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Abstract

Effective communication in asylum re-
ception settings requires reliable machine
translation (MT) across many languages,
including low-resource ones. Using data
from the MaTIAS project (Machine Trans-
lation to Inform Asylum Seekers), we
compare retrieval-augmented LLM trans-
lation with adaptive Neural MT across 14
target languages with varying resource lev-
els. Working with a very small trans-
lation memory of only 358 sentences,
we evaluate fuzzy-match (FM) augmenta-
tion as an in-context learning strategy for
open-source and commercial LLMs and
benchmark these against ModernMT with
and without domain adaptation. In the
LLM setting, FM-based example selection
consistently outperforms random selection
and zero-shot prompting, with the largest
gains for low-resource languages. Adap-
tive NMT retains an overall advantage, al-
though Gemini Pro approaches its perfor-
mance and outperforms it on 6 of 14 lan-
guages, highlighting a trade-off between
translation quality and data sovereignty in
privacy-sensitive contexts. These findings
show that FM augmentation remains ef-
fective under severe data constraints and
emphasise the importance of language-
specific evaluation in multilingual MT.

1 Introduction

Machine translation (MT) has become an indis-
pensable tool in contexts where linguistic diversity

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

and the need for urgent communication converge,
such as in asylum centres, hospitals, and other mi-
grant support services. As migrant populations
grow more linguistically diverse – the ten largest
groups seeking asylum in Belgium in 2024 alone
spoke languages ranging from Arabic and Tigrinya
to Pashto and Somali1 – MT has emerged as a prac-
tical means of facilitating communication between
migrants and host communities. There is growing
evidence that it functions as a primary mediation
strategy in these settings: migrants describe rely-
ing on tools like Google Translate as their “best
friend” for understanding health information and
navigating administrative procedures (Valdez and
Guerberof-Arenas, 2025), while healthcare pro-
fessionals report using MT in patient care, al-
beit largely without institutional guidance or pol-
icy frameworks governing its use (Valdez et al.,
2025). However, while MT offers the advantage of
rapid translation, it has some limitations. Transla-
tion quality can be unreliable, and errors are diffi-
cult to detect without proficiency in both the source
and target languages (Vieira, 2024). Low-resource
languages, in particular, suffer from limited data
availability, resulting in inaccurate or even incom-
prehensible translations (Macken et al., 2025).

These challenges closely align with the Human-
Centred AI Language Technology (HCAILT)
framework introduced by Briva-Iglesias and
O’Brien (2026). This framework foregrounds reli-
ability, safety and trustworthiness as foundational
principles in the design and deployment of lan-
guage technologies. One of the framework’s two
fundamental drivers is the augmentation of in-
formation dissemination through rapid, accurate,
and context-appropriate communication across lin-

1https://www.fedasil.be/nl/downloads/
jaarverslag-2024
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guistic boundaries – a goal that is directly at
stake in migration settings. To improve reliabil-
ity, HCAILT specifically advocates implementing
retrieval-augmented generation (RAG), a method
in which an AI system draws on trusted external
sources to improve its outputs. However, the au-
thors also acknowledge a central, unresolved ten-
sion: ensuring consistent reliability across lan-
guages and domains remains challenging due to
the scarcity of data for less commonly spoken lan-
guages, leading to disparities in the quality of AI-
based communication.

It is precisely this tension – ensuring consistent
reliability across languages, particularly for low-
resource languages – that the present study seeks to
address. Focusing on the domain of asylum recep-
tion communication, we draw on data from Ma-
TIAS, the Machine Translation to Inform Asylum
Seekers project (Macken et al., 2025), to evalu-
ate two distinct paradigms for integrating domain-
specific knowledge into the translation workflow.
The first is adaptive neural MT (adaptive NMT),
a set of techniques that allow NMT systems to
adapt to domain-specific data, often through fine-
tuning or online learning. The second is LLM-
based MT with fuzzy-match (FM) augmentation,
a form of retrieval-augmented translation in which
relevant matches from a translation memory (TM)
are retrieved and used to guide the large language
model’s output. By comparing both approaches
across 14 target languages of varying levels of re-
sourcedness, including several low-resource lan-
guages, we aim to assess how well each paradigm
meets the reliability goals outlined in HCAILT. We
also benchmark both approaches against baseline
model performance without domain adaptation to
quantify the gains that domain-specific integration
can provide.

The contributions of this study are as follows:

• We demonstrate that augmenting LLM
prompts with FMs consistently improves
translation performance across low-, mid-,
and high-resource target languages under
extremely low-data conditions, compared
with zero-shot prompting and randomly
selected in-context examples.

• We find that the general-purpose commer-
cial LLM Gemini Pro, through FM aug-
mentation, substantially outperforms smaller,
translation-specific open-source models and

approaches the performance of adaptive
NMT. This highlights the trade-off between
translation quality and data sovereignty,
which is particularly relevant in privacy-
sensitive deployment contexts.

• We show that the relative advantage of FM-
augmented LLMs over adaptive NMT is
strongly modulated by language resourced-
ness: while LLMs approach NMT quality
for high-resource languages, NMT retains a
substantial advantage for most low-resource
languages – with notable exceptions such as
Tigrinya.

2 Related research

2.1 Language resourcedness

Neural approaches to MT, whether traditional
NMT systems or more recent LLM-based appli-
cations, are inherently data-driven. Their perfor-
mance depends on the volume and quality of the
available training data for a given language pair.
Yet progress has largely benefited only a hand-
ful of high-resource languages, leaving many oth-
ers behind. This imbalance is starkly illustrated
by Meta’s No Language Left Behind (NLLB)
project (NLLB Team et al., 2022), which aims
to provide high-quality MT for 200 languages.
NLLB defines ‘low-resource’ using the criterion of
having fewer than one million publicly available,
deduplicated bitext samples. Under this criterion,
150 of the 200 NLLB target languages qualify as
low-resource.

However, the binary classification of languages
as either ‘high-resource’ or ‘low-resource’ has
faced growing criticism for being overly simplis-
tic. Joshi et al. (2020) therefore propose a more nu-
anced system, categorising over 2,500 languages
into six tiers (0–5) based on two criteria: the avail-
ability of unlabelled data (Wikipedia page counts)
and labelled data (resources from the LDC cata-
logue and ELRA Map). Furthermore, Keet and
Khumalo (2023) argue that corpus size alone is in-
sufficient to capture a language’s full resourced-
ness. Their five-level matrix – ranging from ‘Very
Low-Resource’ to ‘Very High-Resource’ – con-
siders eleven contextual factors, such as grammar
documentation, educational support, funding, pol-
icy environments, and the availability of human
language technology tools. In their scheme, only
English qualifies as ‘Very High-Resource’.



Resourcedness is not only an MT training is-
sue. It also affects the reliability (and avail-
ability) of automatic evaluation metrics, such as
COMET (Rei et al., 2020), which are widely used
to assess translation quality. As these metrics are
based on neural models themselves, they may pro-
duce less reliable scores for lower-resource lan-
guages.

2.2 Integrating domain-specific knowledge
into the translation workflow

Both NMT systems and LLMs can lever-
age domain-specific knowledge through fuzzy-
matches (FMs), that is, translations similar to a
given input retrieved from a translation memory
(TM) or parallel corpus, but they do so in differ-
ent ways.

In the NMT paradigm, several approaches have
been proposed to integrate FMs. Early work
on fuzzy-match repair (FMR) took a direct ap-
proach, algorithmically patching mismatched sub-
segments in retrieved FM targets using an exter-
nal MT system (Ortega et al., 2016). Subse-
quent methods range from architectural modifica-
tions such as additional attention layers (Cao and
Xiong, 2018; He et al., 2021), memory compo-
nents (Feng et al., 2017), or FM-editing architec-
tures (Bouthors et al., 2023), to data augmenta-
tion techniques that leave the model architecture
unchanged. One example of the latter is Neural
Fuzzy Repair (NFR) (Bulté and Tezcan, 2019), in
which the source sentence is concatenated with the
target side of its most similar FM at both training
and inference time. This approach has proven ef-
fective in domain-specific scenarios with sufficient
parallel data for both training and FM retrieval
(with a minimum of approximately 300K sentence
pairs), and subsequent work has confirmed its use-
fulness across additional language pairs and do-
mains (Xu et al., 2020; Tezcan et al., 2021). A con-
sistent finding is that FM augmentation quality de-
pends on the similarity of retrieved FMs to the in-
put and on the size of the available data pool (Bulté
and Tezcan, 2019; Xu et al., 2020; Tezcan et al.,
2021).

A complementary approach to domain adap-
tation in NMT is instance-based adaptation, in
which the model itself is dynamically adjusted at
inference time using retrieved similar sentences.
Farajian et al. (2017) proposed an unsupervised
method that, for each input sentence, retrieves

similar sentence pairs from the training data and
uses them to locally fine-tune the NMT model
on-the-fly. This approach was integrated into the
open-source ModernMT system (Bertoldi et al.,
2018), which combines instance-based adaptation
with a dynamic memory that stores user-provided
TMs. Unlike NFR, which modifies the model in-
put via source augmentation, ModernMT2 adapts
the model parameters for each translation request,
making it particularly well-suited to multi-domain
scenarios in which a single system must handle
diverse content. It should be noted that the pub-
licly available open-source version has not been
updated since 2021, and the system has since been
acquired by Translated. The exact relationship be-
tween the open-source release and the current pro-
prietary version is unclear. ModernMT serves as
the adaptive NMT baseline in the present study, as
it is deployed in the MaTIAS prototype (Macken
et al., 2025).

LLMs, by contrast, can integrate FMs without
retraining. In an in-context learning (ICL) setting,
retrieved FMs are provided as few-shot examples
directly in the prompt, allowing the model to adapt
its output without parameter updates. Moslem et
al. (2023a) showed that this approach significantly
improves translation quality using a retrieval pool
of 3,070 segments, with performance depending
more on the semantic similarity of selected exam-
ples than on their quantity. The choice of example
selection strategy is itself an active area of investi-
gation: while similarity-based retrieval is the most
common approach, randomly selected examples
have also been shown to improve translation qual-
ity over zero-shot prompting (Alves et al., 2023).
While LLMs have shown strong general-domain
MT performance (Kocmi et al., 2023; Kocmi et
al., 2024), their effectiveness in specialised do-
mains remains less conclusive, with NMT systems
maintaining competitive results in areas such as
biomedical and patent translation (Higashiyama,
2024; Neves et al., 2024; Wassie et al., 2024)..
Recent work has also begun to explore the scal-
ing properties of ICL for MT: Salim et al. (2026)
scale in-context demonstrations up to 1M tokens
for low-resource language translation, finding that
gains saturate early and can degrade near the max-
imum context window, with scaling behaviour
strongly dependent on corpus type.

In summary, the approaches discussed above

2https://github.com/modernmt/modernmt
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thus differ in key aspects. Adaptive NMT through
FM augmentation requires training a dedicated
model on domain-specific data and is tightly
coupled to the availability of large parallel cor-
pora. Instance-based adaptation, as implemented
in ModernMT, is more flexible because it oper-
ates on-the-fly without retraining, but it still re-
quires a pool of parallel data for retrieval and local
fine-tuning, and its adaptation is transient rather
than cumulative. LLM-based FM augmentation
through ICL, by contrast, requires no task-specific
training or fine-tuning, making it immediately de-
ployable even with limited parallel data, albeit at
the cost of relying entirely on the base model’s
inherent capabilities. Despite these complemen-
tary strengths, direct comparative evaluations be-
tween different paradigms remain scarce. Moer-
man et al. (2025) compared FM-augmented NMT
with LLMs prompted with FMs for scientific liter-
ature translation (English–French) with TMs rang-
ing from 100K to 44M sentence pairs, finding
that the best NMT configuration surpassed smaller
LLMs on lexical overlap metrics while a larger
LLM achieved the highest COMET scores. How-
ever, a comprehensive comparison across multi-
ple language pairs and resource conditions, includ-
ing low-resource languages, has not yet been con-
ducted. The present study aims to help fill this gap.

3 Dataset

The dataset used in this study comprises 200 En-
glish messages, each of which is professionally
translated into 14 target languages (Table 2). These
messages originate from the MaTIAS project and
are intended for quick, clear communication, fo-
cusing on logistical and administrative updates in
asylum reception centres. Examples include re-
minders like “It is not allowed to leave bicycles
in the corridor!” or friendly follow-ups such as
“Last week, you joined us on a trip to the museum.
Check out the photos of the activity here!”. Each
message can contain multiple sentences, resulting
in a total of 781 sentences across the 200 messages.
The dataset was divided into two equal subsets3:
100 messages (358 sentences, totalling 3,193 En-
glish words) were used to create a context-specific
translation memory (TM) for FM retrieval, while
the remaining 100 messages (423 sentences, 3,518
English words) were allocated for testing transla-
tion performance (Table 1). This 50/50 split was
3Even vs. odd numbered messages.

motivated by the dataset’s small total size: re-
serving a larger portion for the TM would have
left too few messages for reliable evaluation, and
vice versa. While prior work on FM augmenta-
tion for both NMT and LLMs has typically relied
on relatively large retrieval pools, often containing
thousands or even hundreds of thousands of sen-
tence pairs (Bulté and Tezcan, 2019; Moslem et
al., 2023a), the effect of FM-based ICL with ex-
tremely small TMs has not been explored. Our
setting, with a TM of only 358 sentences, thus rep-
resents a novel and practically relevant scenario
for investigating retrieval-augmented LLM trans-
lation under severe data constraints. It should be
noted that this small dataset size is not an artificial
experimental choice but reflects the reality of the
MaTIAS project, where the total volume of profes-
sionally translated material was inherently limited
by the project’s scope and resources.

Statistic Train (TM) Test

Messages 100 100
Sentences 358 423
Words 3,193 3,518

Table 1: Source language (English) dataset statistics.

Table 2 provides an overview of the 14 tar-
get languages included in this study. To char-
acterise language resourcedness, we draw on
two established classifications. The Joshi class
(0–5) follows the taxonomy proposed by Joshi et
al. (2020), which categorises languages according
to the availability of digital resources and NLP
tools. The NLLB column indicates the resource
level assigned by Meta’s No Language Left Be-
hind (NLLB) project (NLLB Team et al., 2022).
Based on these two classifications, we assign each
language to a Tier used in this study, grouping lan-
guages into broader resource-level categories by
considering both the Joshi and NLLB labels.

4 Method and experimental setup

4.1 Models

Following previous work, we compare two
paradigms for domain-specific MT. As the adap-
tive NMT baseline, we use ModernMT4, a
context-aware, incremental NMT system based
on the Fairseq Transformer architecture that
can leverage a domain-specific TM at inference

4https://www.modernmt.com/
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Language ISO Script Joshi NLLB Tier

Arabic ar Arabic 5 High High
German de Latin 5 High High
Spanish es Latin 5 High High
Farsi fa Arabic 4 High High
Portuguese pt Latin 5 High High
Romanian ro Latin 5 High High
Russian ru Cyrillic 5 High High
Turkish tr Latin 5 High High

Armenian hy Armenian 2 Low Mid
Albanian sq Latin 1 High Mid
Georgian ka Georgian 2 Low Mid

Pashto ps Arabic 1 Low Low
Somali so Latin 1 Low Low
Tigrinya ti Ge'ez 1 Low Low

Table 2: Overview of the 14 target languages, including their
Joshi class, NLLB resource level, and the Tier grouping used
in this study.

time. This system was deployed in the Ma-
TIAS project (Macken et al., 2025) and serves as
the production baseline. We evaluate ModernMT
both with and without the context-specific TM de-
scribed in Section 3. Like API-based LLMs, Mod-
ernMT offers deployment without requiring local
model maintenance, GPU infrastructure, or the im-
plementation of retrieval pipelines or prompting
strategies.

For LLM-based MT with FM augmentation,
we evaluate five models in a few-shot in-context
learning (ICL) setup, where translation examples
retrieved from the TM are provided as part of the
input prompt. Four are open-source, translation-
specific models: three variants of Google’s Trans-
lateGemma (Finkelstein et al., 2026) (4b, 12b,
and 27b parameters; hereafter TG-4b, TG-12b,
and TG-27b) and Unbabel’s TowerPlus-9b (Rei et
al., 2025) (TP-9b). The fifth is a closed-source,
general-purpose model from Google’s Gemini 2.5
family (Gemini Team, Google, 2025) (Pro; here-
after GP), which scored among the top systems
in recent WMT shared tasks (Kocmi et al., 2025b;
Kocmi et al., 2025a). We refer to ModernMT with
TM as MMT+ and without TM as MMT.

4.2 FM retrieval

For FM retrieval, we follow the established ap-
proach described in the literature (Moslem et al.,
2023a; Tezcan et al., 2024): all source sentences
in the TM are encoded using multilingual sentence
embeddings from the Multilingual-MiniLM-L12-
H384 model (Wang et al., 2021) and indexed with
FAISS (Johnson et al., 2021) using an IVFFlat in-

dex with Euclidean distance. At inference time,
the k nearest TM entries for each source sentence
are retrieved and provided as source–target exam-
ples in the prompt, ranked by increasing distance
(i.e., most similar first; see Appendix A and Ta-
ble 3). Exact matches (identical lowercased strings
or near-zero distance) are filtered out to avoid aug-
menting a sentence with itself. Since retrieval op-
erates on the English source side, the same exam-
ples are retrieved for all 14 target languages. As
a comparison condition, we also evaluate random
example selection, in which examples are drawn
randomly from the TM rather than based on simi-
larity. Both strategies are compared against a zero-
shot baseline (no in-context examples). All stages
of the pipeline, including translation, retrieval, and
evaluation, are performed at the sentence level.

Table 3 illustrates the difference between fuzzy-
match (FM) retrieval and random example selec-
tion for the source sentence “You have an appoint-
ment at the medical unit on 2 October at 10:00.”
FM retrieval selects semantically similar sentences
– sharing vocabulary about appointments, times,
and medical services – while random selection
draws unrelated examples from the TM. For each
retrieved example, both the source sentence and its
target translation are provided to the model as a
source–target pair in the prompt (see Appendix A
for the full prompt template).

Source: You have an appointment at the medical
unit on 2 October at 10:00.

FM retrieval (ranked by L2 distance, lower = more similar)

0.23 You have a dental appointment at 10:00 on 2 Oc-
tober.

0.27 You have an appointment with your social worker
on Monday 5 October at 14:00.

0.55 The nurse will see you on the same day between
10:15 and 12:00.

Random selection

– You must deliver your contract to the Talent Twister
department at the end of the week.

– From 14:00 to 15:00 on the fourth floor.
– Children’s Choir On-Track

Table 3: Examples of FM retrieval vs random selection for a
single source sentence. L2 distance scores are shown for FM
retrieval (lower values indicate greater similarity). Bold text
highlights approximate overlap with the source.

4.3 Evaluation metrics
Translation quality is assessed using three lexi-
cal metrics, namely BLEU (Papineni et al., 2002),
ChrF (Popović, 2015), and TER (Snover et al.,



2006), and the neural metric COMET, using the
wmt22-comet-da model (Rei et al., 2020).
We report ChrF as the primary lexical metric
in the main text, motivated by two considera-
tions: first, ChrF has been adopted as the pri-
mary metric in recent WMT shared tasks on ter-
minology translation (Semenov et al., 2025) and
automated evaluation (Lavie et al., 2025); sec-
ond, earlier evaluation (Macken et al., 2025) of
this dataset showed that word-based metrics can
be unreliable for scripts such as Armenian and
Ge’ez (Tigrinya). BLEU and COMET scores are
provided in the appendix for all applicable ex-
periments. COMET scores should be interpreted
with caution for lower-resource languages such as
Pashto, Somali, Georgian, and Tigrinya, where the
underlying model has limited training data.

To examine the role of language resourcedness,
we group the 14 target languages into three tiers:
high-resource, mid-resource, and low-resource,
following the categorisation introduced in Table 2.

Statistical significance is assessed using paired
bootstrap resampling (Koehn, 2004) with n =
1,000 resamples drawn with replacement from the
test set, comparing the best-performing system
against the second-best for each target language.
Significance of the best-performing configuration
over the second-best is denoted by −, *, †, and ‡,
representing p ≥ 0.05, p < 0.05, p < 0.01, and
p < 0.001, respectively.

5 Results

5.1 Impact of the number of in-context
examples on translation quality

We first examine how the number of FM-based in-
context examples (shots) affects translation qual-
ity across the four open-source models. Figure 1
shows ChrF scores averaged over all 14 target lan-
guages for shot counts ranging from 0 to 20, using
FM retrieval.

All four tested models show substantial im-
provements as the number of FM examples in-
creases, with the steepest gains occurring be-
tween 0 and 5 examples. TranslateGemma-27b
improves from 55.77 (zero-shot) to 61.34 ChrF
(5 examples) and reaches its peak of 62.32 at
12 examples before declining slightly at higher
counts. TranslateGemma-12b follows a simi-
lar trajectory, peaking at 61.17 (18 examples),
while TranslateGemma-4b plateaus more broadly
between 12 and 20 examples (around 55.6–55.8

ChrF). The larger models reach their optimum ear-
lier than smaller models and then decline, suggest-
ing that overly long prompts may introduce noise
or exceed optimal context utilisation. TowerPlus-
9b shows a similar scaling pattern but with consis-
tently lower absolute scores, reflecting its limited
language coverage (only 5 of our 14 target lan-
guages are supported). Similar patterns hold for
BLEU and COMET (Appendix B), where larger
models consistently achieve the highest scores, and
the same saturation behaviour is observed.

Across all four models, performance plateaus
between 12 and 18 examples. We fix the num-
ber of in-context examples at 15 for all subsequent
experiments, as this captures most of the gains
while avoiding the degradation observed at higher
counts. This is broadly consistent with prior work:
Moslem et al. (2023a) used up to 10 FM-based ex-
amples, while Alves et al. (2023) used 5 randomly
selected examples in a fine-tuning context. More
recently, Salim et al. (2026) scaled ICL demonstra-
tions up to 1M tokens for low-resource MT, finding
that performance saturates around 214–216 tokens
and can degrade near the maximum context win-
dow. While their setting differs from ours (long-
context models, larger demonstration pools), the
shared finding that more context does not always
yield better results reinforces our choice of a mod-
erate number of high-quality examples.

5.2 Example selection strategies: fuzzy-match
retrieval versus random sampling

To isolate the effect of the example selection strat-
egy, we compare examples retrieved using FMs
with those selected at random, as well as with a
zero-shot baseline that uses TranslateGemma-27b
in a fixed 15-example setting. We use the 27b vari-
ant as this model yields the highest translation per-
formance in the previous experiment (Section 5.1).
Figure 2 shows ChrF scores per target language for
all three conditions, with languages grouped by re-
source tier.

The zero-shot baseline (average ChrF 55.77) es-
tablishes the model’s intrinsic translation capabil-
ity. Both example selection strategies substantially
improve over this baseline: FM retrieval yields an
average improvement of +6.29 ChrF, while ran-
dom selection yields +3.34 ChrF. FM retrieval out-
performs random selection for 13 of 14 target lan-
guages, and this advantage is statistically signif-
icant for 11 of 14 languages (p < 0.01); the
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three exceptions – Spanish, Romanian, and Al-
banian – all have absolute gaps of less than 1.5
ChrF points. Spanish is the only language in which
random selection marginally outperforms FM re-
trieval (−0.37 ChrF); this difference is not statis-
tically significant. The advantage of FM retrieval
over random selection is also limited for several
other high-resource languages, including Roma-
nian (+0.45) and Portuguese (+1.39), suggesting
that models with strong intrinsic capabilities for
these languages are less sensitive to example qual-
ity. By contrast, the largest FM advantages are ob-
served for Russian (+4.70) and Farsi (+2.99), lan-
guages for which the model may have less domain-
specific knowledge.

The benefit of FM retrieval varies substantially
across resource tiers. For the high-resource group,
FM retrieval improves over random selection by an

average of +2.06 ChrF (66.98 vs 64.93). For the
mid-resource group (Armenian, Albanian, Geor-
gian), the average advantage is +2.66 ChrF (63.82
vs 61.16), though the overall gain from any in-
context examples over the zero-shot baseline is
more modest (average +4.10 ChrF for FM over
zero-shot), suggesting these languages benefit less
from ICL in general but still distinguish between
example quality. The low-resource group (Pashto,
Somali, Tigrinya) shows the most striking pattern:
FM retrieval outperforms random by an average
of +5.60 ChrF (47.19 vs 41.59), more than dou-
ble the advantage observed for high-resource lan-
guages. These languages also show the largest ab-
solute gains from any form of augmentation (av-
erage +11.07 ChrF for FM over zero-shot), con-
firming that both example quantity and quality
matter most where the model’s intrinsic capabil-



ities are weakest. Tigrinya exemplifies this most
clearly: FM augmentation more than doubles the
ChrF score over the zero-shot baseline (29.99 vs
14.04) and outperforms random selection by +8.83
ChrF.

These results are particularly remarkable given
the small size of the retrieval pool: the TM from
which examples are selected contains only 358
sentences. Prior work on FM augmentation for
NMT has typically relied on retrieval pools of
at least 300K sentence pairs (Bulté and Tezcan,
2019; Xu et al., 2020), while LLM-based retrieval
studies have used pools ranging from 3,070 seg-
ments (Moslem et al., 2023a) and 50,000 seg-
ments (Moslem et al., 2023b) to 100K–44M sen-
tence pairs (Moerman et al., 2025). Our results
demonstrate that, even with a drastically smaller
dataset, similarity-based example selection consis-
tently identifies examples more useful than ran-
domly selected ones, confirming that FM aug-
mentation is effective even in severely resource-
constrained scenarios. Similar patterns are ob-
served for BLEU and COMET (Appendix B).

5.3 LLM-based translation vs adaptive NMT
across languages

In this section, we compare the best open-source
LLM (TranslateGemma-27b, 15 examples with
FM retrieval) against both commercial systems:
ModernMT (with and without TM) and Gem-
ini Pro (15 examples with FM retrieval). Table 4
presents ChrF scores per target language for all
four systems, with languages grouped by resource
tier. Note that FM augmentation through ICL ap-
plies only to the LLMs; ModernMT integrates do-
main knowledge through its TM-based instance
adaptation mechanism.

Overall comparison. ModernMT with TM
(MMT+) achieves the highest overall ChrF (66.60)
and the best scores for 8 of 14 languages. The TM
provides a consistent boost: MMT+ outperforms
MMT by +3.18 ChrF on average, with gains for
13 of 14 languages (the exception being Georgian,
where MMT without TM outperforms MMT+ by
+3.87). Among the LLMs, Gemini Pro (65.38)
substantially outperforms TranslateGemma-27b
(62.06) and trails MMT+ by only −1.22 ChrF,
matching or outperforming it on 6 of 14 lan-
guages. TranslateGemma-27b trails MMT+ by
−4.54 ChrF, outperforming it on only 3 languages
(Farsi, Russian, Turkish). However, 6 of 14 per-

Target MMT+ MMT TG-27b GP

H
ig

h

Arabic 66.76‡ 63.78 63.63 63.76
German 73.67 69.26 70.97 73.85−

Spanish 72.64 69.77 69.98 74.30−

Farsi 54.01 51.36 58.43‡ 55.03
Portuguese 80.97‡ 75.48 75.65 76.54
Romanian 67.97† 63.10 63.80 67.22
Russian 67.62 65.25 67.95−67.01
Turkish 65.34 62.20 65.47 65.60−

Avg 68.62 65.03 66.98 67.91

M
id

Armenian 74.26− 68.58 68.61 73.42
Albanian 70.01 65.46 61.15 70.05−

Georgian 79.87 83.74‡ 61.70 65.69

Avg 74.72 72.59 63.82 69.72

L
ow

Pashto 66.82‡ 64.86 57.10 62.53
Somali 58.19† 55.57 54.47 57.34
Tigrinya 34.29 29.48 29.99 43.00†

Avg 53.10 49.97 47.19 54.29

Avg All 66.60 63.42 62.06 65.38

Table 4: ChrF scores per target language: ModernMT
with TM (MMT+), ModernMT without TM (MMT),
TranslateGemma-27b (TG-27b), and Gemini Pro (GP). Both
LLMs use 15 in-context examples selected through FM re-
trieval. Languages are grouped by resource tier. Best scores
are in bold; significance markers (−/∗/†/‡) denote paired
bootstrap test results comparing the best system against the
second-best per language.

language ChrF differences between the best and
second-best system are not statistically significant
(German, Spanish, Russian, Turkish, Armenian,
Albanian), all with gaps ≤ 1.66 ChrF. Languages
where MMT+ remains clearly superior to both
LLMs include Georgian, Pashto, Portuguese, and
Arabic. Notably, absolute translation quality does
not always correlate with resource tier: Georgian
achieves 79.87 ChrF with MMT+ (higher than
all high-resource languages except Portuguese),
while the high-resource language Farsi scores
only 54.01. This divergence possibly reflects both
script properties and morphological typology.
Georgian’s phonemic Mkhedruli script has a
small, fixed character inventory (33 letters, no
contextual forms), which favours clean character-
level alignments in ChrF. Farsi’s Arabic-derived
script, by contrast, features contextual letter forms
and optional diacritics that introduce variability in
encoding. Additionally, Georgian’s agglutinative
morphology may produce more predictable char-
acter n-gram patterns under NMT, while Farsi’s
more fusional structure interacts differently with
subword tokenisation in LLMs.



High-resource languages. For the high-
resource group, MMT+ leads with an average of
68.62 ChrF. TranslateGemma-27b is competitive,
trailing by −1.64 ChrF on average, while Gem-
ini Pro narrows the gap further to −0.71. Farsi is
a clear LLM winner, while Arabic and Portuguese
favour MMT+. The TM benefit for MMT is
substantial for this group, averaging +3.60 ChrF.

Mid-resource languages. MMT+ leads with an
average of 74.72 ChrF. TranslateGemma-27b trails
by −10.90 ChrF, with large deficits for Geor-
gian (−18.18) and Albanian (−8.86); the latter
likely reflects limited LLM pretraining data (Joshi
class 1) despite its Latin script, which is generally
better represented in LLM training data, yet script
familiarity alone does not compensate for insuf-
ficient language-specific data. Gemini Pro closes
the gap, trailing by −5.00 ChrF. Georgian is partic-
ularly striking: MMT without TM achieves 83.74
ChrF – the highest score for any language-system
combination – while both LLMs fall far below.

Low-resource languages. The low-resource
group (Pashto, Somali, Tigrinya) reveals the most
complex patterns. MMT+ retains a clear ChrF
advantage for Pashto (−9.72 for TranslateGemma-
27b, −4.28 for Gemini Pro). For Somali, the gap
is smaller but still favours MMT+. However, for
Tigrinya – the lowest-resource language in our
set – Gemini Pro reverses the pattern entirely,
outperforming MMT+ by +8.70 ChrF, while
TranslateGemma-27b trails by −4.31. Overall,
Gemini Pro slightly outperforms MMT+ for
this group on average (54.29 vs 53.10). These
results demonstrate that ‘low-resource’ is not a
monolithic category: the LLM–NMT comparison
depends on factors including the language’s
representation in LLM pretraining data, its script,
and the specific domain.

Metric agreement. Overall, ChrF and BLEU
are strongly correlated across languages (Spear-
man ρ = 0.90), while the ChrF–COMET cor-
relation is moderate (ρ = 0.77) and drops
to near zero for the low-resource group, indi-
cating that these metrics capture different qual-
ity dimensions for underrepresented languages.
One notable disagreement occurs for Georgian,
where ChrF strongly favours ModernMT over
TranslateGemma-27b (+18.18) while COMET
slightly favours the LLM. For Pashto and Somali,
all three metrics agree in their system rankings.

These patterns underscore the importance of re-
porting multiple metrics, particularly for lower-
resource languages where neural evaluation met-
rics may be less reliable (see Appendix B for full
BLEU and COMET results).

6 Discussion and conclusion

Our findings can be situated within the broader
HCAILT framework (Briva-Iglesias and O’Brien,
2026), which identifies reliability, safety, and trust-
worthiness as foundational requirements for lan-
guage technologies deployed in high-stakes com-
munication settings. The results of our exper-
iments consistently support the central hypoth-
esis of this study: integrating domain-specific
knowledge retrieved from TMs improves transla-
tion quality, regardless of whether the underlying
system is an adaptive NMT model or an LLM. This
finding aligns with the broader argument put for-
ward by HCAILT that RAG approaches represent
a promising path toward more reliable AI-assisted
communication.

When comparing the two paradigms examined
in this study, augmenting LLM prompts with FMs
retrieved from a TM consistently outperforms both
zero-shot prompting and randomly selected in-
context examples across low-, mid-, and high-
resource target languages. This effect is particu-
larly noteworthy, as FM augmentation yields con-
sistent improvements across all languages, even
under extremely low-data conditions. At the same
time, adaptive NMT remains a competitive ap-
proach, outperforming several LLM-based config-
urations.

Despite these encouraging results, the case
of Tigrinya highlights the limitations of cur-
rent approaches to extremely low-resource lan-
guages. Although the Gemini Pro model pro-
duced promising improvements for Tigrinya com-
pared to other evaluated systems, translation qual-
ity remains considerably lower than for other target
languages in our study. Crucially, a multilingual
quality evaluation conducted within the MaTIAS
project (Macken et al., 2025), which assessed
ModernMT translations across the project’s target
languages by bilingual human experts, found that
the quality of Tigrinya MT was deemed too low
for end-user use. It remains to be seen whether the
obtained quality improvements will change this in
real-world deployment.

A further finding that complicates the standard



framing of the low-resource problem is Farsi’s
underperformance. Despite being categorised
as a high-resource language, Farsi achieved the
second-lowest translation quality scores in our ex-
periments. More broadly, although general trends
based on language resourcedness were observable,
the LLM–NMT comparison revealed that factors
such as representation in training data, script, and
the interplay between language and domain all
contribute to shaping translation quality in ways
that resourcedness alone cannot capture.

While this study has focused primarily on relia-
bility, the HCAILT framework identifies safety as
an equally fundamental requirement. In the con-
text of AI-assisted communication, safety encom-
passes strict privacy and data security protocols
– considerations that are of particular importance
in sensitive environments such as asylum centres
and hospitals. Open-source models offer a distinct
practical advantage in this regard, as they enable
developers to retain full control over data handling
and avoid routing sensitive information through
commercial APIs. However, our results show that
the translation-specific open-source models eval-
uated here performed worse than the commercial
systems, creating a tension between safety and re-
liability that current tools have yet to resolve.

Taken together, these findings underscore both
the promise and the remaining challenges of de-
ploying AI-assisted translation in low-resource
settings. Domain-specific knowledge integration
– whether through adaptive NMT or retrieval-
augmented LLMs – represents a meaningful step
toward the reliability that frameworks such as
HCAILT foreground. Yet the case of Tigrinya
serves as a reminder that technical improvements
might not automatically translate into usable, eq-
uitable tools for all language communities. This
concern is echoed by Mager et al. (2023), who,
through interviews with Indigenous language com-
munity members, found that low-quality MT is
perceived as potentially harmful and that commu-
nity consultation is essential when deploying MT
for underrepresented languages. Beyond reliabil-
ity, the unresolved tension between safety and per-
formance underscores a broader need for the field
to develop open-source models that meet the qual-
ity bar set by commercial systems while safeguard-
ing data security. Addressing these challenges will
require not only continued technical innovation but
also sustained investment in data collection for un-

derrepresented languages.

7 Limitations

Several limitations should be acknowledged. First,
the evaluation relies exclusively on automatic met-
rics. While we report three complementary met-
rics (ChrF, BLEU, COMET), none fully captures
translation quality as perceived by end users, par-
ticularly for low-resource languages where met-
ric reliability is itself uncertain. Human evalua-
tion would be needed to validate these findings.
Conducting such an evaluation presents particu-
lar challenges in this setting: it requires recruit-
ing qualified evaluators for all 14 target languages,
including low-resource languages such as Pashto,
Somali, and Tigrinya, for which finding domain-
knowledgeable bilingual evaluators is exception-
ally difficult. A prior human evaluation within the
MaTIAS project (Macken et al., 2025), which as-
sessed ModernMT translations, confirmed both the
value and the practical constraints of user-centred
quality assessment in this multilingual context.

Second, the dataset comprises 200 messages
(781 sentences) from a single domain (asylum re-
ception communication), which limits generalis-
ability to other domains or text types. The small
TM of 358 sentences, while representative of real-
world low-data scenarios, constrains FM retrieval
quality due to limited coverage.

Third, our comparison is limited to a specific
set of models evaluated at a single point in time.
LLM capabilities evolve rapidly, and newer model
versions may narrow or widen the gaps observed
here. Similarly, the commercial models (Mod-
ernMT and Gemini Pro) were accessed via API,
meaning results may not be exactly reproducible if
the underlying models are updated.

Fourth, COMET scores should be interpreted
with particular caution for the low-resource lan-
guages in our study. As a neural metric trained
predominantly on higher-resource language data,
COMET may not reliably reflect translation qual-
ity for languages such as Pashto, Somali, and
Tigrinya, as evidenced by the near-zero ChrF–
COMET correlation observed for this group.

Finally, our study does not address computa-
tional cost, latency, or deployment complexity in
detail. While we note the trade-off between data
sovereignty and translation quality, a full cost-
benefit analysis – including inference time, API
costs, and infrastructure requirements – would be



valuable for practitioners considering deployment
in similar settings.

8 Carbon impact statement

We report the computational resources used in
this study to enable assessment of its carbon foot-
print, following the recommendations of Strubell
et al. (2019). Inference for the four open-
source models (TranslateGemma-4b/12b/27b and
TowerPlus-9b) was performed on two NVIDIA
A100 80GB GPUs through a vLLM instance5. The
commercial models Gemini Pro and ModernMT
were accessed through their respective APIs, for
which energy consumption is not directly measur-
able. No model training or fine-tuning was per-
formed in this study; all experiments involved in-
ference only. Given the relatively small dataset
(423 test sentences × 14 languages × 15 shots)
and the inference-only nature of the experiments,
the overall computational footprint is modest com-
pared to studies involving model training.
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A Prompt template

The prompt template used for LLM-based trans-
lation follows a structured format. In the 0-shot
setting, the prompt consists of a task instruction
followed by the source sentence:
Translate the source text from
{source language} to {target language}.
Source: {source sentence}
Target:

In the k-shot setting (k ≥ 1), the prompt is aug-
mented with k source–target examples retrieved
from the TM, either through FM retrieval or ran-
dom selection:
Translate the source text from
{source language} to {target language}.
Source: {example source 1}
Target: {example target 1}
...
Source: {example source k}
Target: {example target k}
Source: {source sentence}
Target:

B BLEU and COMET scores

B.1 Shot count analysis
B.2 fuzzy-match vs random selection

(TranslateGemma-27b)
B.3 NMT vs LLM comparison

Shots TP-9b TG-4b TG-12b TG-27b

0 21.65 24.37 25.48 29.28
1 23.84 27.35 29.62 33.25
2 24.81 29.57 31.39 34.57
5 25.94 31.91 34.11 36.19
12 27.72 33.01 35.95 38.41
15 28.08 33.85 36.65 38.86
18 28.64 33.65 37.19 39.15
20 28.61 33.90 36.94 38.97

Table 5: Average BLEU score by shot count and model –
TowerPlus-9b (TP-9b), TranslateGemma-4b (TG-4b), -12b
(TG-12b), and -27b (TG-27b) – with fuzzy-match retrieval,
averaged over 14 target languages.

Shots TP-9b TG-4b TG-12b TG-27b

0 73.79 80.68 86.77 88.25
1 74.55 83.33 88.07 89.34
2 75.20 84.78 88.31 89.49
5 76.05 85.78 88.86 89.80
12 77.35 86.15 88.91 89.54
15 77.68 85.96 89.12 89.21
18 78.12 85.90 89.22 88.53
20 78.00 85.82 88.85 88.20

Table 6: Average COMET (wmt22-comet-da) score
by shot count and model – TowerPlus-9b (TP-9b),
TranslateGemma-4b (TG-4b), -12b (TG-12b), and -27b (TG-
27b) – with fuzzy-match retrieval, averaged over 14 target lan-
guages.

Target 0-shot Fuzzy Random

Arabic 29.52 38.38† 34.29
German 43.87 51.97† 48.42
Spanish 44.84 52.58− 51.53
Farsi 20.72 33.03† 30.31
Portuguese 41.71 57.70‡ 55.34
Romanian 34.42 42.28∗ 40.58
Russian 38.40 47.01‡ 42.28
Turkish 27.42 36.18‡ 32.34
Armenian 29.79 39.74‡ 34.30
Albanian 36.49 42.19− 39.85
Georgian 24.80 31.78† 29.02
Pashto 20.39 34.22‡ 29.61
Somali 15.30 25.62‡ 20.87
Tigrinya 2.29 11.30‡ 6.44

Average 29.28 38.86 35.37

Table 7: BLEU scores per target language for 0-shot, fuzzy-
match (15 shots), and random selection (15 shots) using
TranslateGemma-27b. Best scores are in bold; significance
markers (−/∗/†/‡) denote paired bootstrap test results com-
paring the best strategy against the second-best per language.
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Figure 3: Average ChrF as a function of shot count for the three TranslateGemma (TG) models, TG-4b, TG-12b, and TG-27b,
comparing fuzzy-match retrieval (solid lines) with random example selection (dashed lines). TowerPlus-9b is excluded as no
random selection data was available.
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Figure 4: COMET (wmt22-comet-da) scores for ModernMT + TM (MMT+), ModernMT (MMT), TranslateGemma-27b
(TG-27b), and Gemini Pro (GP) per target language. Languages ordered by resource tier. Significance markers (−/∗/†/‡) above
the best bar denote paired bootstrap test results comparing the best system against the second-best per language.

Target 0-shot Fuzzy Random

Arabic 89.35 90.89− 90.83
German 91.23 91.42 91.60−

Spanish 89.79 89.01 90.14−

Farsi 89.18 91.29‡ 90.25
Portuguese 90.52 91.77− 91.62
Romanian 91.45− 89.28 91.01
Russian 91.99 93.25‡ 92.34
Turkish 92.18 92.57 92.72−

Armenian 91.91 92.89† 91.99
Albanian 90.32‡ 86.23 88.03
Georgian 89.49 90.80− 90.46
Pashto 82.01 84.50∗ 83.53
Somali 78.49 80.59∗ 79.11
Tigrinya 77.58 84.48‡ 81.67

Average 88.25 89.21 88.95

Table 8: COMET (wmt22-comet-da) scores per target
language for 0-shot, fuzzy-match (15 shots), and random se-
lection (15 shots) using TranslateGemma-27b. Best scores
are in bold; significance markers (−/∗/†/‡) denote paired
bootstrap test results comparing the best strategy against the
second-best per language.
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Figure 5: BLEU scores for ModernMT + TM (MMT+), ModernMT (MMT), TranslateGemma-27b (TG-27b), and Gemini Pro
(GP) per target language. Languages ordered by resource tier. Significance markers (−/∗/†/‡) above the best bar denote paired
bootstrap test results comparing the best system against the second-best per language.
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