantically similar to the
source input (Vilar et al., 2023; Zebaze et al., 2025).
Another model, SONAR (Duquenne et al., 2023),
introduces a fixed-size sentence embedding repre-
sentation designed for both multilingual and multi-
modal applications (e.g., MT and speech recogni-
tion). With a single text encoder, SONAR supports
200 languages, and outperforms LASER (Artetxe
and Schwenk, 2019) and LabSE (Feng et al., 2022)
in multilingual similarity search benchmarks.

Fuzzy-match Retrieval uses information re-
trieval metrics (e.g., BM25, fuzzy-match) to find
lexical overlaps from examples from the selection
pool with the source segment (Xu et al., 2020; Ze-
baze et al., 2025). For example, the SYSTRAN
fuzzy-match library filters candidates via suffix ar-

rays and ranks them using edit distance. This to-
kenization approach introduces a bias toward lan-
guages with low morphological complexity. On the
other hand, languages with extensive morphology
retrieve fewer matches because their word forms
are more diverse (Nieminen et al., 2025).

Xu et al. (2020) present data augmentation tech-
niques for Neural Machine Translation (NMT) that
leverage similar translation pairs, which resem-
bles how human translators use fuzzy matches.
Moreover, they extend this framework to include
semantically related translations retrieved based
on sentence embeddings. Fuzzy matches provide
the NMT model with explicit lexical information,
whereas embedding-based similarities extend the
translation context.

Bawden and Yvon (2023) show that LLMs fre-
quently underperform compared to NMT in low-
resource and highly specialised contexts, such as
the medical domain. Moreover, few-shot prompt-
ing addresses over-generation in LL.Ms compared
to 0-shot prompting. Moslem et al. (2023) use ICL
to refine the generated translation based on pro-
vided examples. In particular, ICL improves MT
performance in the medical domain (i.e., COVID).
Vilar et al. (2023) show that the quality and se-
lection of examples (e.g., using k-Nearest Neigh-
bours to find similar sentences) are more impor-
tant than the quantity of examples. Nieminen et
al. (2025) introduce an embedding-based variant of
Retrieval-Augmented Translation (RAT) for NMT.
Neural Fuzzy Repair (NFR) enhances the input by
appending the target side of similar source exam-
ples retrieved from a translation memory. Zebaze
et al. (2025) perform a systematic study evaluat-
ing various LLMs and retrieval strategies for ICL.
In contrast to previous work, their results show
that sentence embedding similarity significantly
improves MT performance, particularly for low-
resource languages. Furthermore, they analyse the
trade-off between the diversity of the selection pool
and the quality of the retrieved examples.

We follow an experimental design similar to (Xu
et al., 2020; Zebaze et al., 2025). However, our
approach focuses on a specialised domain, fuzzy-
match retrieval instead of BM25, and SONAR for
dense retrieval. Moreover, we also perform a man-
ual evaluation based on quality (accuracy and flu-
ency) and perceived editing effort scoring, as well
as ranking of the generated MT outputs.



3 Experimental Setup

3.1 Data

The EMEA corpus consists of automatically-
aligned PDF documents from the European
Medicines Agency (ELG, 2020). We use
the English-Romanian (783,742 segments) and
English-German (760,574 segments) sections from
the EMEA parallel corpus. We use the complete
EMEA corpus as a candidate pool for extracting
few-shot examples, thus creating a test set with
the first 2,000 segments that have at least 5 fuzzy
matches. We use the corresponding Romanian and
German target segments of these 2,000 segments as
the reference translations in the subsequent evalua-
tion with both automatic metrics and manual analy-
sis.

We perform heuristic filtering! for each language
pair to eliminate noise. Specifically, the tool dis-
carded duplicates, source copied segments, sen-
tences exceeding a 200-word limit, pairs with a
length ratio greater than 2:1, and HTML tags.

3.2 Models

We use the HuggingFace transformers framework
for the LLMs (Wolf et al., 2020). We selected
open-source LLMs with fewer than 20B parameters
to allow future accessibility for translators with
limited computational resources. Our LLMs are as
follows:

Tower+ closes the gap between translation perfor-
mance and general multilingual reasoning by intro-
ducing enhanced training methods (Rei et al., 2025).
The method integrates supervised fine-tuning (SFT),
and preference optimisation for translation tasks.
Baseline: Tower-Plus-9B2,

EuroLLM introduces open-source LLMs for
comprehensive text generation and multilingual
coverage (Martins et al., 2025). The collection cov-
ers all 24 official European Union languages, along-
side 11 additional languages (e.g., Chinese, Hindi,
and Korean). Baseline: EuroLLM-9B-Instruct?.

Qwen3 is a series of LLMs designed for model
scale and inference efficiency (Yang et al., 2025).
Qwen3 improves over previous Qwen models

"https://github.com/ymoslem/
MT-Preparation
2Unbabel/Tower-Plus-9B
3utter-project/EuroLLM-9B-Instruct

on both multilingual task performance and task-
specific performance (e.g., translation, and ques-
tion answering). Qwen uses a thinking mode to
produce detailed explanations for reasoning tasks
(e.g., math, code). We use the non-thinking mode of
Qwen3 to avoid overgeneration. Baseline: Qwen3-
8B*.

Mistral is a series of parameter-efficient
and dense LLMs for deployment in compute-
constrained environments. Beyond base LLMs, the
series includes instruction-tuned variants and spe-
cialised reasoning models for complex tasks (Liu et
al., 2026). Baseline: Ministral-8B-Instruct-2410°.

We use the default generation configuration for
the LLMs: temperature 1.0, top-p 0.9, top-k 0, and
maximum number of generated tokens after the
prompt 2048.

3.3 Few-shot Prompting

We use the complete EMEA corpus as a selection
pool for both retrieval strategies.

Fuzzy-match We use the fuzzy-match® library to
index and query the candidate pool. For each source
segment in the test set, we retrieve the highest-
scoring fuzzy matches from the candidate pool. Our
configuration uses a threshold of 0.7, and retrieves
a maximum of five examples per segment.

Embedding Match We use SONAR sentence em-
beddings to generate our text representations. For
each source segment in the test set, we compute
the cosine similarity against the candidate pool and
retrieve the five highest-ranking examples.

The prompt template for the few-shot configura-
tion is defined as follows:

Translate the {src} source text to {tgt}.

Rules:

Output strictly the {tgt} translation.

Do NOT repeat the {src} text.

Do NOT include labels like ”{src}:” or *{tgt}:".

Do NOT add quotation marks, explanations, or any extra
text.

Examples:

{src}: {example-segment}

{tgt}: {example-segment}

{src}: {example-segment}
{tgt}: {example-segment}
Now translate the following:
{src}: {src-segment}

{tgt}:

‘owen/Qwen3-8B
‘mistralai/Ministral-8B-Instruct—-2410
®https://github.com/SYSTRAN/fuzzy-match



0-shot 1-shot FM 1-shot EM 5-shot FM 5-shot EM

BLEU?

Tower+ 45.39 69.29 68.94 71.22 71.82
EuroLLM  40.50 65.66* 64.55 66.70* 59.82
Qwen3 29.27 63.22* 61.75 67.57 67.16
Mistral 24.19 66.33* 64.51 69.33 69.12
COMET?T

Tower+ 0.906 0.927 0.929 0.932 0.933
EuroLLM 0.901 0.923 0.923 0.928 0.922
Qwen3 0.863 0.922 0.922 0.931* 0.930
Mistral 0.804 0.916* 0.910 0.927 0.927

Table 1: Automated evaluation scores for English-Romanian with Fuzzy Match (FM) and Embedding Match (EM). Asterisks (*)
denote statistical significance (p < 0.05) for comparisons between the FM and EM prompts.

0-shot 1-shot FM 1-shot EM 5-shot FM 5-shot EM

BLEU?

Tower+ 42.32 72.70 72.11 78.32* 77.04
EuroLLM 44.93 74.64* 73.41 75.66* 74.21
Qwen3 35.63 73.12* 71.15 78.92* 78.01
Mistral 34.52 72.67* 70.77 77.40 76.79
COMET?T

Tower+ 0.867 0.903 0.904 0914 0912
EuroLLM  0.866 0.902 0.901 0.906* 0.897
Qwen3 0.840 0.901 0.901 0912 0911
Mistral 0.830 0.895 0.894 0.908 0.907

Table 2: Automated evaluation scores for English-German with Fuzzy Match (FM) and Embedding Match (EM). Asterisks (*)
denote statistical significance (p < 0.05) for comparisons between the FM and EM prompts.

In this the few-shot template, the src is the source
language (English), tgt is the target language (Ro-
manian or German), example-segment is the source
or target retrieved examples, and src-segment is the
source test segment. The 0-shot template is similar
to the few-shot, except that there is no examples
section. We use 1-shot and 5-shot prompting con-
figurations for both retrieval methods.

To replicate our experiments, we release our
scripts for few-shot LLM prompting, and a Docker
container with the fuzzy-match library installed on
GitHub’.

4 Automatic Metrics Evaluation

We use BLEU (Papineni et al., 2002; Post, 2018),
and COMET (Rei et al., 2020) for automatic evalu-
ation. For evaluation, we establish a O-shot baseline

"https://github.com/HAITrans-lab/
fuzzy-match_MT_LLM

and compare it against 1-shot and 5-shot prompting
configurations. We define fuzzy match retrieval as
(FM), and embedding match retrieval as (EM) for
each prompting configuration.

Table 1 shows the results for English-Romanian.
The asterisks denote statistical significance (p <
0.05) between the FM and EM 1-shot and 5-
shot prompting for both automatic metrics based
on bootstrap resampling (Post, 2018). Tower+
achieves the highest performance in the 0-shot set-
ting according to BLEU scores. For the 1-shot set-
ting, EuroLLM, Qwen3, and Mistral demonstrate
statistically significant improvements in BLEU
with the FM setting, while Tower+ still obtains the
highest BLEU score. Interestingly, BLEU scores
for 5-shot are better than for 1-shot, which in turn
are better than for 0-shot for Tower+, Qwen3, and
Mistral, but EuroLLLM shows a significant decrease
in BLEU with the 5-shot EM setting. Regarding
the COMET metric, Tower+ continues to obtain the



highest scores, but only Qwen3 and Mistral show
significant improvements with the FM prompting.

Table 2 shows the results for English-German.
EuroLLM achieves the highest performance in the
0-shot and 1-shot settings measured by BLEU,
while Qwen3 outperforms with the 5-shot setting.
Consistent with the English-Romanian results, the
1-shot FM produces significant BLEU score im-
provements for EuroLLM, Qwen3, and Mistral.
For the 5-shot FM, Tower+, EuroLLM, and Qwen3
show significant gains in BLEU. Finally, accord-
ing to the COMET scores, Tower+ narrowly out-
performs with all categories, and only EuroLLM
shows a significant improvement within the 5-shot
FM setting.

4.1 Few-shot Examples and MT Output
Analysis

We use the Levenshtein distance to compare the
English-Romanian, as well as the English-German,
examples (i.e. pairs of source and target segments)
retrieved with FM and EM to ensure that the re-
trieved examples are different. The Levenshtein
distance quantifies the difference between two se-
quences by computing the minimum cost of trans-
forming one into the other based on characters (a
lower score denotes similar sequences ).

For English-Romanian, the identical 1-shot ex-
amples between FM and EM (0 Levenshtein dis-
tance) represent 24.15%, while the identical 5-shot
examples between FM and EM (0 Levenshtein dis-
tance) represent 0.85%. For English-German, the
identical 1-shot examples between FM and EM
(0 Levenshtein distance) represent 26.35%. The
identical 5-shot examples between FM and EM (0
Levenshtein distance) represent 0.75%.

Table 3 shows the average Levenshtein distance
across 1-shot and 5-shot examples for English-
Romanian. For the 1-shot, the examples retrieved
for the EM and FM configurations show a high
character-level overlap (29.85). In contrast, the 5-
shot examples show a lower character-level overlap
(190.743) across them.

1-shot FM | 1-shot EM | 5-shot FM | 5-shot EM
1-shot FM - 28.979 737.223 731.889
1-shot EM - 742.268 729.221
5-shot FM - 190.743
5-shot EM -

Table 3: Average Levenshtein distance] across 1-shot and
5-shot examples for English-Romanian.

Table 4 shows the average Levenshtein distance

across 1-shot and 5-shot examples for English-
German. The 1-shot examples have a high
character-level overlap, whereas the 5-shot intro-
duces variability, resulting in a lower overlap be-
tween the retrieved examples.

We also use the Levenshtein distance to compare
the MT outputs (monolingual target language seg-
ments) for Tower+ for both Romanian and German.
For English-Romanian, the amount of identical (0
Levenshtein distance) MT outputs obtained with
0-shot, 1-shot, and 5-shot prompting is 4.7%. For
English-German, the amount of identical (0 Leven-
shtein distance) MT outputs is 8.95%.

1-shot FM | 1-shot EM | 5-shot FM | 5-shot EM
1-shot FM - 29.85 760.038 755.193
1-shot EM - 765.352 752.955
5-shot FM - 197.658
5-shot EM -

Table 4: Average Levenshtein distance] across few-shot ex-
amples for English-German.

5 Manual Evaluation

We selected Tower+ for further evaluation because
of its competitive 0-shot baseline. This allows us for
a more controlled comparison of the performance
differences from the few-shot configurations. We
report on the outcome of a manual evaluation task
conducted by two Romanian native speakers with
translation experience, but no specialist medical
knowledge (working with English-Romanian col-
laboratively (Esperanca-Rodier et al., 2019)) and
one German native speaker (working with English-
German) who also has translation experience, but
not in the medical domain. All three collaborated
before and during the evaluation to increase agree-
ment and minimise personal preference. The evalu-
ators worked on two samples of 100 segments (one
for each language pair) which contained a balanced
number of short segments (up to 100 characters),
medium segments (101-250), and long segments
(over 251 characters). For each segment, the eval-
uators were presented with the source, a reference
translation, and five anonymised and randomised
MT system outputs (the 0-shot output, the two 1-
shot outputs with FM and EM respectively, and the
two 5-shot outputs with FM and EM respectively).
The evaluators were asked to rate the MT outputs
on two tasks, namely system ranking (Vela and van
Genabith, 2015) and quality. The quality scoring
is informed by the accuracy and fluency errors en-
countered in the MT output and their severity, as



well as the amount of overall perceived editing ef-
fort required to correct the MT output fully. We did
not ask for specific errors to be annotated by cate-
gory with a typology such as the MQM (Lommel
et al., 2014), but our quality scoring method is in-
spired by the Error Span Annotation (ESA) (Kocmi
et al., 2024). To orient our evaluators away from
strong individual preferences, we use a 0—100 scale
broken down into discrete spans, as follows:

* 0% no meaning

* > 33% some meaning preserved and major
editing needed

> 65% most meaning preserved and some edit-
ing needed

100% perfect.

To further guide other evaluators in the process,
we offer guidelines containing examples of what
might constitute minor and major errors, together
with suggestions regarding point deductions. We
include our guidelines in Appendix A.

For the system ranking, each system output is
ranked from best to worst (1 to 5), with ties al-
lowed. When these occur, the next level rank is
used for the remaining segments. For example, in a
situation with three MT hypotheses ranked as best,
followed by the remaining two in descending order,
the resulting ranking is 1,1,1,2,3.

Unlike the monolingual Direct Assessment (DA)
(Graham et al., 2015) used within WMT, we con-
sider it crucial for evaluators to also understand and
have access to the source segments. This is due not
only to the professional duty to acknowledge that a
translation-related task should be bilingual, but also
to the variable quality of the reference translations
included in testing and training data sets. Gaona et
al. (2023) identify and list omissions, additions, and
mistranslations as important issues related to the
reference translations provided in the Medline cor-
pus used in that study, and we also noticed several
examples of misalignments in our 2,000-segment
test set extracted from the EMEA corpus. Because
of this, when ranking and scoring the MT outputs,
our evaluators were instructed to not only use the
reference translations provided and the guidelines,
but also their professional translation experience,
as well as further research in relevant external re-
sources.

5.1 Quality Scores and Ranking

The average quality scores and ranking in Table 5
for English-Romanian put the 5-shot FM prompting
top, and the 0-shot prompting bottom (Table 5).
Paired t-tests reach significance between 5-shot FM
and 0-shot for both ranking (p = 0.003) and quality
(p = 0.0013). One-way ANOVA p-values for all
five prompting configurations reach significance for
ranking (p = 0.027) and no significance for quality
(p =0.144).

Tower+ Quality? Ranking|
0-shot 86.83 2.05
1-shot FM 89.16 1.84
1-shot EM  88.30 1.85
5-shot FM  91.34 1.69
5-shot EM  90.03 1.71

Table 5: Average quality scores and ranking for English-
Romanian from Tower+.

Tower+ Qualityt Ranking]
0-shot 84.13 1.90
1-shot FM 93.88 1.40
1-shot EM  91.99 1.49
5-shot FM 95.40 1.30
5-shot EM  95.45 1.23

Table 6: Average quality scores and ranking for English-
German from Tower+.

Table 6 shows the average quality scores and
ranking for English-German. The 5-shot EM
prompting has the highest quality score, and 0-shot
prompting the lowest ranking. Paired t-tests reach
significance for ranking: 5-shot EM with 1-shot
EM (p = 0.001), 5-shot EM with 1-shot FM (p =
0.03), and 0-shot across all prompting (p < 0.05).
For quality the paired t-tests show significance with
0-shot across all prompting (p < 0.05). One-way
ANOVA p-values for all five prompting configura-
tions reach significance for ranking (p = 5.5e-11)
and quality (p = 5.8e-07).

6 Discussion

The manual evaluation tasks put the 5-shot FM
prompting top, and the 0-shot prompting bottom
for English-Romanian. For English-German, 5-shot
EM was best and 0-shot was worst. The averages
listed in Tables 5 and 6 support the automatic eval-
uation scores from Tables 1 and 2, suggesting that



Example: Source English Hypothesis Romanian Issue
few-shot
1: 5-shot EM  can be submitted trebuie depuse obligation trebuie (must) in-
stead of possibility pot fi
2: 5-shot FM  ACR 20 response raspuns ACR 20 (ameliorare clinica  explicitation of the acronym
5-shot EM cu 20% in functie de criteriile added
Colegiului American de Reumatolo-
gie)
3: 5-shot EM  lactation aldptare the term aldptare is used for
5-shot FM humans instead of lactatie,
which is used for animals
4: 1-shot FM effects of linagliptin efecte ale linagliptinului wrong masculine agreement
instead of feminine agree-
ment efectele linagliptinei
5: 5-shot EM effects of linagliptin efectele linagliptin incorrect agreement
6: 1-shot EM talk to your doctor adresati-vd medicului dumneavoastra  superfluous possessive adjec-
5-shot FM tive dumneavoastrd

Table 7: Examples of translations errors in few-shot MT outputs English-Romanian.

prompting with examples brings an improvement
in every few-shot prompting configuration when
compared to 0-shot for both English-Romanian and
English-German. In several instances, this improve-
ment is also statistically significant.

Notwithstanding the improvements recorded in
both the automatic and manual evaluation scores,
various issues still remain in the few-shot MT out-
puts. Using previous studies, Mufioz-Miquel (2025)
lists aspects which make the use of MT in medical
translation challenging. We use these to structure
the discussion of issues identified in the few-shot
MT outputs during our manual evaluation and pro-
vide specific examples in Tables 7 and 8.

High specialisation of texts The use of modal
verbs is particular in medical texts, and their inac-
curate translation can lead to serious consequences.
In the MT output (Table 7 example 1) a modal verb
is erroneously translated with a stronger form. In
the 5-shot EM the wrong translation of can with
trebuie (must), denoting an obligation, is likely a
consequence of frebuie being used in four of the
five fuzzy examples included in the prompt for that
segment.

Given that medical texts require a high degree
of precision, even meaning changes that are not as
severe as the one in the previous example can have
an impact. For English-German (Table 8 example
1), the target text is inappropriately more specific
than the source text. The overtranslation of of this
as dieser Befunde (of this evidence) likely occurred
due to the wrong translation being present in the
example used for the 1-shot EM prompt. Similarly,
the addition of weitere (further), which was again
present in the 1-shot EM, results in a slight meaning

change that implies that the patient has received
medical treatment in the past (Table 8 example 2).

Need for terminological precision In a highly
specialised domain, the use of correct terminology
is crucial. Tower+ generally performed well by
learning from the examples provided in the prompts.
An example of this can be found in English-German
when comparing the output of the 0-shot to the
output of all other conditions (1-shot FM, 5-shot
FM, 1-shot EM, 5-shot EM). The term potassium-
sparing diuretics was translated correctly as kali-
umsparende Diuretika in all conditions except for
0-shot, where it was translated as kaliumspendende
Diuretika (potassium-providing diuretics). Since
the term was translated correctly in all examples,
Tower+ was able to maintain the correct term.

However, when the examples were faulty, Tower+
failed to maintain the correct terminology. A term
used for humans aldptare (breastfeeding) was erro-
neously employed in a segment about animals in
the 5-shot EM and FM hypotheses instead of the
correct lactatie (lactation) (Table 7 example 3), as
the correct terms did not appear in any examples
used in the 5-shot EM prompting and only in two
for the 5-shot FM.

Similarly, in the 1-shot EM prompt in example 3
(Table 8) the term monohydrate was omitted from
lactose monohydrate, which resulted in erroneous
output. Given that lactose and lactose monohydrate
have different water contents, melting points and
physical forms, this is an imprecise use of terminol-

ogy.

Wide variety of audiences Some medical texts
will address medical experts, while others will be



Example: Source English Hypothesis German Issue
few-shot
1: 1-shot EM  The clinical significance of Die klinische Bedeutung dieser Be- The translation of of this as
this is unknown. funde ist unbekannt. dieser Befunde is an over-
translation and a potential
mistranslation depending on
the context
2: 1-shot EM  you may need urgent medical ~ Sie konnten dringend weitere medi- Addition of weifere implies
treatment zinische Behandlungen bendtigen that the patient has received
treatment in the past
3: I-shot EM  Also contains lactose mono-  Enthilt Lactose. Omission of monohydrate
hydrate.
4: 1-shot EM talk to your doctor or nurse sprechen Sie mit Threm Arzt oder nurse was translated in the
1-shot FM 5- Ihrer Krankenschwester feminine form even though
shot FM the gender-neutral form
would be preferable
5: 5-shot FM  NovoRapid FlexTouch Levemir FlexTouch Wrong drug name
6: 1-shot EM in the authorised use in den genehmigten Anwendungs- genehmigt is a valid trans-
bereichen lation of authorised, but in
this context, it is weaker than
zugelassen
7: 1-shot FM  Your doctor will monitor you  Ihr Arzt wird Sie darauf iiberwachen.  darauf iiberwachen is a lit-

for this.

eral translation from English
and too strong for this con-
text; a more neutral con-
struction with beobachten/im
Auge behalten would be
preferable

Table 8: Examples of translations errors in few-shot MT outputs English-German.

aimed at patients or the general public. The EMEA
corpus reflects this diversity. For the same EN seg-
ment, the examples to be included in prompts can
each address a different target audience, and there-
fore display different translation strategies. For
example, one translation can use a direct form of
address, 2nd person plural, formal Evitati adminis-
trarea la animalele deshidratate (Avoid giving to
dehydrated animals), while another has a neutral
form of address using the verb in the infinitive A
se evita administrarea la animalele deshidratate
(Not to be given to dehydrated animals). More-
over, translations for the segment Patients should
not lie down can include specialised terms if aimed
at medical practitioners Pacientele nu trebuie sd
stea in clinostatism (Patients should not be in the
supine position (clinostatism)), or lay terminology
if aimed at non-specialist patients Pacientii nu tre-
buie sd stea la orizontald (Patients must not lie
down).

All variants are viable depending on the intended
style and audience, but their mixed presence in
the prompting examples will lead to inconsistent
choices made by the LLM. Conversely, providing
the LLM with enough examples that address the
intended target audience may lead to more appropri-
ate results. For example, in a case where the 1-shot

and 5-shot (both FM and EM) prompts translated
dysphagia as Dysphagie, the output contained the
specialised term. In the 0-shot condition, however,
it was translated as Schluckbeschwerden (difficulty
swallowing), thus addressing a lay audience.

Cultural asymmetries These can appear from
differences in health systems or in how one soci-
ety uses language in a domain. Gender-inclusive
language is rarely used in Romanian and there-
fore the EMEA corpus has limited examples of
this. However, gender-inclusive language did ap-
pear in some MT outputs. When partenerului/-
partenerei dumneavoastrd (" your partner” in En-
glish which does not have grammatical gender, like
Romanian and German do) appears in three out of
the five prompt examples, the 5-shot FM offers this
gender-inclusive translation for your partner. The
5-shot EM offers only the standard masculine form
partenerului dumneavoastrd, even if the gender-
inclusive form appears in two out of its five prompt
examples.

In German, different strategies for using gender-
inclusive language exist and are becoming increas-
ingly widespread. In recent years, terms like
nurse are often translated into a gender-neutral
form such as medizinisches Fachpersonal (medi-



cal professionals). That said, the EMEA corpus
likely contains numerous examples that use the
term Krankenschwester, which exclusively refers to
female nurses. This bias also appears in MT output,
as shown in Table 8 (example 4). In this example,
the 1-shot (EM and FM) and 5-shot prompts (FM)
did little to alleviate this bias. In the 1-shot EM
and 1-shot FM, doctor or pharmacist was used in-
stead of doctor or nurse. In the 5-shot FM, the term
nurse was translated into the gender-neutral form
in two out of five of the examples (while the other
three mentioned pharmacist instead of nurse). Still,
Tower+ was unable to adapt to the gender-neutral
version.

Poor wording of some original texts While the
corpus contains plenty of source segments which
are incomplete due to poor segmentation, we made
sure that the 100 source segments selected for man-
ual evaluation were correct. However, the biggest
problem we faced was the quality of reference trans-
lations. These were in many cases faulty, longer
or shorter than the source segment, or completely
misaligned. Sometimes, the outputs offered by the
MT systems for a specific phrase (efficacious in cat-
tle) are better (eficace la bovine) than the reference
(eficace la vitei (efficatious in calves)). In addition,
the quality of the translations included in the corpus
and then used as examples in the prompts was also
not perfect. For example, agreement of the name
of medicines was frequently problematic. As ex-
emplified in Table 7 (examples 4 and 5), the right
translation using the indefinite article female agree-
ment (Efectele linagliptinei) was never offered, and
instead either the wrong indefinite article mascu-
line agreement (also present in the example for the
1-shot FM), or a non-inflected form (also present in
three out of the five examples from the 5-shot EM)
were given.

Similar problems in relation to the examples
used in the prompts can be observed in English-
German. In example S (Table 8), each example of
the 5-shot FM prompt contained a different prod-
uct name (Levemir FlexTouch; NovoRapid; Novo-
Rapid Penfill; NovoRapid InnoLet; NovoRapid Flex-
Pen) which matched part of the name in the source
segment to be translated (NovoRapid FlexTouch).
Given that Levemir FlexTouch is a different brand
of insulin that has a different acting time and ad-
ministering instructions, the severity of this error in
the output is critical.

Polysemy, synonymy, and register matches An
example of this issue is the treatment of acronyms.
The term PSUR (Periodic Safety Update Report)
present as such in the source was at times translated
correctly as RPAS, or given its full form raport peri-
odic actualizat privind siguranta, which is offered
by the two 5-shot MT outputs as it appears in three
out of the five examples provided in the respective
prompts. The same for ACR 20, which was only
sometimes explicitated (Table 7 example 2). This
variation in translation approaches present in the
prompting examples leads to inconsistencies in and
unnecessary editing of the MT output.

A further example from English-German is the
use of synonyms that have different connotations,
at times being too weak or too strong for the par-
ticular context. In example 6 (Table 8), genehmigt
(approved) was used to translate authorised. In a
different context, this would be a viable translation;
however, the stronger and more accurate term zuge-
lassen (authorised) is preferable. The correspond-
ing noun Zulassung refers to the marketing authori-
sation process, which has to be completed before
medicines can be marketed and made available to
patients. As in previous examples, the particular
word choice in the output can likely be attributed
to the example used in the 1-shot EM prompt.

Strong influence of English As the international
language of medicine, English has an influence on
the lexis, morphosyntax, and typography of the tar-
get language. Most prevalent are literal translations
(Table 7 example 6 and Table 8 example 7). Exam-
ple 7 (Table 8) shows that monitor was translated
as iiberwachen (surveil), which is more appropriate
in a policing context and might elicit negative emo-
tions among patients. A more neutral verb such as
beobachten (observe) or im Auge behalten (keep an
eye on) might be a more idiomatic and less intimi-
dating choice. Interestingly, beobachten was used
in the 1-shot FM prompt, which again points to the
variable quality of the translations in the EMEA
corpus.

Overall, the addition of 1- and 5-shot examples
improve the results compared to the O-shot base-
line for both our language pairs and in all few-shot
configurations. This information can support trans-
lators and the language services industry in general
when exploring suitable local solutions. Moreover,
when using the FM configuration, the BLEU scores
across some LL.Ms produce statistically significant



(p < 0.05) improvements compared to the EM
setting. For English-Romanian, the 5-shot FM con-
figuration leads to the best results. For English-
German, the 5-shot EM configuration leads to the
best results.

7 Conclusions and Future Work

In this study, we compared the impact of fuzzy
matching against semantic sentence embeddings
for few-shot prompted LL.Ms on translation perfor-
mance within a specialised domain. We used the
EMEA medical corpus for the English-Romanian
and English-German language pairs, and we evalu-
ated translation quality with automatic metrics and
manual evaluation. Our findings show that 1-shot
and 5-shot prompting significantly outperforms the
0-shot baselines for quality in automatic evaluations
for both language pairs, and in manual evaluation
for English-German. For the English-Romanian
pair, the average scores of the manual evaluation for
both quality and ranking follow the same trend, but
statistical significance is not consistently reached
for all few-shot prompting configurations.

Due to the different computational resource costs
and technical knowledge implications associated
with obtaining FM examples (low) versus EM ex-
amples (high), as well as our different results for the
two language pairs (for English-Romanian 5-shot
FM is best, for English-German 5-shot EM is best),
further research is needed with different domain
corpora and languages. At the same time, evalua-
tors who are domain experts will be involved. In
addition, future work will investigate the impact of
combining Retrieval-Augmented Generation with
ICL on the quality of LLM MT output.
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A Evaluation Guidelines

You are shown 100 segments, each with a source
and its reference translation, followed by five can-
didate translations.

Your first task is to rank the candidate transla-
tions from best to worst (1-5). Ties are allowed. As
reference, in a segment with three candidate trans-
lations ranked as best followed by the remaining
two, the ranking is 1,1,1,2,3.

Your second task is to score (0-100) each can-
didate translation based on the errors encountered
(meaning) and their severity (minor or major), as
well as the amount of overall editing (effort) you
consider a translator would need to spend in order
to correct the translation. Score taking in mind the
following sub-categories:

* 0% no meaning

* > 33% some meaning preserved and major
editing needed

* > 65% most meaning preserved and some edit-
ing needed

* 100% perfect.

Error types and severity (as an indication, please
use your overall judgement):

* Lower caps when full or mixed caps needed -
5 points

* General formatting issues (bullets) - 5 points

* Inadequate informal or formal use - 5/10
points

* Wrong grammatical agreements (lack of agree-
ment in the names of medicines such as
darunavir instead of darunavirului) - 5/10
points

* Missing punctuation in localisation (10000 for
10.000) - 5/10 points



* Superfluous additions - 5/10 points

* Incorrect diacritics (puteti apdsd instead of
puteti apdsa) - 5/10 points

* Using adjective superlative form rather than
the comparative one - 10 points

e Hallucinations (substancelor activd(e) instead
of substantei(lor) activd(e)) - 10 points

Subtle spelling errors in the names of the
medicines (didanosind instead of didanozind)
- 10 points

* Unnecessary use of English words (clearance
used in Romanian instead of its translation) -
5/10 points

* Wrong specialised term - 10 points

» Editing changes relating to fluency - 5/10
points

Downgrade to the next sub-category if:

* Change in the meaning (positive becomes neg-
ative); also if done using one of the items
above (such as adjective form)

* A significant modifier missed or introduced
(never, exclusively, or only is dropped)

* Wrong key specialised term

¢ Incorrect numbers or punctuation changing the
meaning (63 instead of 200, or 10,000 instead
of 10.000)



