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Abstract

Conventional retrieval-augmented neural
machine translation (RANMT) systems
leverage bilingual corpora, e.g., translation
memories (TMs). Yet, in many settings,
monolingual corpora in the target language
are also available. This work explores ways
to take advantage of such resources by di-
rectly retrieving relevant target language
segments, based on a source-side query. For
this, we design improved cross-lingual re-
trieval systems, trained with both sentence
level and word-level matching objectives.
In our experiments with three RANMT ar-
chitectures, we assess such cross-lingual
objectives in a controlled setting, reaching
performances that match those of standard
TM-based models. We also showcase our
method on two real-world settings, using
much larger monolingual corpora, and ob-
serve strong improvements over both base-
line RANMTSs and general-purpose cross-
lingual retrievers.

1 Introduction

The use of Retrieval-Augmented Generative Mod-
els (Li et al., 2022) is rapidly expanding, owing
to their built-in ability to condition generations
with illustrative segments retrieved from memory.
The combination of (machine) retrieval and (hu-
man) regeneration has long been a key principle of
Computer Aided Translation (CAT) systems (Arth-
ern, 1978; Kay, 1997; Bowker, 2002): segments
resembling the source sentence are first retrieved
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from Translation Memories (TM), providing trans-
lators valuable suggestions that can then be edited
into a new translation. Such techniques have been
transposed in Statistical MT (Koehn and Senellart,
2010), more recently in Retrieval-Augmented Neu-
ral Machine Translation (RANMT) e.g., (Gu et al.,
2018), making the entire process fully automatic.
Most subsequent work has continued to leverage
parallel data, performing retrieval in the source lan-
guage, then using the retrieved target side text in
generation. Similar principles underlie few-shot
MT with large language models, where both the
source and target sides of examples are inserted
into the prompt (Brown et al., 2020).

TM-based approaches typically retrieve exam-
ples with lexical fuzzy matchers (see figure 1 (a)),
using BM25 and/or the Levenshtein distance (LED)
as filters or rankers (Bouthors et al., 2024). These
are known to be computationally efficient and to
often surpass continuous-space retrievers (Xu et al.,
2020): this is because lexical (source) matches of-
ten come with appropriate translation of rare words.
However, using source-side lexical similarity raises
two issues that may cause inadequate segments to
be retrieved: (a) noisy alignments between source
and target sides of parallel instances; (b) linguis-
tic divergences between the two languages (Dorr,
1994).

These problems can be sidestepped by perform-
ing retrieval directly on the target side, as il-
lustrated in figure 1 (b), using Cross-Lingual In-
formation Retrieval (CLIR) techniques (Cai et al.,
2021; Tamura et al., 2023). An important addi-
tional benefit is to dispense with the use of parallel
data and inform the generation process with rele-
vant monolingual resources. As demonstrated by
the recurrent use of target side monolingual data
thanks to back-translation (Sennrich et al., 2016a),



(a) P (b)
en Q fr Q fr 25
Le chat est... Le chat est...
source source
The cat sits... The cat sits...
. The dog sits... Le chien s'assied
monolingual . P
) crosslingual -
retrieval . Il est assis...
retrieval

Figure 1: Illustration of (a) the classic TM-based retrieval using fuzzy matchers vs. (b) the CLIR-based approach via sentence

encoders and cosine similarity.

such resources are much easier to find than parallel
ones in many domains, and are also devoid of so-
called translationese phenomena (Bogoychev and
Sennrich, 2020). As such, monolingual corpora
constitute a very useful, yet under-studied, source
of high-quality segments for RANMT. To search
such resources, cross-lingual retrievers are readily
available thanks to multilingual sentence encoders
such as LASER (Artetxe and Schwenk, 2019b) or
LaBSE (Feng et al., 2022). As they only rely on
dense representations, such retrievers however of-
ten fail to retrieve lexically relevant examples, i.e,
examples that would contain translations of the ex-
act source words.

In this work, we propose novel methods to boost
the lexical matching abilities of language-agnostic
sentence encoders, thereby improving their effec-
tiveness for RANMT. For this, we consider various
ways to fine-tune a pre-trained encoder into repro-
ducing the behaviour of lexical fuzzy matchers.!
We experiment with three language pairs (English-
French, German-English and English-Ukrainian)
and multiple domains of various sizes and diversi-
ties. We consider three types of RANMT systems:
an autoregressive source-augmented transformer
(Bulte and Tezcan, 2019), a non-autoregressive edit-
based model (Bouthors et al., 2023) and a large
language model (LLM), with in-context (k-shot)
learning (Brown et al., 2020). We first study the
performance of CLIR techniques in a controlled set-
ting, showing that they match standard TM-based
models with source-side retrieval. We then consider
much larger setups, where the target monolingual
resources far exceed the amount of parallel data and
observe large improvements using our new tech-
niques, which outperform various baseline systems,
as well as RANMT architectures relying on generic

!Code available at
https://github.com/Maxwell1447/clir4ramt

cross-lingual retrievers.

2 Related Work

Retrieval Augmented NMT Our work falls un-
der the scope of Retrieval-Augmented Generation,
leveraging both lexical (BM25 (Robertson and
Walker, 1994), Levenshtein distance (Levenshtein,
1965)) and semantic methods for the Information
Retrieval (IR) component. Semantic methods usu-
ally rely on dual encoders trained on parallel data
(Gillick et al., 2018) with a contrastive loss (Sohn,
2016). Our focus is on massively multilingual
sentence encoders that encode mutual translations
as close neighbors, such as LASER (Artetxe and
Schwenk, 2019b) and LaBSE (Feng et al., 2022).

In recent years, retrieval-augmented MT systems
have received increasing attention. One key motiva-
tion is to enhance model transparency by providing
users with the retrieved examples that inform the
generated output (Rudin, 2019). A simple imple-
mentation of this idea encodes the target side of
the example(s) along with the source sentence, pro-
viding an additional translation context (Gu et al.,
2018; Bulte and Tezcan, 2019; Xia et al., 2019;
He et al., 2021; Cheng et al., 2022; Agrawal et al.,
2023). It is also possible to leverage both the source
and target sides of the retrieved example(s) (Pham
et al., 2020; Reheman et al., 2023).

Rather than regenerating a complete translation
with extended context, edit-based models perform
minimal changes to the retrieved examples and gen-
erate their output in a non-autoregressive (NAR)
fashion. Such models are studied in (Niwa et al.,
2022; Xu et al., 2023; Zheng et al., 2023), adapt-
ing the Levenshtein Transformer (Gu et al., 2019).
(2023) generalize this approach to simultaneously
handle multiple examples.

MT systems based on Large Language Models
(LLMs) can also seamlessly accomodate examples



through in-context learning (ICL), where the LLM
prompt is enriched with demonstrations of the trans-
lation task, comprising both the source and target
sides of parallel samples (Radford et al., 2019). Sev-
eral studies have tried to optimize the performance
of such architectures for MT, examining the impact
of prompt modifications, the number of demonstra-
tions and the retrieval procedure (Moslem et al.,
2023; Vilar et al., 2023; Zhang et al., 2023; Hendy
et al., 2023; Bawden and Yvon, 2023; Zebaze et al.,
2025).

Monolingual Data in NMT Augmenting NMT
models with target side monolingual data by back-
translating segments is a well-established strat-
egy for improving model training (Sennrich et al.,
2016a; Edunov et al., 2018), already considered
in RANMT setup (Tezcan et al., 2024). (Cai et
al., 2021; Tamura et al., 2023) dispense with back-
translation, performing directly the retrieval in the
target language with CLIR techniques: the latter
uses existing retrievers, while the former jointly
trains the retrieval and the MT components.

Metric Learning Our lexical alignment objec-
tives (§ 3.2) is a form of neural metric learning:
a high-dimensional metric space is reduced to a
smaller one (Suarez et al., 2021). This line of work
aims to learn distances from the data (Kulis, 2013;
Bellet et al., 2015), especially useful for similarity-
based IR algorithms (Cakir et al., 2019).

3 Method

3.1 Problem Formulation

Given a source sentence x and a corpus of target
segments D = (yi,...,y¥n), the goal of CLIR
is to retrieve k relevant examples: (¥1,...,¥k)-
Our approach closely follows neural-based cross-
lingual retrievers, and comprises two main steps.
First, D is encoded with a multilingual sentence
encoder Ey. Then, for any query source sentence X,
retrieval is performed as a kNN similarity search in
the embedding space, using the cosine similarity:

simg(x,y) = cos(Ep(x), Fp(y)). (1)

The quality of the retrieved sentences only de-
pends on the choice of Ey. Usually, Ey is trained
as a Siamese encoder with a contrastive loss on
parallel data (Sohn, 2016), primarily capturing se-
mantic similarity. However, it is desirable for the
retrieved y; instances to exhibit lexical similarities
with the unknown translation y of the source x. In

specialized domains (law, medicine, etc.), adher-
ence to the terminology takes precedence over se-
mantic similarity, thereby motivating the design of
our proposed lexical-based alignment objective. To
address this need, we study various fine-tuning ob-
jectives based on the Levenshtein similarity. These
objectives are specifically designed to boost the
retrieval of segments with a large numbers of
lexical matches in the source query, by learning
a new embedding space, achieved through the opti-
mization of parameters 6, such that:?

f(simp(x,y)) ~ Lev(y,y), @)

where f is a (potentially learnt) mapping from the
codomain of the cosine function into the codomain
of Levenshtein similarity function Lev, defined as:

 Alyy)
max(|yl, [y|)
A is the Levenshtein distance (Levenshtein, 1965).

Lev(y,y) =1 3)

3.2 Training

We consider three objective functions. The first
two learn to predict the Levenshtein similarity (3).
We choose f to be a learnable function that maps
[—1,1] to [0, 1]:

f(t) = o(a x arctanh(t) + b), 4)

with a (slope) and b (position) parameters and o the
sigmoid function. The loss is defined as:

L(x,y,y) = Err(f(simg(x,¥)), Lev(y,¥)), (5)

where the error function Err is either the mean
square (MSE) or the mean absolute error (MAE):

MSE(z,y) = (¢ —y)° (6)

MAE(z,y) = |z — y]. 1)

The third objective is a “learning to rank" ob-

jective (Cao et al., 2007). Given a set of k re-

trieved segments yj;.;) sorted in decreasing order
w.r.t. Lev(y, -), it computes:

L, y,F4) = »_ max(0,Uy) ®)
i>7
U’Lj = Simg(X, 5’1) - Simg(X, S’j)
+m x |Lev(y,y;) — Lev(y,y;)) (9

with m a scaling factor. Equation (9) defines a
pairwise margin loss,> with an adaptive margin pro-
portional to the absolute difference between the two
individual Lev similarities.

%As edit distances are only computed monolingually, our
method does not assume any lexical overlap between x and y.
3Inspired by the triplet loss (Schultz and Joachims, 2003).



4 Data and Metrics
4.1 Data

We consider three translation directions: English
into French (en—fr), German into English (de-en)
and English into Ukrainian (en—uk). For the con-
trolled experiments, we consider a wide variety of
textual domains (16), using public parallel datasets
(en—fr and de-en) from the Opus corpus (Tiede-
mann, 2012). Details are in appendix A.

Large scale experiments for English-French are
based on a large corpus of Wikipedia pages in
French.* We split the text in pseudo-sentences via
regular expression matching and remove duplicates
as well as fuzzy matches from the valid/test sets’ of
the parallel Wikipedia corpus, ending up with about
45M segments. Large-scale experiments with legal
texts translated from English into Ukrainian, as in
(Tezcan et al., 2024), are in Appendix I .

4.2 Metrics

The success of cross-lingual retrieval is assessed
with the average target side Levenshtein similarity
(eq. (3)) between the 1-best match and the refer-
ence, for sentences in the validation set, with re-
trieval performed from the entire train set. We also
report xsim error rates, which measure the abililty
to identify matched sentences in a bilingual parallel
corpus (Artetxe and Schwenk, 2019a).

We assess translation quality with BLEU (Pap-
ineni et al., 2002) computed with SacreBLEU (Post,
2018).% as well as COMET-207 (Rei et al., 2020).

5 Experimental Settings

5.1 Retrieval Settings

Our experiments consider the following retrieval
methods, with up to k£ = 3 closest examples:

* fuzzy-src: source-to-source fuzzy matching
ranked by their Lev similarity, as in baseline
RANMT settings;

» fuzzy-gold: target-to-target fuzzy matching,
using the same procedure as fuzzy-src. This
retriever requires access to reference target
translations as query and corresponds to an or-
acle setting, giving an empirical upper-bound

“https://huggingface.co/datasets/Plim/fr\_wikipedia\
_processed.

SEach best match with Lev > 0.9 is simply removed.
6signature: nrefs:1|case:mixed|eff:no|tok:13a]|
smooth:exp|version:2.1.0;

"Unbabel/wmt20-comet-da, using the defaults settings.

of what an ideal system could achieve. It is
only reported for the controlled experiments
of § 6.1 and § 6.2;

» fuzzy-bt: the target side of training segments
are back-translated using NLLB (Costa-jussa
et al., 2024)8 into the source language (Sen-
nrich et al., 2016a), then used for retrieval as
in fuzzy-src. This simulates an alternative
to cross-lingual retrieval in situations where
only target side examples are available;’

e dense: a BERT base (Devlin et al., 2019)
model for source-to-target retrieval. It is
trained from scratch with a contrastive loss
(Sohn, 2016). The loss L(B) for batch B =
((X1,¥1)s- -+, (Xn,yn)) is defined as:

—Zlog
i

* densetbow: we add a bag-of-word loss to
dense as in (Cai et al., 2021) to enforce lexical
information in cross-lingual encodings. Given
a pair of parallel sentences (x,y), the loss
L(x,y) is computed as:

— Z log pg, (w|x) — Z log pg, (w]y),

wey weX
(11)

where X, ) are the bag-of-words for x et y;
pg, and py, are distinct linear projections of
Ey(x) and Ey(y);

exp(sim(x;,yi))
> exp(sim(x;, y;))

;o (10)

¢ LASER: we use LASER (Artetxe and Schwenk,
2019b) as a pre-trained source-to-target re-
triever. Derived from a multilingual RNN
translation model, LASER repurposes source
embeddings to define multilingual sentence
similarity.

e LaBSE: Similar to dense, LaBSE (Feng et al.,
2022) uses a dual encoder model based on the
BERT base architecture and is trained with a
contrastive loss; it additionally benefits from
pre-training on large sets of monolingual data,
and covers more than 110 languages;

e ft-Lmodel]-[Err]: we fine-tune either one
of the aforementioned encoders with the losses
of §3.2; Erris one of {MSE, MAE, Rank} (e.g.
ft-LaBSE-MSE).
8We used NLLB-200-distilled-1.3B out-of-the-box.

https://huggingface.co/facebook/nllb-200-1.3B
9Back-translation is further discussed in § G.



In our setting, fine-tuning updates all the parame-
ters. The global learning rate is le-4; as for a and b
(eq. 4) it is set to 1e-2. Each source x is presented
with three y (eq. 5) determined by the top 3 scoring
matches obtained with dense+bow. The validation
score is an in-batch normalized discounted cumula-
tive gain (NDCG) score (Wang et al., 2013).

Retrieval is always performed in an in-domain
setting, ensuring that translations for a specific do-
main are exclusively based on examples from that
domain. For all methods, a threshold is further
applied to filter out low similarity segments. For
each retrieval method, we adjust this threshold on
the validation set to achieve an averaged retrieval
rate'” of 50%. A fixed retrieval rate prevents bias
toward systems retrieving more examples, making
comparisons depend solely on TM match quality.
Refer to appendix B for a discussion of search con-
figurations.

5.2 NMT Architectures

We consider three RANMT architectures. The
first is an in-house implementation of NFA (Bulte
and Tezcan, 2019), which extends a basic encoder-
decoder MT architecture by prepending the target
side of TM examples to the source text on the en-
coder side. As is standard, the retrieved examples
used in training are selected based on their Lev-
enshtein distance to the source text; at most one
similar example is used. This model thus also has
the ability to perform inference from scratch, with-
out using any retrieved example.

The second architecture implements an edit-
based, non-autoregressive encoder-decoder model
that has the ability to jointly edit up to k examples
to generate a translation, reproducing the multi-
Levenshtein transformer (TM¥-LevT) (Bouthors et
al., 2023). Retrieved examples used in training are
also selected based on source-side similarity mea-
sures; we use up to k = 3 examples.

The third architecture is EuroLLM-9B (Martins
et al., 2025), specifically designed and trained for
multilingual tasks such as Machine Translation. We
fine-tune the EuroLLM-9B base model on the en—fr
and de-en training corpora using a prompt that only
contains relevant examples in the target language.
A discussion of the adaptation of EuroLLM for this
setup is reported in Appendix D.

0Fraction of sentences with at least one retrieved example.

test en—fr test de-en

Levt xsim] Lev?T xsim]
fuzzy-gold (oracle) 50.0 - 534 -
fuzzy-src 36.0 - 219 -
fuzzy-bt 31.1 - 21.8 -
dense 304 10.8 - -
dense+bow 32.7 8.0 309 25.2
ft-dense+bow-MSE 349 7.6 33.6 25.2
ft-dense+bow-MAE 35.2 8.0 329 25.3
ft-dense+bow-Rank  29.9 11.9 259 41.5
LASER 32.8 10.0 332 26.2
LaBSE 33.8 74 344 21.0
ft-LaBSE-MSE 36.7 7.6 340 246
ft-LaBSE-MAE 37.0 64 345 23.5
ft-LaBSE-Rank 36.0 73 342 23.3

Table 1: Average retrieval scores (xsim error and Levenshtein
similarity), averaged accross domains.

6 Results

We first run controlled experiments serving two
main purposes: (a) to compare the quality of vari-
ous retrieval models (§ 6.1); (b) to evaluate the gap
between the baseline source-side retrieval and our
proposed CLIR-based approaches (§ 6.2), an analy-
sis that crucially requires parallel datasets. These
experiments use two language pairs (en—fr and de-
en). This configuration is somewhat ideal, as CLIR
methods are primarily meant for cases where only
monolingual data are available, as illustrated by the
experiments in § 6.3.

6.1 Retrieval Scores

Table 1 stores the retrieval scores (§4.2) for the
small-scale experiments. For en—fr, source-side
fuzzy matching yields more similar segments than
CLIR techniques, a gap that vanishes after fine-
tuning with MAE for dense+bow and even more so
for LaBSE. For de-en, the gap between the source-
side fuzzy matching baseline and the oracle con-
dition is much larger than for en—fr, which might
be due to residual misalignments or to morpholog-
ical differences between German and English.!!
All CLIR techniques widely outperform the mono-
lingual settings (fuzzy-src and fuzzy-bt). For
this language pair, however we do not see much
gain from fine-tuning, perhaps owing to a smaller
fune-tuning dataset. As expected, fine-tuning with
a lexical loss is always slightly detrimental to the
"Inflectional processes in German create multiple variants for

each lexeme, making exact matches at the word level much
less likely in German than in English.



sentence-level retrieval scores (xsim error) for both
dense+bow and LaBSE. Training dense+bow along
with a bag-of-word loss (eq. (11)) effectively im-
proves the retrieval scores.

6.2 Translation Scores

Retrieval-free Baselines We use NLLB, NFA and
EuroLLM without any retrieved examples as ma-
chine translation baselines. Their corresponding
BLEU scores, averaged across domains, are respec-
tively 39.0 (en—fr) and 33.8 (de-en) for NLLB and
48.0 (en—fr) and 38.2 (de-en) for NFA. Details per
domain are in Table 4.

TM3-LevT Translation results for TM3-LevT are in
Table 2 (left part). The difference between the or-
acle (fuzzy-gold) and the baseline (fuzzy-src)
gives an idea of the quality of the monolingual
matches: the quality is pretty high in en—fr, ow-
ing to the cleaning procedure used for these data,
more noisy in de-en, with a gap of about 2.5
BLEU points. In comparison, using artificial back-
translated source queries performs much worse than
using natural texts. This difference is much larger
than what was expected from the retrieval scores of
Table 1.

For both language pairs, using cross-lingual
search enables to obtain results that compare to
source-side fuzzy matching. For en—fr, the best
scores in our setting use fine-tuned versions of
LaBSE, closing the gap in BLEU with fuzzy-src,
and delivering a small COMET gain. Similar to the
retrieval scores (Table 1), we do not observe such
benefit of fine-tuning for de-en, where cross-lingual
retrieval with LASER yields the best overall results,
yielding a 1.6 BLEU points improvement over the
pure source-side matching.

NFA The corresponding results for NFA are in Ta-
ble 2 (middle part). This model is a much stronger
baseline than TM3-LevT and the progress margins
(with respect to fuzzy-gold) is dimmer. Yet, we
see that (a) retrieving examples directly on the tar-
get side (with dense, LASER, and LaBSE) improves
the example-free baseline by about 3 BLEU points;
(b) further fine-tuning the cross-lingual retrievers
(with MSE and MAE) fully closes the gap with
source-side matching for both metrics and language
pairs. We observe that back-translating the mono-
lingual target data also improves baseline systems,
albeit by a much smaller margin.

EuroLLM Results for the fine-tuned version of
EuroLLM are in the right part of Table 2. This sys-
tem turns out to be the most effective system overall,
slightly outperforming NFA with & = 3 TM exam-
ples. A first observation is that this model is par-
ticularly strong for translating into English (from
German) where using a CLIR outperforms all base-
lines. For this model, the averaged gains achieved
by fine-tuning the cross-lingual retrievers are very
small, and vary accross domains (details in Table 5).
For this system, the gap between the LaBSE system
and the oracle condition (fuzzy-gold) is already
small in the two language pairs, showcasing the
very strong built-in cross-lingual abilities of this
model; yet, the difference that remains suggests
that lexical similarity should still matter.

Per-domain analysis Per-domain BLEU scores
are in Tables 3 (TM3-LevT), 4 (NFA), and 5
(EuroLLM). The domains for which we expect CLIR
methods to work well need to satisfy two condi-
tions: (a) a large enough set of examples to re-
trieve from, so that the choice the retriever actually
makes a difference; (b) a small diversity of texts
in that domain, so that retrieved instances are suf-
ficiently similar to the input. This is well reflected
for instance in Table 3 (TM3-LevT) where CLIR
techniques (with fine-tuning in en—fr, without in
de-en) match the performance of the baseline in
all domains, and even outpeform it in specialized
domains such as ECB (finance), JRC (law), KDE
(information technology) and Wikipedia. We do
not see the same gains in Ubuntu (very small TM)
or Europarl (large TM, with a diverse set of texts).
For NFA, we also observe that CLIR techniques
yield scores that match the baseline; for both mono-
and cross-lingual retrieval, the gap to fuzzy-gold
is small across domains, except Koran (de-en),
where CLIR narrows it more effectively.
Regarding EurolLLM, we note that performing
CLIR with the default version of LaBSE already
yields near optimal performance for many domains.
Fine-tuning has here a reduced effect on BLEU
scores, sometimes slightly improving (e.g., for en—
fr: EMEA, KDE, PHP, Wiki, Ubu) or, more rarely,
decreasing (e.g., for en—fr, ECB, JRC) performance.
These variations highlight the fact that optimal
translation scores ultimately also depend on the
retrieval pool and the associated example quality.

Comparison of fine-tuning losses The standard
contrastive loss of eq. (10), when applied in MT,



T™3-LevT NFA EuroLLM
test en—fr test de-en test en—fr test de-en test en—fr test de-en
BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET
no example - - - - 480 87.1 382 798 444 863 40.7 826
fuzzy-gold (oracle) 453 517 313 -8.6 522 87.8 447 822 526 88.1 46.8 839
fuzzy-src 438 484 288 -103 513 875 419 817 516 878 416 83.0
fuzzy-bt 40.5 438 220 -229 499 872 389 813 464 869 418 829
dense 41.5 422 - - 499 87.1 - - 504 874 - -
dense+bow 424 441 283 -11.6 50.5 873 400 809 S51.1 875 441 83.0
ft-dense+bow-MSE 43,1 460 29.0 -127 51.0 875 416 815 513 878 451 833
ft-dense+bow-MAE 432 463 29.1 -126 51.0 874 418 814 515 877 452 834
ft-dense+bow-Rank 42.1 443 260 -179 50.7 873 418 809 504 875 436 83.1
LASER 425 443 304 717499 873 411 813 509 874 449 83.1
LaBSE 43.1 455 29.8 95 505 873 415 814 515 876 451 832
ft-LaBSE-MSE “437 “47.8 277 -125 *51.2 875 416 “81.6 51.6 87.8 442 832
ft-LaBSE-MAE 436 *477  29.1 92 *51.2 *87.5 420 815 515 878 449 833
ft-LaBSE-Rank “433 "47.1 284 -122 *51.1 "87.5 *418 "81.6 513 877 448 832

Table 2: Average translation scores: TM3-LevT, NFA, EuroLLM, all domains. Significant results (p=0.05) w.r.t. LaBSE are marked
with . Best CLIR results are in bold. When fuzzy-src is not outperformed, its score is in bold.

English-French

German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
fuzzy-gold 585 648 325 613 605 443 270 41.0 312 405 369 321 82 487 476 198
fuzzy-src 56.7 622 319 589 588 415 272 403 307 389 346 292 87 458 433 169
fuzzy-bt 51.0 547 319 513 551 352 270 387 307 362 333 213 45 275 392 175
LASER 56.5 605 317 560 58.6 366 269 397 30.6 364 339 293 113 489 46.6 162
LaBSE 570 598 313 578 594 408 269 398 305 37.0 339 290 93 49.2 454 16.2
ft-LaBSE-MSE 570 620 318 586 586 425 270 399 305 381 349 281 109 414 411 170
ft-LaBSE-MAE 569 614 31.6 587 587 425 27.0 399 304 377 345 287 117 444 437 170
ft-LaBSE-Rank ~ 56.6 61.1 31.7 57.7 58.0 41.7 269 401 30.6 376 341 287 9.6 446 425 16.6

Table 3: Per domain BLEU scores for TM>-LevT systems. Contaminated domains for NLLB (used in back-translation) are

underlined.

primarily seeks to identify parallel sentences within
collections of monolingual segments. Yet, RANMT
requires examples that are lexically similar to the
source sentences. The bag-of-word loss of eq. (11)
effectively increases the rate of lexically similar
sentences, thus enhancing the translation scores.
As for our three fine-tuning strategies, MSE and MAE
(eq. (5)) yield comparable performances. The per-
domain analysis further highlights their consistent
behavior. As for Rank (eq. (9)), we observe that
the rank-based loss consistently underperforms the
other two, with a few exceptions (PHP for NFA;
PHP, Wiki and KDE (de-en) for TM3-LevT).

On data contamination We identify two sources
of data contamination. First, NFA training data
partly overlaps with some of our test sets, in vary-
ing proportion (from 0 to 100) across domains (see
Table 4). The intuition is that such contamination
should make this model less sensitive to the choice
of good examples. In the per-domain results of
Table 4, this sensitivity is assessed by the gap be-

tween example-free and fuzzy-gold scores. As
this gap is large for most domains (except Europarl
and News in en—fr, and Sub in de-en), we can still
clearly assess the benefits of cross-lingual retrieval
for the large majority of domains. Second, the train-
ing data of NLLB, used for back-translation, also
partly overlaps with our test, which may boost the
efficiency of the fuzzy-bt baseline. Even for these
domains (e.g., ECB, EMEA, JRC-Acquis), cross-
lingual methods still achieve much higher BLEU
scores than back-translation.

6.3 Large-scale Experiments

Retrieving in a monolingual corpus We use the
models trained on the en—fr'? dataset to retrieve
segments from the large monolingual Wikipedia
dataset (see §4.1), assessing performance on the
Wikipedia test set previously used in the controlled

12A similar experiment, targeting translation from English into
Ukrainian is in Appendix I; these results also highlight the
benefits of CLIR over monolingual retrieval in parallel data,
especially when using a fine-tuned version of LaBSE.



English-French

German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
contam. rate  33.9 58.3 8.9 0 2.1 6.8 100 6.8 29.8 0 0 475 0 540 173 8.9
NLLB 445 403 359 396 50.7 342 321 390 41.0 359 354 291 235 464 388 314
no example 589 559 399 488 623 428 501 456 439 435 364 395 132 555 516 310
fuzzy-gold 652 65.1 403 597 68.1 46,6 50.1 481 441 478 390 456 219 639 605 317
fuzzy-src 645 630 400 584 66. 452 500 473 440 468 383 443 142 623 574 311
fuzzy-bt 624 604 398 547 649 445 501 468 437 447 370 401 132 556 548 3l.1
LASER 637 616 398 568 654 440 500 468 441 461 371 414 161 607 560 31.1
LaBSE 638 625 390 577 650 453 500 469 441 460 377 430 156 606 569 3l.1
ft-LaBSE-MSE 643 63.0 400 582 66.6 453 501 475 440 46.8 379 431 168 603 569 312
ft-LaBSE-MAE 642 630 399 585 66.6 455 501 474 439 463 378 433 171 614 575 309
ft-LaBSE-Rank  64.1 62.6 39.8 58.1 663 453 500 475 440 460 381 437 159 610 572 312

Table 4: Per domain BLEU scores for NLLB and NFA systems. Contaminated domains for NLLB (used in back-translation) are
underlined. The contamination rate (top line) for NFA is the percentage of overlap of its training data with the test set.

English-French

German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
no example 499 477 392 457 555 409 340 48.1 420 413 442 416 233 544 529 311
fuzzy-gold 637 684 305 652 662 51.1 338 521 419 489 482 504 256 636 622 322
fuzzy-src 62.6 669 395 633 649 490 337 516 417 474 470 433 236 551 543 318
fuzzy-bt 520 541 393 491 565 432 338 504 415 450 461 425 236 548 564 319
LASER 632 653 394 621 655 461 338 510 417 458 464 466 244 624 599 314
LaBSE 635 66 394 633 658 484 338 512 41.6 464 465 472 237 627 603 314
ft-LaBSE-MSE 628 663 394 632 649 500 338 517 417 468 473 466 241 600 587 315
ft-LaBSE-MAE  62.8 659 394 633 651 49.6 338 515 417 468 47.1 476 242 613 599 316
ft-LaBSE-Rank 624 653 394 627 646 493 338 515 417 473 467 415 238 611 602 315
Table 5: Per domain BLEU scores for EuroLLM.
experiments. We use the same filtering threshold as TM-LevT NFA EuroLLM
for the controlled experiments to keep the settings BLEU COMET BLEU COMET BLEU COMET
comparable and ensure that the only difference is no example - - 364 848 442 863
the increased size of the retrieval set. We only — _fuzzy-bt ;5-6 76-; ig-f’ 2‘5‘-3 i;-é 22-‘5‘
. . . . LaBSE 77 T7. .1 X . .
con51de.r variants of LaBSE, W.h.ICh achieve the best rrlomsesE 383 773 400 848 490 863
results in the small data condition. ft-LaBSE-MAE 387 77.6 412 849 492 863
ft-LaBSE-Rank 385 77.5 408 85.0 48.6 863

Wikipedia is a challenging domain, due to the
variety of topics that are addressed in the encyclo-
pedia and the high level of formality of the text.
NLLB already represents a strong baseline for that
domain. Our results are in Table 6. The first obser-
vation is that increasing the retrieval set (from 200K
segments in the controlled experiments — Tables 3
and 4 — to 45M segments) yields significant per-
formance boosts across the board (e.g, +1.6 BLEU
for NFA and fuzzy-bt, +0.4 BLEU points for NFA
and LaBSE). With further lexical fine-tuning, the
benefits of CLIR are again very clear, with large
BLEU differences relative to the small data condi-
tion:+3.9 for ft-LaBSE-MAE with TM3-LevT, +3.4
when using NFA, +2 using EuroLLM.

The effect of the size of the retrieval pool are
discussed in Appendix H.

We also monitor in Table 7 two additional scores:
the retrieval rate (percentage of segments for which
at least one example is found) and the average Lev
similarity between the reference and its closest re-
trieved neighbor. For all retrieval methods, we see

Table 6: BLEU and COMET scores for TM3-LevT, NFA and
EuroLLM with the large French Wikipedia retrieval pool.

large increases, meaning a larger number of ex-
amples is retrieved and that their average quality
(i.e, their similarity to the reference) also improves,
highliting the usefulness of monolingual data for
this domain.

The translation examples of Appendix F illus-
trate the benefits of enlarging the retrieval pools, no-
tably because they provide longer lexical matches,
thereby improving the generated text.

7 Conclusions and Outlook

In this paper, we have explored various approaches
to take advantage of monolingual examples in
retrieval-augmented neural machine translation.
Our main conclusion, resulting from experiments
on 3 language directions and 16 varied textual do-
mains, is that retrieving directly in the target lan-



™ mono
RR1 LevtT RRT Levt
fuzzy-bt 399 24.0 60.2 31.0
LaBSE 30.9 25.6  59.6 35.2
ft-LaBSE-MSE 33.8 272 T77.7 37.7
ft-LaBSE-MAE 31.3 275 59.0 38.1
ft-LaBSE-Rank 25.7 26.7 61.2 36.7

Table 7: Comparison of the retrieval rates (RR) and average
Levenshtein similarity (Lev) on the Wikipedia test set of the
systems retrieving in the TM vs. in the large monolingual
corpus (mono).

guage can be as effective as fuzzy-matching on
the source-side, especially when retrievers have
been fine-tuned with lexical matching objectives.
Using these techniques, we were also able to ob-
tain large BLEU increases over strong baselines on
the Wikipedia dataset (up to +3.8 BLEU points for
our best configuration), showcasing the benefits of
RANMT in a large-scale setup. In our implementa-
tion, cross-lingual retrieval is no more costly than
performing fuzzy matches in the source language.

We identify several ways to improve these results:
(a) by fine-tuning the retrieval models on very large
multilingual datasets, adopting data settings that are
comparable to the pre-training of LASER/LaBSE;
(b) using more recent sentence embedders such as
SONAR (Duquenne et al., 2023); (c) using CLIR
techniques to train the RANMT models, instead of
relying on source-side matches as we have done
here; (d) revisiting the other aspect of the retrieval
pipeline — e.g., relaxing the filtering threshold dur-
ing example selection.

Limitations

In this work, we have focused on extending a trans-
lation setting that is common in the translation in-
dustry, where translation memories have repeatedly
been shown to speed up the translation process and
improve the consistency of the resulting texts. In
such setting, it is also common to have access to
large monolingual resources, as has been studied
eg., by (Tezcan et al., 2024) for the legal domain
and for (Tamura et al., 2023) in the scientific do-
main. By design, this setting is only applicable for
so-called “high-resource" language pairs, in which
high-quality systems can be built and improved
upon using auxiliary resources. In our selection of
language pairs, we have favored domain diversity
over language diversity, to better highlight how the

availability of relevant examples impacts the over-
all translation quality. As our experiments show,
the effectiveness of the cross-lingual approach does
not depend on the similarity of the source and tar-
get languages, but mostly relies on the quality of
cross-lingual sentence alignment. As shown e.g.,
by (Feng et al., 2022), very precise alignments can
be achieved, even for distant language pairs such as
English-Chinese.

We have thus deliberately chosen to exclude
translation from and into “low-resource” languages,
for which many resources and components are still
difficult to collect (eg., parallel corpora to train suf-
ficiently good NMT baselines, to be used for back
translation; and also training and test data in spe-
cialized domains, where the TM-based approach
is most likely to retrieve very good matches). We
reckon that also improving generic NMT systems
that could handle translations for those language
pairs is another important research area (see, e.g.,
(Zebaze et al., 2025)), albeit distinct from what we
have chosen to study in this work.
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A Parallel Data Specification

The en—fr data is a clean version'? of the one used
by (Xu et al., 2020). Validation and test sets each
contain 1, 000 segments. The de-en corpus is bor-
rowed unchanged from (Aharoni and Goldberg,
2020) and is also used in (Cai et al., 2021; Agrawal
et al., 2023; Bouthors et al., 2024). The associated
validation and test sets contain 2,000 segments.
The per-domain corpus sizes are available in ta-
ble 8. The en—uk corpus is the one provided by
(Tezcan et al., 2024), containing about 286K train-
ing sentences, 2000 validation sentences and 1898
test sentences. It corresponds to various legal texts.

Note that the preprocessing stages were per-
formed with subword-nmt (Sennrich et al., 2016b)
for tokenization and BPE, and fairseqg (Ott et al.,
2019) for binarization.

B Search Parameterization

For both methods, we search up to k=3 examples.

B.1 Fuzzy Matching

The execution of the fuzzy matching methods
(fuzzy-src, fuzzy-bt and fuzzy-gold) is per-
formed using an open source library'#. During the
3We filter noisy parallel pairs with COMETKiwi (Rei et al.,

2022) and prepare a new train/valid/test split.
“https://github.com/SYSTRAN/fuzzy-match

evaluation, there is no filter applied before scoring
the segments with Lev. However, the examples
associated to the training samples are selected with
Levand a BM25 filter. This ensures a reasonable
time to build the set of examples for training.

B.2 FAISS

The execution of the CLIR techniques is done with
library FAISS (Douze et al., 2024). The kNN
search is performed on GPU (IndexFlatIP), with-
out IVF (for faster search) or quantizer (for lower
memory footprint) to ensure the retrieval of the best
matches. Indeed, both optimizations can prevent
the model from finding the optimal k nearest neigh-
bors.

C NMT Architectures Configuration

Both TM3-LevT and NFA models rely on the default
backbone Transformer architecture (Vaswani et al.,
2017). We train one instance of TM3-LevT for each
language pair (en—fr and de-en), using only the
training data available in the corresponding datasets.
Our NFA models are trained on much larger sets
of parallel data, including a good share of Web
data. We use these models to showcase the ef-
fectiveness of cross-lingual retrieval for RAMNT
systems trained with large, high-quality, parallel
datasets (8M sentences for en—fr and 11.5M for
de-en). After inspecting the training datasets of
NFA models, we found that some of them partly
overlap with the training data; the corresponding
contamination rates are reported in Table 4.

As we compare retrieval techniques for fixed MT
architectures, these overlaps do not affect on our
main conclusions (see also the discussion in §6.2).

In addition, we use the multilingual NLLB
model (Costa-jussa et al., 2024) out-of-the-box for
both language pairs.! This large encoder-decoder
model is used to generate the back-translation data;
it also provides a baseline against which to appre-
ciate the performance of RANMT architectures.
As for the NFA models, the training data of NLLB
partly overlaps with our test sets, for domains ECB,
EMEA, JRC-Acquis and OpenSubtitles. Contami-
nation is discussed in §6.2.

D Adapting EuroLLM

LLMs are well suited for in-context learning in
k-shot settings (Radford et al., 2019): a set of

version: NLLB-200-distilled-1.3B
https://huggingface.co/facebook/nllb-200-1.3B



English-French

German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME  Sub
size 149k 272k 1.9M 44k 492k 126k 133k 7k 148k 6k 597k 223k 18k 467k 248k 500k
% 38 70 490 L1 127 33 34 02 38 02 154 153 12 321 170 343

Table 8: Size of each domain, and its proportion w.r.t. the size of the corpus of the same language pair.

k demonstrations of the task are presented to the {French example #1}
model so that the completion of the task fulfills the French:
prompt pattern/template. In our case, the situation {French example #1}
is slightly different as we only include target-side [...]
examples, which are not suitable demonstrations of Translate the following text from English to
the translation task. French.

To adapt an LLM to this setting, we first compare English:
(a) prompting and (b) fine-tuning strategies on the {source}
Wikipedia domain.'® French:

Regarding (a), we try to take advantage of the in-
context abilities of the Instruct version of EuroLLM-
9B, simulating in-context examples with the follow
prompt patterns:

* naive:
Consider the following French similar trans-
lations.
{k examples in French)
Translate the following text from English to
French.
English:
{source text}
French:

* empty:

Consider the following English-French
examples.

English:

French:

{French example #1}

[...]

Translate the following text from English to
French.

English:

{source}

French:

* copy:
Consider the following English-French exam-
ples.
English:

18 Another alternative, that we do not consider in this work,
would be to use backtranslation to automatically craft the
missing source for in-context examples.

The naive prompt gives a simple description of the
task, where only the target side of examples are
introduced. The copy and empty prompts simulate
a standard k-shot prompt, where the missing source
text is either left empty or contains a copy of the tar-
get text. We compare these prompts with a 0-shot
setting, where no example is provided to the model
(starting directly with "Translate the following text"
for any of the three templates).

Regarding (b), we fine-tune the base EuroLLM-
9B model with the naive prompt with up to 20K
sentences from the training set for each domain.
Fine-tuning is performed with QLoRA (Dettmers
et al., 2023) with a r=16, a=32, dropout=0.05, no
bias, applied on all linear layers, and 4-bit quanti-
zation. Training is performed with huggingface im-
plementation'” with a batch size of 32 for a single
epoch and a learning rate of 2e-10. The in-context
examples used for training are retrieved using the
fuzzy-src strategy.

Instruct ft-base
0-shot naive copy empty naive
k=0) (k=3) (k=3) (k=3) (k=3)
36.5 365 384 375 49.5

Table 9: BLEU score of various EuroLLM-9B based systems on
the Wikipedia test set (0-shot and 3-shot). Target examples are
retrieved with LaBSE with a custom threshold of 0.6.

We observe the superiority of the fine-tuning
strategy compared to the various prompt-based ap-
proaches in Table 9. As some of these differences

7https://huggingface.co/docs/transformers/trainer



might be explained by the implicit language and do-
main adaptation that takes place during model fine-
tuning, we additionally fine-tune the base model
with a standard k-shot prompt, including the source
and target side of each examples. This setting di-
rectly compares with the instruct model, the only
difference being the adaptation that is performed
during fine-tuning; it also allows us to assess the
performance loss that happens when using only tar-
get side examples. Results are in Table 10 for a
mixture of 5 domains.

EuroLLM model source k BLEU
Instruct - 0 429
fIStrue v 3540

- 0 46.7
ft-base (src+tgt) v 3 585

- 0 473
ft-base (tgt) X 3 575

Table 10: Average BLEU score of various EuroLLM-9B system
fine-tuning schemes for ECB, EMEA, Europarl, JRC-Acquis
and Wikipedia test sets (k-shot). Parallel examples are re-
trieved with fuzzy-src using a custom threshold of 0.

In Table 10, we observe that in fact the do-
main/language adaptation of EuroLLM accounts for
about +4 BLEU points (ft-base (src+tgt) vs. in-
struct). For the sole Wikipedia domain, this ada-
pation yields about +6 BLEU points improvement.
This confirms that method (b) is in fact clearly su-
perior to simple prompting strategies. Therefore,
this is the method used for all the results reported in
Section 6. Moreover, we observe that the absence
of the source side of k-shot examples is slightly
detrimental to the model performance (= -1 BLEU
point between the two fine-tuned versions, both
for the 0-shot and 3-shot settings), suggesting that
the target side of the retrieved examples contains
most of the information needed to guide the model
towards the desired translation.

E Computational Cost of Retrieval

The computational cost can be dived into two cate-
gories: a fixed cost (independant from the number
of sentences to translate) and a variable cost (pro-
portional to this number). The retrieval process for
training falls into the former, as well as the encod-
ing of the whole set of monolingual target segments
(for CLIR techniques) and the indexation of the TM
(for fuzzy matching techniques). The variable costs

lie in the fuzzy match search with filtering and the
computation of Lev, and in the CLIR search with
the encoding of the source sentences, then the kNN
search. In our experiments, we removed the filter
(BM25) so that we obtain the best possible fuzzy
matches (fuzzy-src, fuzzy-bt and fuzzy-gold),
at the cost of a ~100 times higher latency. How-
ever, when applying a BM25 filter to preselect 100
segments, we observe that both fuzzy matching and
CLIR techniques can retrieve their closest match
in about ~1ms. We obtained this result un corpus
ECB (150K sentences) with optimmal conditions:

* the fuzzy matching is performed on a 8 cores
CPU, thus parallelizing the search on 8 simul-
taneous source sentences;

¢ as for CLIR, source sentences are encoded
in batches of size 50, and the NN search
is handled by the FAISS library. We used a
V100-32GB GPU.

F Retrieval and Translation Examples

An illustration of the retrieved examples is provided
is table 11. It highlights the enhanced capability
of ft-LaBSE-MAE to retrieve lexically closer exam-
ples, rather than semantically close ones. This is
particularly clear in the second example, which
mentions Shasta, a volcano. While LaBSE retrieves
topic-related segments, ft-LaBSE-MAE tends to se-
lect off-topic sentences that nonetheless contain a
higher number of shared lexical items.

G Back-Translation

Back-translation (BT) has long been identified as a
very effective technique to handle monolingual data
in Statistical Machine-Translation (Bojar and Tam-
chyna, 2011), then in Neural Machine Translation
(Sennrich et al., 2016a; Currey et al., 2017; Edunov
et al., 2018; Burlot and Yvon, 2018; Caswell et al.,
2019). Assuming the task is to translate from L1
into L2, and that monolingual texts in L2 are avail-
able, the BT approach translates these “backward”
into L1, to obtain an artificial parallel corpus, pair-
ing automatically generated source sentences with
actual human-written target sentences. In NMT,
it is custom to jointly use “natural” and “artificial”
subsets of data to train and/or adapt translation mod-
els. This is illustrated in the first two columns (a)
and (b) in Table 12, using no-retrieval (k = 0),
and corresponding respectively to the default (only



Le mannequin apparait dans plusieurs séries télévisées au début des années
2000. (The model also appears in several TV shows in the early 2000s.)

Cette série fut diffusée sur TF1 pendant 1’été 2000. (This show was broadcast
on TF1 during the summer of 2000.)
Elle est aussi apparue dans des séries télévisées. (She also played in some TV

Elle se fait connaitre par sa série au début des années 2000. (She made a
name for herself thanks to her show in the early 2000s.)
Elle débute dans des séries télévisées au début des années 1990. (She
made her debut in some TV Shows in the early 1990s.)

Shasta a connu une histoire explosive et éruptive. (Shasta has had an explosive

L’histoire de la région du Huaynaputina est marquée par un magma riche
en silice. (The history of the Huaynaputina region is marked by silica-rich magma. )
Elle a une histoire tres singuliere. (She has a very peculiar history.)

Il s’agit d’un des cdnes volcaniques du mont Shasta. (This is one one the

retriever Lev
reference
train LaBSE 0.14
train ft-LaBSE-MAE 0.23
shows.)
mono LaBSE 0.46
mono ft-LaBSE-MAE 0.62
reference
and eruptive history.)
train LaBSE 0.06
train ft-LaBSE-MAE 0.44
mono LaBSE 0.07
vulcanic cones of Mount Shasta.)
mono ft-LaBSE-MAE 0.56

Elle a connu une histoire riche en rebondissements. (Its history is full of

twists and turns.)

Table 11: Two illustrations of retrieved examples for the Wikipedia test set w.r.t. the chosen cross-lingual retriever, and the
retrieval pool (train set vs. monolingual corpus). Exact matches are marked in bold. Indicative translations of each French

segment into English are also provided.

parallel data) and BT-augmented settings.'®

MT setting (a) (b) (c) (d) (e) (©

Parallel data

train(k=0) v V - - - -

train (k > 0) - - v v /v /
test (k> 0) - - v v v/

BT-ed data

train(k=0 - V - - - -

train (k > 0) - - - v -/
test(k >0 - - - - V /

Table 12: Using back-translation in NMT and RANMT

Column (c) in Table 12 illustrates standard
RANMT, where k > 0 parallel examples are used
during training and at inference; columns (d), (e)
and (f) correspond to three possible ways to inte-
grate artificial data: (d) only during training, and
retrieve selectively from the high-quality parallel
data; (e) only during inference, extending a generic
RANMT with relevant data; (f) both during training
and at inference as in (Tezcan et al., 2024). Our use
of back-translation in the experiments of Section 5

18We omit the case where only artificial data is used, as in fully
unsupervised machine translation (Lample et al., 2018).

corresponds to column (e), a setting we deem rep-
resentative of typical use of monolingual data in
actual applications, and which crucially does not re-
quire retraining stage. Note that the same scenario
is used in our CLIR approach, which, in addition,
fully dispenses with the back-translation stage.

H Growing the Retrieval Pool

To better analyse the effect of the retrieval pool size,
we progressively increase the Wikipedia retrieval
set by batches of 500K sentences from 500K to
45M, and compute the corresponding translation
scores for each retriever. Figure 2 displays the evo-
lution of the translation metrics for LaBSE, its fine-
tuned variants and fuzzy-bt. Overall, for all mod-
els, the benefit of growing the retrieval pool yields
an almost linear BLEU increase. COMET variations
are much smaller, especially for NFA and EuroLLM
where it remains nearly constant. For both met-
rics, ft-LaBSE-MAE outperforms the other setups
for all data sizes in most cases. fuzzy-bt con-
sistently lags behind CLIR alternatives, especially
with TM3-LevT.
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Figure 2: BLEU and COMET scores with a growing retrieval pool: TM3-LevT (top), NFA (middle) and EuroLLM (bottom).

I Experiments in English-Ukrainian

To further emphasize the ability of our method to
retrieve relevant examples even in the absence of
direct lexical overlap between source and target
segments, we experiment with the translation from
English into Ukrainian, with the source using the
Latin script, and the target the Cyrillic script. We
used the same dataset as (2024), corresponding to
legal texts. The parallel corpus is split into train,
validation and test sets, each containing respectively
286,417, 2000 and 1898 sentences. This corpus is
augmented with a monolingual in-domain dataset
of 1,461,320 Ukrainian sentences.

Our experiments are conducted with the same
NFA architecture as the experiments in Section 5,
as it produces translations with higher estimated-
quality than the non-autoregressive system. This
NFA model has been trained on 5M en—uk paral-
lel pairs from various domains, including the in-
domain train set.

We fine-tune LaBSE using the proposed MSE lex-
ical loss, with examples retrieved via fuzzy-src
from the training set. We then evaluate and
compare the performance of fuzzy-src, LaBSE,
and ft-LaBSE-MSE by computing BLEU and COMET
scores of translations produced by the NFA model.
For LaBSE and ft-LaBSE-MSE, we consider two re-

Retrieval method Corpus BLEU COMET
no example - 51.2 92.7
fuzzy-src train 54.2 92.8
LaBSE train 53.9 92.7
ft-LaBSE-MSE train *54.3 92.8
LaBSE train+mono  57.2 92.9
ft-LaBSE-MSE train+mono  *57.7 93.0

Table 13: BLEU and COMET scores obtained by the NFA model
according to the retrieval method. Significance w.r.t. to the
LaBSE counterpart is indicated by *.

trieval settings — train and train+mono — which
correspond to the datasets from which target-side
examples are retrieved for the CLIR approach. Re-
sults are in Table 13, scores are computed respec-
tively by SacreBLEU and COMET-22, significance
tests also use the SacreBLEU implementations with
paired bootstrap resampling (n=1000, p=0.05).

We can make the following observations: (a) the
baseline NFA model is about 3 BLEU points better
than baseline encoder-decoder model; (b) CLIR
here again matches the default RAMT setup, where
retrieval only exploits the parallel training data; (c)
augmenting the retrieval pool with monolingual
data again induces a significant performance boost
(+3.4 BLEU), when retrieval relies on the fine-tuned
version of LaBSE. These observations are consistent



with what is reported in the main text.

J COMET Scores

For the full picture, we also report the COMET scores
of each domain for all our experiments in Tables 14,
15 and 16.



English-French

German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
fuzzy-gold 70.5 850 458 732 719 589 243 359 212 5211 298 303 983 199 297 -24.8
fuzzy-src 69.0 815 447 67.6 698 479 247 335 195 492 250 241 -85.8 16.6 21.8 -28.2
fuzzy-bt 61.6 750 456 555 658 373 241 301 17.7 454 242 114 -1106 -11.0 213 -254
LASER 658 763 451 58.1 660 347 232 292 199 450 245 185 -73.0 19.7 275 -31.0
LaBSE 655 772 423 629 679 428 233 297 19.0 47.1 233 212 -86.4 214 263 -30.1
ft-LaBSE-MSE 68.0 81.1 444 665 698 48.0 244 319 185 496 238 185 -76.3 87 156 -29.1
ft-LaBSE-MAE 69.0 80.7 442 655 684 470 238 327 189 498 249 202 -70.6 14.1 19.1 -28.6
ft-LaBSE-Rank 67.3 79.6 44.8 634 68.8 465 238 322 197 479 245 207 -84.9 140 17.6 -28.5

Table 14: Per domain COMET scores for TM3-LevT.
English-French German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
no example 589 559 399 488 623 428 50.1 456 439 435 364 822 689 832 847 802
fuzzy-gold 90.5 909 879 898 90.7 858 882 846 854 86.6 852 845 714 882 863 806
fuzzy-src 904 905 87.8 893 905 852 882 845 854 863 850 841 700 879 859 804
fuzzy-bt 90.0 90.1 877 886 899 844 882 843 852 860 849 835 701 875 852 803
LASER 90.0 90.1 87.8 888 90.0 844 882 842 854 864 847 835 700 874 853 804
LaBSE 90.0 903 875 89.0 89.8 847 882 841 853 864 849 838 703 872 855 803
ft-LaBSE-MSE 90.3 90.5 877 892 904 851 882 845 853 865 848 838 703 878 856 804
ft-LaBSE-MAE 90.3 905 877 892 904 85.1 882 845 854 864 848 837 702 8.7 857 803
ft-LaBSE-Rank  90.2 904 87.7 89.2 90.5 853 882 845 853 865 849 838 70.5 878 857 804

Table 15: Per domain COMET scores for NFA.
English-French German-English

ECB EME Epp GNO JRC KDE News PHP TED Ubu Wiki KDE Kor JRC EME Sub
no example 882 885 877 853 89.1 828 862 843 850 858 863 859 747 869 851 805
fuzzy-gold 90.2 909 877 90.1 903 875 863 852 854 89.0 870 880 755 884 870 808
fuzzy-src 90.0 905 878 893 90.1 862 862 851 853 884 868 8.5 749 872 855 80.7
fuzzy-bt 88.6 89.0 877 872 892 840 862 847 853 876 86.6 860 749 872 856 80.6
LASER 89.8 90.0 87.7 881 900 846 863 849 852 883 8.6 863 750 879 859 80.6
LaBSE 90.0 902 877 886 901 858 863 849 852 882 866 8.5 750 879 86.1 805
ft-LaBSE-MSE 90.0 905 877 889 90.1 864 863 851 853 885 868 8.5 751 87.8 858 80.6
ft-LaBSE-MAE 899 906 87.7 89.1 90.1 864 862 850 852 884 8.7 867 751 879 860 805
ft-LaBSE-Rank  89.8 90.3 87.7 892 900 862 863 849 853 886 866 866 750 878 860 805

Table 16: Per domain COMET scores for EuroLLM.



