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Abstract

The ability of generative large language mod-
els (LLMs) to perform in-context learning has
given rise to a large body of research into how
best to prompt models for various natural lan-
guage processing tasks. In this paper, we focus
on machine translation (MT), a task that has
been shown to benefit from in-context transla-
tion examples. However no systematic studies
have been published on how best to select ex-
amples, and mixed results have been reported
on the usefulness of similarity-based selection
over random selection, although these results
have mainly been shown for high-resource lan-
guages only. We provide a study covering mul-
tiple LLMs and in-context example retrieval
strategies. Contrarily to previously published
results, we find that retrieval based on sentence
embedding similarity can improve MT, espe-
cially for low-resource language directions, and
we also discuss the balance between selection
pool diversity and quality.'

1 Introduction

In-context learning (ICL; Brown et al., 2020) for
large language models (LLMs) has proved success-
ful for various tasks, including machine transla-
tion (MT) (Bawden and Yvon, 2023; Zhang et al.,
2023a; Zhu et al., 2023; Mu et al., 2023; Jiao
et al., 2023; Moslem et al., 2023; Xu et al., 2024;
Lyu et al., 2024; Lai et al., 2024). Usually, in-
context examples for MT are randomly sampled
from a parallel corpus. However, existing work
in question answering (Liu et al., 2022) and text
classification (Zhao et al., 2021) has shown that
the choice of in-context examples considerably in-
fluences ICL outcomes. This aspect has been ex-
plored in MT through example retrieval via simi-
larity search, where in-context examples are cho-
sen based on their similarity to the sentence to be
translated. However, consensus on its efficacy has

!Code and outputs are available at https: //github.com/
ArmelRandy/ICL-MT.

not been reached. Vilar et al. (2023) found that
retrieving similar sentences does not yield more
benefits than selecting them randomly when the
selection pool contains only high-quality samples.
Their experiments focused on high-resource direc-
tions. Zhu et al. (2023) and Hendy et al. (2023)
arrived at the same conclusion when examining
other high-resource directions. However, Agrawal
et al. (2023) surpassed the random baseline by us-
ing examples retrieved with BM25 and further im-
proved performance through a re-ranking proce-
dure. Zhang et al. (2023a) observed a correlation
between the use of similar examples and perfor-
mance but cautioned that the correlation may not
be strong enough. Not only do these mixed results
show that it is not clear whether example selec-
tion can provide gains, but the impact of few-shot
example selection for low-resource languages re-
mains underexplored. Existing research also often
overlooks the impact of the size and quality of the
selection pool, and there is a lack of analysis across
LLMs of different scales.

In this work, we aim to address these gaps by
systematically analyzing example retrieval via sim-
ilarity search. We benchmark multiple similar-
ity metrics based on multilingual sentence embed-
dings across various open-access LLMs. We con-
sider translations from English to French, German,
Swahili and Wolof to account for different levels
of resourcedness. We compare the use of sentence
embeddings and existing approaches, and we as-
sess the robustness of this strategy against different
selection pool compositions when translating from
English to Swahili. Additionally, we highlight po-
tential problems with the evaluation of LLM-based
MT and propose a more appropriate evaluation pro-
tocol. Our analysis suggests that example retrieval
via similarity search only marginally improves MT
over random sampling for high-resource languages.
However, for the first time, we observe significant
gains across all metrics when translating into low-
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resource languages. These results are observable
across LLMs of multiple scales.

2 Background and Related Work

In-Context Learning (ICL). After Brown et al.
(2020) demonstrated GPT-3’s strong zero-shot
and few-shot abilities on language understanding
benchmarks, a lot of effort was put into empiri-
cally analyzing ICL. Zhao et al. (2021) showed
that the prompt format, the quality of the examples
and their order all have an effect on performance,
although it has been shown, for example by Min
et al. (2022) for few-shot text classification, that
performance can plateau as the number of examples
included increases. Another line of work explored
the design of prompting strategies with most re-
sults obtained on reasoning tasks: chain of thought
(Wei et al., 2022; Kojima et al., 2022; Zhang et al.,
2023b), self-consistency (Wang et al., 2023; Chen
et al., 2023) and hierarchical approaches (Yao et al.,
2023; Besta et al., 2024; Zebaze et al., 2024).

Using LLMs for Machine Translation. In MT,
comparing LLMs and understanding their be-
haviour in few-shot settings has motivated mul-
tiple studies. Lin et al. (2022) showed that XGLM
7.5B outperforms GPT-3 6.7B in 32-shot for multi-
ple translation directions. Vilar et al. (2023) used
PALM (Chowdhery et al., 2022) for few-shot MT.
They ran experiments on high resource languages
and concluded that the quality of the selection
pool has a high impact on few-shot MT. Zhang
et al. (2023a) and Bawden and Yvon (2023) re-
spectively analyzed GLM-130B (Zeng et al., 2023)
and BLOOM (BigScience Workshop et al., 2023)
for few-shot MT. They both highlighted the impor-
tance of the prompt format inter alia. Hendy et al.
(2023) demonstrated the competitiveness of GPT
models prompted in few-shot against commercial
MT systems. Most of these works focus on high-
resource languages, but Hendy et al. (2023) used
two low-resource languages (Hausa and Icelandic)
to demonstrate that GPT models lag behind the best
MT systems and Bawden and Yvon (2023) studied
1-shot MT between low-resource languages pairs.
Zhu et al. (2023) conducted a systematic study in
which they compared eight LLMs for few-shot MT
in 102 languages covering different resource levels,
although most of their experiments were done with
eight randomly picked few-shot examples.

Similarity search for example selection. While
a majority of works, including those in MT, use
few-shot examples that are randomly selected, oth-
ers explore how selecting particular examples can
impact performance. This is often achieved by
mining sentences similar to the one to be pro-
cessed, generally based on sentence vector repre-
sentations based on token-level language models
(e.g. RoBERTa; Liu et al., 2019) or on sentence
embedding models (e.g. LASER2; Heffernan et al.,
2022). Liu et al. (2022) showed that k-NN re-
trieval with fine-tuned RoOBERTa models improved
GPT-3 performance on question answering and
table-to-text generation tasks. Vilar et al. (2023)
implemented k-NN retrieval with RoOBERTa and
bag-of-word embeddings for few-shot MT between
high-resource language pairs. Similarly, Zhu et al.
(2023) compared BM25 (Robertson et al., 1995) to
example retrieval with a sentence embedding for
MT from English to German and Russian. They
both conclude that the use of similar examples is
comparable to that of random examples for a high
quality selection pool. Hendy et al. (2023) used
LaBSE (Feng et al., 2022) to build a high-quality
selection pool and/or to perform high-quality ex-
ample selection. Their experiments on German,
Russian and Chinese showed the irrelevance of
quality selection from a high quality selection pool.
Zhang et al. (2023a) studied the correlation be-
tween shot selection and MT performance for mul-
tiple strategies including example retrieval with
LASER?2. Their work mostly focused on Chinese
and German for which they reported mixed results.
Agrawal et al. (2023) and Bouthors et al. (2024)
explored retrieval with BM25 and showed that their
re-ranking procedure could improve BLEU scores.
The variability in the conclusions regarding the
efficacy of similarity-based selection methods high-
lights the need for a more systematic study cover-
ing both high-resource and low-resource languages,
which are frequently excluded from these experi-
ments. Moslem et al. (2023) is a notable exception
for exploring how ICL with fuzzy matches aids MT
from English to Kinyarwanda and other languages.

3 Example retrieval via similarity search

Example retrieval via similarity search is a selec-
tion strategy for ICL. The idea is to use the input in
order to retrieve similar (input, output) pairs from a
pool of labeled data, which can then be used as few-
shot examples (see Figure 1). It revolves around
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Figure 1: An overview of example retrieval via similarity search for MT. k sentences are first retrieved from the
example pool (parallel corpus) based on their similarity to the source sentence. The retrieved sentence pairs are then
assembled (as few-shot examples) with the source sentence into a prompt that is fed to a LLLM for translation.

the following parameters:

1. A pool P from which to retrieve examples
for the source sentence x. For MT, the pool
corresponds to a set of parallel sentence pairs.

2. The number & of few-shot examples to re-
trieve from P. By definition, k& < |P|.

3. Aretriever R. In a similar spirit to RAG (Lewis
et al., 2020), its role is to identify similar exam-
ple pairs to add to the the input prompt. This
similarity can be syntactic or semantic. In this
work, we model similarity with cosine similarity
and we compare this to n-gram metrics.

4. A template to format each example. This is
used to assemble the sentence to translate and
the few-shot examples to construct the prompt to
be fed to the LLM. By default, the most similar
demonstration is the closest to the sentence to
translate. We ablate this in Appendix C.2.

5. An LLM. The LLM (py) is fed with the prompt
in order to obtain the translation. We test a
variety of decoder-based LLMs in our study.

In MT, P consists of the source and target sides of

parallel data. Retrieval can be done by analyzing

the similarity of the sentence at hand to either the
source or target side of each pair in P, which de-
fines two possible approaches, which we refer to as
source-to-source and source-to-target. By default
(and unless specified otherwise) we use the source-

to-source retrieval approach (see Appendix C.8 for
the source-to-target approach).

4 Experimental setup’

Datasets We work on MT from English (eng) as
it is more challenging than translating into English?
and choose to work with four target languages: two
high-resource, French (fra) and German (deu), one
mid-resource, Swahili (swa) and one low-resource,
Wolof (wol).* For evaluation, we mainly use the
FLORES-200 (Goyal et al., 2022; Costa-jussa et al.,
2022) devtest set containing 1012 examples. We
use the FLORES-200 dev set (997 examples) as the
selection pool P. We also consider additional ex-
amples from the NLLB dataset (Costa-jussa et al.,
2022) for experiments involving pool extension. In
Appendix C.3, we present additional results on the
TICO-19 (Anastasopoulos et al., 2020) benchmark
and examine the impact of domain mismatch be-
tween the selection pool and the evaluation set on
example selection via similarity search.

Retrievers We compare five multilingual sen-
tence embeddings: SONAR (Duquenne et al.,

*We report implementation details in Appendix A.
3See Appendix C.9 for translation into English.
*Results on more target languages in Appendix C.7.
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2023), Embed v3,) E5 (Wang et al., 2022), LaBSE
(Feng et al., 2022) and LASER?2 (Heffernan et al.,
2022). We compare against the following ap-
proaches: BM25 (Robertson et al., 1995), R-
BM?25—consisting in retrieving the top 100 similar
candidates with BM25, re-ranking them using the
algorithm outlined in (Agrawal et al., 2023) and
choosing the k best as demonstrations—, BLEU
(Papineni et al., 2002) and RoBERTa-large (Liu
et al., 2019) embeddings.® We also compare
against a random in-pool selection baseline, report-
ing the average score over three different seeds.

Models We test multiple LLMs in our exper-
iments. For reproducibility, we consider state-
of-the-art open-access LLMs: BLOOM 7B (Big-
Science Workshop et al., 2023), OLMo 7B (Groen-
eveld et al., 2024), Gemma (2B, 7B) (Gemma Team
et al., 2024) LLaMA 2 (7B, 13B and 70B) (Tou-
vron et al., 2023), Mistral 7B v0.1 (Jiang et al.,
2023) and Mixtral 8x7B v0.1 (Jiang et al., 2024).

Evaluation metrics Historically, BLEU (Pap-
ineni et al., 2002) has been the standard MT evalu-
ation metric. The recent advances in deep learning
fueled the emergence of neural metrics, one of the
most successful being COMET (Rei et al., 2020),
which is better correlated with human judgements
than BLEU (Rei et al., 2022). Despite this superi-
ority, COMET has some limitations for evaluating
MT by LLMs. First, it is inherently limited by
the language coverage of its encoder, impairing
its reliability for unseen languages (e.g. Wolof).
Moreover, it 1s not robust to the issues of transla-
tion in the wrong language and empty translations.
Pre-LLM approaches to MT evaluation assumed
that MT systems were rarely prone to such issues.
However, they have become relevant with the use
of LLMs for MT, since these models are not trained
for MT specifically, and therefore the premise of a
translation being in the correct language does not
always hold. The two problems are more likely
to appear in zero-shot settings and when few in-
context examples are used, especially when prompt-
ing a model to generate a low-resource language.
We propose to alleviate these issues, later indepen-
dently identified and investigated by Zouhar et al.
(2024) with a simple correction protocol consisting
in setting the score of a translation to 0 if it is either
empty or written in the wrong target language. We
5https://tx’c.cohere. com/introducing-embed-v3/

8More precisely, we use the last hidden state of the first
token and send it to the pooling layer.

name this variant Language-Aware COMET (la-
COMET) which preserves the benefits of COMET
while making it robust to the previously mentioned
issues’. It is worth noting that laCOMET is strictly
equivalent to COMET for sentences that do not ex-
hibit the issues that motivated its creation (i.e. non-
empty translations in the correct language).

We use laCOMET, based on COMET 22 (Rei
et al., 2022) as our main metric. We use fasttext
(Bojanowski et al., 2017; Costa-jussa et al., 2022)
for language identification, which supports all the
languages we work with. For transparency, we also
include BLEU calculated using SacreBLEU (Post,
2018)® and COMET in the appendix.

Template We use the same template across all ex-
periments (see Appendix B.1 for an ablation study).

5 Experiments

In Section 5.1 we do a systematic study of example
retrieval with several multilingual sentence embed-
dings for different numbers of in-context examples
and families of LLLMs, and in Section 5.2 we com-
pare example retrieval with the best performing
sentence embedding and the previously mentioned
alternative approaches. In Section 5.3 we study
the robustness of example retrieval to the size and
the diversity of the pool of examples. Finally, in
Section 5.4, we focus on English to Swahili and
analyze example retrieval for various LLMs at dif-
ferent scales.

5.1 Benchmarking of example retrieval with
multilingual sentence embeddings

We conduct a benchmarking analysis of example
retrieval using multilingual sentence embeddings
to evaluate their performance and compare them
to random sampling.” As demonstrated in Table 1,
example retrieval with sentence embeddings con-
sistently outperforms random sampling in few-shot
scenarios (up to 10-shot). The performance gain is
modest when translating into French and German,
typically ranging between 0.1 and 0.5 aCOMET
for most LLMs we evaluated, and it tends to narrow
as the number of in-context examples increases.
However, we note a substantial improvement of
around 2.5 in German with BLOOM 7B1. We at-

"See Appendix B.2 for more details.

8 nrefs: 1|case:mixed|eff:no|tok:flores200|smooth:exp|
version:2.3.2

“We provide an analysis of the overlap between their sam-
pling choices in Appendix C.4.
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Method eng—fra eng—deu eng—swh eng—wol

1 5 10 1 5 10 1 5 10 1 5 10
BLOOM 7Bl1
Embed v3 796 86.7 86.7 552 60.1 61.0 58.6 684 694 504 502 50.7
E5 804 86.6 86.7 545 60.1 60.6 598 682 693 509 514 507
LaBSE 794 86.7 86.7 551 599 605 583 67.8 69.2 499 512 523
LASER2 79.2 86.6 86.7 551 599 596 580 677 678 485 50.1 509
SONAR 79.8 868 86.6 553 60.1 60.8 574 683 69.6 502 504 51.6
Random 773 865 86.6 528 577 577 569 651 66.0 465 451 464
Mistral 7B v0.1
Embed v3 86.2 87.0 87.0 835 857 859 375 414 433 365 441 447
ES 857 87.0 869 834 852 855 373 413 432 36.6 443 444
LaBSE 86.2 86.7 87.0 833 853 856 370 40.1 423 367 426 44.6
LASER2 86.1 869 87.0 835 856 855 353 38.0 403 320 421 433
SONAR 86.1 869 87.0 836 858 859 372 406 435 364 450 46.1
Random 858 865 86.6 830 854 855 327 335 338 267 332 36.0
LLaMA 2 7B
Embed v3 85.8 86.1 863 840 849 850 457 437 456 418 462 471
ES 858 86.2 864 84.1 852 852 451 433 453 423 465 469
LaBSE 856 86.0 862 841 851 851 442 425 447 400 437 456
LASER2 85.8 86.2 862 836 850 852 412 40.1 421 387 425 433
SONAR 859 86.1 863 838 853 854 452 432 455 397 459 46.7
Random 85.6 859 860 83.6 84.8 850 354 347 358 344 347 365

Table 1: 1TaCOMET results of example retrieval with different sentence embedding methods for k-shot settings
(k € {1,5,10}). Underline entries: denote instances where the difference with Random sampling is not significant

(p > 0.05) for at least one of the three seeds.

tribute this greater improvement to the relatively
poor performance of BLOOM 7B1 in German as
German was not officially included in its training
data. For translation into Swahili, the use of sen-
tence embeddings yields gains ranging between 1.7
and 3.4 1aCOMET for BLOOM 7B1, 0.6 and 1.6
for Gemma 7B. These gains explode and reach 10
[aCOMET when translating into Swahili or Wolof
with Mistral 7B v0.1 and LLaMA 2 7B. Further-
more, all sentence embeddings outperform random
sampling in a majority of cases. Although there is
not a highly significant variation in performance
among them, SONAR, Embed v3 and ES perform
slightly better than LaBSE and LASER? for exam-
ple retrieval. SONAR yields the best performance
with a little advance on Embed v3 and ES5. In sum-
mary, the use of similar in-context examples yields
modest gains for high-resource languages, consis-
tent with previous findings (Zhang et al., 2023a),
but we see significant benefits for low-resource lan-
guages. We document the same findings in terms
of BLEU and COMET in Appendix C.5 and with
more LLMs in Appendix C.6.

5.2 Comparing to other approaches

We compare the best performing multilingual sen-
tence embeddings model, SONAR against other
approaches from the literature in few-shot sce-
narios. laCOMET scores are given in Table 2.'°
SONAR yields larger performance gains across all
directions and LLMs. Following SONAR, BM25
emerges as the second-best approach. Its reliance
on n-gram-(word-)matching inherently positions it
as a strong contender for example selection. How-
ever, applying the re-ranking proposed by Agrawal
et al. (2023) fails to further improve BM25 in our
experimental setup. We attribute this to a lack of di-
versity in the pool, which hinders its ability to cover
each word of the sentences to translate. While
RoBERTa achieves performance levels comparable
to those of SONAR in French and German, it con-
sistently lags behind in Swahili and Wolof. This
discrepancy may be due to RoBERTa not being
explicitly trained to produce similar vector repre-
sentations for similar sentences, resulting in worse
choices than SONAR. Nevertheless, it still outper-

1OWe report results with additional LLMs in Appendix C.6.
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forms random sampling in our evaluations.

5.3 Robustness to the quality and the diversity
of the selection pool

The performance of ICL is heavily dependent on
the diversity and quality of the selection pool. The
initial selection pool is a small set of high qual-
ity professional translations. Similar to previous
works, we extensively studied example retrieval
with a high quality pool. In this set of experi-
ments, we compare the behavior of example re-
trieval with SONAR and BM25 when translating
into Swahili across eight!! different pool composi-
tions P1, ..., Ps. Each composition includes sam-
ples from FLORES-200 dev set and/or samples
from the NLLB dataset (see Section 4). We assess
the quality and diversity of each of the eight pool
compositions in Table 3 with two key metrics: the
Vendi Score (Dan Friedman and Dieng, 2023) and
the average perplexity. The Vendi Score, computed
with SONAR embeddings, measures diversity, with
higher values indicating greater diversity within the
composition. The average perplexity, computed
using Gemma 2B, measures sample quality, with
lower values indicating higher quality samples. In
Figure 4, we observe a gradual performance im-
provement with SONAR and BM25 as the selection
pool contains more and more high-quality samples
(from P; to Py) in the 5 and 10-shot settings. Al-
though the difference with random sampling is ini-
tially modest for both strategies (at Py), it steadily
widens until P4. The introduction of NLLB sam-
ples in the selection pool, which are inherently of
lower quality compared to FLORES-200’s, induces
a decay in the overall quality of outputs for all
strategies with random sampling being particularly
affected. SONAR emerges as the most robust strat-
egy because it exhibits a lesser performance drop.
This motivates the use of example selection via
similarity search in scenarios where the quality of
the pool is heterogeneous or partially known.

In order to gain more insights into which exam-
ples are being selected, we analyze, on average,
what is the proportion of in-context examples be-
longing to the FLORES-200 dev set (i.e. the high-
est quality examples) among the selected ones. We
conduct the analysis in the 10-shot setting with
BLOOM 7B1 and report the results in Figure 3.
We observe that despite having access to more sam-
ples, SONAR is more prone to selecting FLORES’s

See Appendix C.1 for results with more samples.

samples than BM25. This suggests that SONAR is
better at retrieving more high-quality samples even
at the cost of sacrificing the n-gram-level similarity
to the sentence of interest. This ability to query
“good sentences” results in a greater resilience to
noisy selection pools. Interestingly, as illustrated
in Table 3, the average similarity scores between
the retrieved examples in 10-shot increase with the
size of the selection pool. This indicates that a
larger pool improves the likelihood of retrieving
relevant in-context demonstrations, although the
quality of the retrieved examples is more important
to generate good outputs.

5.4 Scalability of example retrieval via
similarity search

We demonstrate that the advantages of example
retrieval are observable across various scales by
evaluating it on a range of LLMs with parameter
counts ranging from 2B to 70B. Figure 4 highlights
the efficacy of example retrieval when translating
from English to Swahili. Most LLMs show a perfor-
mance improvement of at least 4 laCOMET points
between the use of SONAR and random sampling
for example selection. Interestingly, we observe
that even with 20 in-context examples, the gap with
random sampling does not plummet; it continues to
increase with the number of in-context examples.'?
BM25 consistently outperforms random sampling
but does not reach SONAR’s laCOMET scores.

6 Discussion

Example selection via similarity search im-
proves MT. Our results for translation into
French and German partially resonate with pre-
vious work by Vilar et al. (2023) and Zhu et al.
(2023), as we reported a small range of improve-
ment for these languages over random sampling for
a high quality pool (between 0.1 and 0.5 aCOMET
for most LLMs). However, our experiments on
Swahili and Wolof show that example selection
can yield significant gains for lower-resource lan-
guages. For these languages, and when the LLM’s
context length allowed it, we did not observe a
plateau even at 20-shot as opposed to (Zhu et al.,
2023)."3 In addition to a strong performance, exam-
ple retrieval using SONAR is resilient with lower

20LMo 7B’s performance drop in the 20-shot setting is
caused by its short context length (2048), which makes most
generations empty.

We stopped at 20 because of the limited context length

of some of our LLMs (e.g. BLOOM 7B1, OLMo 7B), which
would have resulted in truncated contexts and therefore have

1227



Metric eng—fra eng—deu eng—swh eng—wol

1 5 10 1 5 10 1 5 10 1 5 10
BLOOM 7Bl1
SONAR 798 868 86.6 553 60.1 60.8 574 683 69.6 50.2 504 51.6
BM25 78.8 86.6 86.7 542 59.7 59.7 570 668 685 494 49.1 504
R-BM25 82.0 864 865 529 577 58.6 548 643 653 424 438 458
BLEU 78.2 86.7 86.6 53.6 592 599 570 662 674 495 495 509
RoBERTa 78.5 86.7 86.8 541 593 584 579 660 67.1 500 494 499
Random 773 865 86.6 528 577 577 569 651 66.0 465 451 464
Mistral 7B v0.1
SONAR 86.1 869 87.0 836 858 859 372 406 435 364 450 46.1
BM25 86.2 86.8 869 83.6 854 857 349 388 414 330 40.7 433
R-BM25 86.2 86.5 86.6 835 855 854 319 338 345 241 285 323
BLEU 86.2 869 869 833 854 858 354 372 391 327 40.0 426
RoBERTa 859 869 868 836 854 859 337 356 373 320 394 420
Random 858 865 86.6 830 854 855 327 335 338 267 332 36.0
LLaMA 2 7B
SONAR 859 86.1 863 838 853 854 452 432 455 39.7 459 46.7
BM25 85.6 86.1 862 833 849 851 40.7 40.1 426 38.1 430 45.1
R-BM25 855 860 858 831 850 850 335 342 348 254 277 331
BLEU 85.6 86.0 86.1 838 850 850 388 39.0 40.1 36.6 41.6 436
RoBERTa 856 862 860 838 850 853 399 381 397 387 421 438
Random 85.6 859 860 83.6 84.8 850 354 347 358 344 347 365

Table 2: Comparison of example retrieval with SONAR to baseline methods for k-shot settings (k € {1,5,10}).
The best performance (IaCOMET) for each direction is shown in bold.

P P2 Ps Pa Ps Ps Pr Ps
#FLORES samples (N1) 10 100 500 997 997 997 997 997
#NLLB samples (N2) 0 0 0 0 1000 5000 10000 20000
Vendi Score 94 812 2748 388.2 3844 3499 347.5 349.5
Perplexity 131.0 909 79.9 774 2227 301.8 306.3 356.5
BM25 scores 1.51 643 10.3 1191 12.85 12.31 13.30 14.43
SONAR scores 0.04 0.12 0.18 0.20 0.21 0.22 0.23 0.24

Table 3: Average average similarity scores between each sentence to be translated and its 10 examples retrieved

with SONAR and BM25 for each pool composition.

quality pools, outperforming the random baseline
as well as the strong BM25 approach. This robust-
ness is observed for both high- and low-resource
directions in terms of BLEU and 1aCOMET.

What issues arise when prompting an LLM to
translate into a low-resource language? The
zero-shot abilities of LLMs are sensitive to the tem-
plate, as shown in Appendix B.1. This is caused
by two problems. First, there are instances where
the model fails to understand the task and gener-
ates unrelated outputs (e.g. multiple line breaks,
a repetition of the end of the prompt in multiple
languages or a continuation of the input sentence).

a negative impact on scores.

Secondly, there is the inability to accurately per-
form the task, leading for example to the repetition
of the input sentence (potentially with a few mod-
ifications), partial translation (e.g. with repeating
n-grams at the end) and translation in an incorrect
language. The first problem is generally minor
when we have a good template, a high-resource lan-
guage and a capable LLM .Moreover, it is mostly
solved by using a 1-shot example. This is why
there is a huge gap between 0-shot and 1-shot per-
formance as pointed out by Hendy et al. (2023).
Low-resource directions would require more shots,
typically between 2 and 5. The second problem is
more tenacious, particularly for low-resource direc-
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and NLLB samples, the average number of the 10 in-
context examples belong to the FLORES-200 dev set
when using SONAR, BM25, and random sampling.

tions. As the number of shot increases, the number
of translations in the correct language increases
and the number of empty translations decreases.
However, the scores remain low.

Why does example selection via similarity
search work? The success of ICL depends on
the ability of the LLM to understand the task and
its ability to generate a qualitative output given an
input. As explained earlier, the task understanding
is mostly solved by using few-shot examples. Ex-
ample selection via similarity search leads to gains
in output quality by using qualitative demonstra-
tions aimed at encouraging the LLM to generate
higher quality outputs. The impact of example re-
trieval on the translation from English to French is

noticeable at the phrasing level. It makes the LLMs
employ different words compared to those used
with random sampling to convey the same message.
Additionally, it influences the translation of enti-
ties (e.g. names of organizations, universities etc.),
although we did not observe a consistent pattern
in this regard. For translation into Wolof, we ob-
served that example retrieval considerably impacts
the rate at which the number of translations in the
correct language increases (see Appendix C.10),
partially explaining its superior performance. For
translation into Swabhili, example retrieval helps
mitigate the uncontrollable generation of n-grams,
and its impact on the phrasing is more pronounced
than observed for French. The LL.Ms tend to gen-
erate more words in Swahili that are relevant to the
context of the sentence to translate.

7 Conclusions

We have provided a systematic study of example
selection via similarity search as a simple way to
improve the MT capabilities of LLMs, compar-
ing the translation quality of multiple open-source
LLMs when using a range of different sentence
embedding methods to select few-shot examples.
We cover four translation directions covering high-
and low-resource languages. Our results confirm
previous results for high-resource languages that
similarity search does not provide significant gains
over random sampling. However, we show that
the strategy allows LLMs to demonstrate superior
translation performance for mid- and low-resource
languages. We validated these results across mul-
tiple scales of LLMs and example pool sizes. We

1229



—— SONAR —&— bm25 —— Random
BLOOM 7b1l Gemma 2b Gemma 7b
70.0 N N
///A_i:—n 81 %u
67.5 /// 68 ~ /7
550/ o ; 50 (/ 4
l//“ Z/
62.5
/ 64 // 4 /
60.0 194 79
57.5 62 4
m LLaMA 2 7b LLaMA 2 13b LLaMA 2 70b
% /./A 48 /Ik /Ak
) 45 — —
v e X ///r//”“ //
5 , 46 . 60~
= A r/ .
f.) 40 44 (/ /‘/
2 \ a2l >
g‘ /A_/—A { I
S 3 ‘\ 40 H y
- } 50 -1
38
OLMo 7b Mistral 7b v0.1 Mixtral 8x7b v0.1
aar // ™ 45.0 k//A 60 .///ﬁ
42 \ / 42.5 /.//“ 58 =
‘\V/ — 40.0 //‘?/4 56 //
4 375/ 54 174 s
4 ‘(/( —
iy 30 — 2
—
36 325 L 50
12 5 10 20 12 5 10 20 12 5 10 20

Number of in-context examples

Figure 4: 1laCOMET scores of example retrieval with SONAR and BM25 compared to random sampling for the
k-shot setting (k € {1,2,5,10,20}) for eng—swh and nine LLMs. Note that for readability reasons, the Y-axis
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also demonstrated that greater diversity in high-
quality pools yields better results. Example re-
trieval is significantly more robust to quality het-
erogeneity, with sentence embeddings providing
the highest resilience.

Limitations

One inherent limitation of our work is the defini-
tion of the concept of similarity; it is a broad and
polymorphous concept, and we choose to focus on
semantics through the use of sentence embeddings
(although it is likely that other aspects are also rep-
resented via sentence embeddings). Although other
approaches (e.g. more syntax-based) are also pos-
sible and would be interesting to explore in future
work.

Moreover, despite the gain observed when trans-
lating from English to Wolof, it is obvious that
most LLMs struggle considerably with this lan-

guage and other low-resource ones, and this should
be a research direction to explore.
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A Implementation details

A.1 Framework and hyperparameters

All our experiments are done with beam search
(Freitag and Al-Onaizan, 2017) and a beam size
of 2. We use vLLM (Kwon et al., 2023) for inference
and generate with a maximum sentence length of
100 tokens. In zero-shot settings, we truncate the
prediction at the first new line break and ignore
any tokens generated afterwards. For the statistical
significant comparison with random sampling, we
follow (Koehn, 2004) and use paired bootstrap re-
sampling with 300 samples of 500 sentences and a
p-value threshold of 0.05.

A.2 Models

In Table 4, we list the links to the relevant resources
used for experiments.

B Preliminary experiments

B.1 Template selection

We carried out a preliminary investigation to
choose a strong template for our subsequent MT
experiments. We compared six potential MT tem-
plates (listed in Table 5) in 0-shot and 5-shot set-
tings for three models and the four directions. The
BLEU scores are shown in Table 6. The best tem-
plate for a model does not necessarily work well
with another model in the zero-shot setting (e.g. T3
> T5 for LLaMA 2 7B but not for Mistral 7B v0.1).
We notice that having the end of the prompt written
in the target language can dramatically improve
zero-shot MT; using template T2 instead of tem-
plate T1 gives an absolute gain of 11.5 BLEU for
BLOOM 7Bl1, 5.5 for Mistral 7B v0.1 and 0.8 for

LLaMA 2 7B for eng—fra. For eng—deu, T2 sur-
passes T1 by 0.2 BLEU for BLOOM 7B1, 4.4 for
Mistral 7B v0.1 and 2.7 for LLaMA 2 7B. Sim-
ilarly, significant gains are observed when using
T4 instead of T3. We hypothesize that these im-
provements can be attributed to the fact that the
prompt ending in the target language encourages
the model to continue generation in that language,
reducing the occurrence of unrelated outputs. The
presence of a colon (:) at the end of the prompt
can have a negative effect on some LLMs such as
Mistral 7B v0.1 and LLaMA 2 7B, making them
generate dates (with the format YYYY-MM-DD).
The performance disparities among templates T1,
T2, T5 and T6 disappear in the 5-shot setting but
the negative impact of the colon keeps templates
T3 and T4 behind. Translating into low-resource
languages gives poor zero-shot scores, which pre-
vents a reliable comparison of the templates. The
1aCOMET scores reported in Table 7 tell the same
story and we observe a greater variance between
scores in zero-shot compared to BLEU scores.
T1, T2, TS5, and T6 are the optimal templates for
eng—swh and eng—wol in few-shot scenarios for
all three LLMs. The summary of this analysis is
that zero-shot performance varies greatly across
templates as observed by Zhang et al. (2023a).
This discrepancy tends to disappear in few-shot
settings except for adversarial templates. Any of
the templates T1, T2, T5 and T6 would allow a fair
comparison between models in few-shot scenarios.
In this work, we use template TS because of its
simplicity and good few-shot performance.

B.2 WhylaCOMET?

laCOMET was introduced to make COMET robust
to instances where LLMs output empty transla-
tions or translations in an incorrect target language.
Table 8 contains some examples of these issues
produced by Mixtral 8x7B v0.1. They often occur
when the model has to translate into a language it
rarely encountered during its training. In Table 9,
these issues give the illusion that Mistral 7B v0.1
outputs better 0-shot Swabhili translations than 5-
shot ones. Overall, COMET overestimates 0-shot
translations and the use of laCOMET reveals this.
The laCOMET 0-shot scores are significantly lower
than the corresponding COMET scores. As ex-
pected, both COMET and 1aCOMET are close in
few-shot settings because the use of in-context
demonstrations considerably alleviates these is-
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Datasets

FLORES-200 https://huggingface.co/datasets/facebook/flores

NLLB Full dataset https://huggingface.co/datasets/allenai/nllb
Models evaluated

BLOOM 7B1 https://huggingface.co/bigscience/bloom-7b1

OLMo 7B https://huggingface.co/allenai/OLMo-7B

Gemma 2B https://huggingface.co/google/gemma-2b

Gemma 7B https://huggingface.co/google/gemma-7b

LLaMA 2 7B https://huggingface.co/meta-1lama/Llama-2-7b-hf

LLaMA 2 13B https://huggingface.co/meta-1lama/Llama-2-13b-hf

LLaMA 2 70B https://huggingface.co/TheBloke/Llama-2-70B-AWQ

LLaMA 3 §B https://huggingface.co/meta-1lama/Meta-Llama-3-8B

Mistral 7B v0.1
Mixtral 8x7B v0.1

https://huggingface.
https://huggingface.

co/mistralai/Mistral-7B-v@.1
co/TheBloke/mixtral-8x7B-v@.1-AWQ

RoBERTa https://huggingface.co/FacebookAI/roberta-1large
Sentence embeddings
Cohere embed-multilingual-v3.0
ES https://huggingface.co/intfloat/multilingual-e5-1large
LaBSE https://huggingface.co/sentence-transformers/LaBSE
Laser 2 https://github.com/facebookresearch/LASER
SONAR https://github.com/facebookresearch/SONAR
Table 4: Links to datasets, benchmarks and models.
1D Template Example (eng—fra)

T1 [src] ¢ [source] ¢ translates into ¢ [tgt] ©

T2  [src]sre © [source] ¢ translates into ¢ [tgt]e ©

T3  [src]: [source] ¢ [tgt]:

T4 [srclse: [source] ¢ [tgtlig:

TS5  [src sentence] ¢ [source] ¢ [tgt translation] ¢

T6  [src sentence]s © [source] ¢ [tgt translation]e ¢

English ¢ I live in Paris. ¢ translates into ¢ French ¢
English ¢ I live in Paris. ¢ translates into ¢ Francais ¢
English: I live in Paris. ¢ French:

English: I live in Paris. ¢ Frangais:

English sentence ¢ I live in Paris. ¢ French translation ¢
English sentence ¢ I live in Paris. ¢ Traduction en frangais ¢

Table 5: Templates considered for template selection. src represents the source language (e.g. English), 7gt the target
language (e.g. French) and source the sentence to translate. The presence of the subscripts sre and tgt indicates that
the words are written in the source language and the target language, respectively. ¢ represents a line break.

sues. Moreover, we evaluated BLOOM 7B1’s
zero- and 5-shot translations across the 6 templates
with Metric-X23 Large (Juraska et al., 2023) and
reported the results in Table 10. Despite being
larger than COMET (in terms of number of parame-
ters), it struggles to differentiate between zero-shot
and few-shot Wolof translations. It also considers
BLOOM 7B’s zero-shot Swabhili translations with
Template T5, which are mostly in English, to be
close in quality with the 5-shot translations. la-
COMET is more robust to the pitfalls of in-context
MT than COMET and Metric-X23. A language-
aware version of Metric-X23 would have the same
advantages as laCOMET but would be more expen-
sive to use.

C Additional results

C.1 Impact of scaling the selection pool

As discussed in Section 5.3, we showed that ex-
ample selection via similarity search is crucial
not only when the selection pool contains high-
quality samples but also when it is heterogeneous
with many low-quality samples. The performance
drop observed after introducing NLLB samples
does not undermine the importance of similarity
search; rather, it highlights that poor in-context
examples can negatively impact translation perfor-
mance. However, similarity search remains highly
robust in such scenarios. In Figure 2, we reported
results with up to 20K NLLB samples, while Ta-
ble 11 shows that even with 1M NLLB samples,
SONAR remains the most robust retriever, achiev-
ing performance comparable to the 20K-sample
setting.
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0-shot
T1 T2 T3 T4 T5

5-shot

T6 T1 T2 T3 T4 T5 T6

BLOOM 7B1

eng—fra 26 141 105 228 275
eng—deu 2.1 2.3 3.1 6.4 6.6
eng—swh 1.4 1.7 1.5 1.6 32
eng—wol 1.3 1.3 1.7 1.7 2.5

41.7 46.6 469 464 46.6 46.7 47.0

1.3 140 140 135 138 139 141
39 108 107 105 104 105 102
0.5 1.5 1.5 14 14 1.6 1.8

Mistral 7B v0.1

eng—fra 89 144 264 242 446
eng—deu 7.8 122 146 165 33.0
eng—swh 2.8 2.7 1.3 1.5 24
eng—wol 2.8 2.8 0.2 0.2 2.6

40.8 483 48.1 470 468 480 48.1
31.7 374 376 352 352 373 373
2.7 2.7 2.8 2.8 2.9 2.8 2.8
0.7 22 22 1.8 1.7 2.3 2.1

LLaMA 2 7B

eng—fra 102 110 193 282 53
eng—deu 9.8 125 151 194 5.1
eng—swh 1.1 1.3 1.0 09 1.3
eng—wol 1.5 1.5 0.0 0.0 0.2

8.4 454 453 413 413 452 453
3.8 352 352 30.0 31.1 352 349
0.9 2.7 2.8 1.6 0.7 2.8 2.7
0.2 2.1 2.1 1.5 1.5 2.1 2.2

Table 6: Comparison of BLEU scores on the FLORES-200 devtest set with three LLMs and the six templates
(T1-T6) detailed in Table 5 for 0-shot and 5-shot settings. 5-shot examples are sampled uniformly at random. We
report the average BLEU score across three runs with different seeds.

C.2 Impact of in-context example order

We investigated how the ranking of in-context ex-
amples impacts translation performance. Given the
huge number of permutations possible, we could
not evaluate each of them. Instead, we compared
the current order to its direct opposite (i.e. ranking
the retrieved in-context examples from the least to
the most similar starting from the source sentence).
The results, given in Table 12 show that there is no
significant difference in performance between the
two orders.

C.3 Impact of the domain of the selection pool

We have mainly used FLORES 200 (news domain;
Goyal et al., 2022; Costa-jussa et al., 2022) for our
experiments. In this section, we explore a differ-
ent domain, the health domain using the TICO-19
benchmark (Anastasopoulos et al., 2020). It is a
benchmark of sentences related to the COVID-19
pandemic, covering covers 35 languages. It is di-
vided into 2 sets: an evaluation set of 2100 sen-
tences and a validation set of 971 sentences. We
evaluate on the evaluation set and study two sce-
narios. The in-domain scenario where the selection
pool is the TICO-19’s validation set which shares
the same domain as the evaluation set and the out-
of-domain scenario where we use FLORES 200
dev set (news domain) as the selection pool. We
evaluate LLaMA 3 8B (Dubey et al., 2024) in the
5-shot setting on the translation from English to
Hausa, Nepali, Somali and Urdu. In Table 13, we

observe that in-domain scores are greater than their
out-of-domain counteparts. However, in both sce-
narios, example selection via similarity search out-
performs random selection. We also note that the
performance gap with random selection is greater
in the in-domain scenario than in the out-of-domain
scenario.

C.4 Overlap between sentence embeddings

Motivated by the low variability in performance ob-
served between the sentence embeddings in Table 2,
we analyzed the degree of overlap in the choices
made by the different sentence embedding meth-
ods by calculating the average intersection between
the top 10 pairs retrieved (in P) between methods
(the pool being the Flores-200 devtest set). The
results in Figure 5 show that each method retrieved
a distinct set of examples, with most overlap seen
between ES and Embed v3 with an average of 5.87
examples in common per top 10.

C.5 BLEU and COMET results

As mentioned previously we additionally present
results with BLEU (Table 14 and Table 16) and
COMET (Table 15 and Table 17) for transparency
reasons. The results show the same pattern as the
1laCOMET results shown in the main part of the
paper. Example retrieval with sentence embeddings
outperforms random sampling in all scenarios.
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0-shot 5-shot

T1 T2 T3 T4 T5 T6 T1 T2 T3 T4 T5 T6
BLOOM 7B1
eng—fra 2.1 230 198 439 547 824 86.5 86.5 865 865 86.5 86.6
eng—deu 0.9 1.9 74 21.6 269 5.3 584 584 56,5 577 577 579
eng—swh 0.0 2.3 1.1 2.8 59 213 66.6 666 634 639 651 668
eng—wol 0.0 0.0 0.3 0.3 0.9 0.0 46.0 46.0 432 432 451 423
Mistral 7B v0.1
eng—fra 119 215 612 620 81.8 754 86.6 865 857 856 865 86.6
eng—deu 13.6 248 47.0 556 783 744 854 854 838 835 854 852
eng—swh 1.9 23 130 155 26.8 293 337 338 321 328 335 333
eng—wol 0.0 0.0 1.1 1.1 1.7 0.0 343 343 380 38.1 331 337
LLaMA 2 7B
eng—fra 187 184 49.5 66.6 57 176 859 859 81.1 81.7 859 86.0
eng—deu 235 29.1 425 577 7.3 4.2 846 848 750 778 84.8 85.0
eng—swh 1.2 0.4 3.8 53 0.2 0.5 342 343 9.8 6.2 346 355
eng—wol 0.0 0.0 0.1 0.1 0.0 0.0 344 344 314 314 347 378

Table 7: Comparison of laCOMET scores on the FLORES-200 devtest set with three LLMs and the six templates
(T1-T6) detailed in Table 5 for 0-shot and 5-shot settings. 5-shot examples are sampled uniformly at random. We
report the average BLEU score across three runs with different seeds.

Source sentence
0-shot translation (paraphrases source)

International sanctions have meant that new aircraft cannot be purchased.
Senegal is under international sanctions, so new aircraft cannot be purchased.

Source sentence
0-shot translation (wrong language)

During his trip, Iwasaki ran into trouble on many occasions.
Durant son voyage, Iwasaki a rencontré beaucoup de problemes.

Table 8: Examples of 0-shot eng— wol mistranslations by Mixtral 8x7B v0.1 with Template T5.

Embed v34q 10.0 5.87 2.68 1.29 2.96
E54{ 5.87 10.0 2.64 1.38 2.77
LaBSE{ 2.68 2.64 10.0 2.21 2.95
Laser2{ 1.29 1.38 2.21 10.0 2.13
SONAR4{ 2.96 2.77 2.95 2.13 10.0
o 4 & & o
L & & >
Y v " %)
Q/’&

Figure 5: Average number of retrieved examples in
common between sentence embedding methods (10-
shot).

C.6 Additional results for other LLMs

In Tables 18 and 19, we provide the laCOMET
scores for six additional LLMs: Gemma 2B,
Gemma 7B, OLMo 7B, LLaMA 2 13B,

LLaMA 2 70B, and Mixtral 8x7B v0.1. We
observe the same results as with BLOOM 7B,
Mistral 7B v0.1, LLaMA 2 7B and Gemma 7B.
Example retrieval with sentence embeddings
outperforms random sampling at all scales, with
the delta being higher when translating into
Swahili and Wolof. SONAR is overall the best
alternative, followed by BM25.

C.7 Additional results for more target
languages

In this section, we run additional experiments to
compare example retrieval via similarity search
with BM25 and SONAR to random sampling in the
5-shot scenario. We use LLaMA 3 8B (Dubey et al.,
2024) and we consider 8 more FLORES-200 lan-
guages: Hausa (hau), Javanese (jav), Somali (som),
Telugu (tel), Urdu (urd), Xhosa (xho), Yoruba (yor)
and Zulu (zul). We report the BLEU and [aCOMET
scores in Table 20. We observe the same results as
those documented throughout the paper, choosing
in-context demonstrations based on their similarity
to the sentence to translate yields better translations
as evaluated by BLEU and [aCOMET. In table 21
we observe than even when we change the source
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0-shot
T1 T2 T3 T4 T5

5-shot

T6 T1 T2 T3 T4 T5 T6

BLOOM 7B1

eng—fra 574 683 654 746 76.0
eng—deu 528 541 538 57.8 559
eng—swh 445 468 473 474 528
eng—wol 286 286 296 29.6 295

83.5 86.5 865 865 865 86.5 86.6
42.6 58.8 588 580 584 585 585
54.5 679 679 675 674 677 679
35.8 47.5 475 454 454 473 469

Mistral 7B v0.1

eng—fra 664 694 67.1 656 84.7
eng—deu 61.6 662 543 609 824
eng—swh 49.8 503 368 36.6 365
eng—wol 293 293 220 220 29.2

83.4 86.7 86.7 86.0 858 86.7 86.7
81.7 85.6 856 843 841 857 855
39.1 36.5 365 36.1 363 36.6 36.1
34.5 40.7 40.7 415 41.6 403 405

LLaMA 2 7B

eng—fra 599 635 615 711 569
eng—deu 54.6 61.3 58.1 653 523
eng—swh 38.1 372 317 322 40.6
eng—wol 257 257 29.1 29.1 28.0

58.3 859 859 820 822 859 86.0
53.9 84.8 849 79.7 80.7 848 851
36.0 374 373 403 396 375 376
371 41.8 41.8 385 385 422 443

Table 9: Comparison of COMET scores on the FLORES-200 devtest set with three LLMs and the six templates
(T1-T6) detailed in Table 5 for 0-shot and 5-shot settings. 5-shot examples are sampled uniformly at random. We
report the average BLEU score across three runs with different seeds.

0-shot 5-shot
T1 T2 T3 T4 T5 T6 T1 T2 T3 T4 T5 T6
BLOOM 7B1
eng—swh 1449 1337 1298 13.24 9.77 11.16 8.71 8.55 8.46 8.52 8.55 9.09
eng—wol 2376 2376 23.81 23.81 23.29 24.4 2486 24.86 24.83 24.83 2479 24.69

Table 10: Comparison of Metric-X23 (Juraska et al., 2023) scores on the FLORES-200 devtest set with BLOOM 7B 1
and the six templates (T1-T6) detailed in Table 5 for O-shot and 5-shot settings. 5-shot examples are sampled
uniformly at random. We report the average MetricX-23 Large score across three runs with different seeds. Lower

is better.

language from English to French or German, ex-
ample selection via similarity search yields consid-
erably better results compared to random sampling
(in terms of BLEU).

Target Hau Jav. Som Tel Urd Xho Yor Zul
1aCOMET

Random 63.0 779 46.1 59.0 723 19.8 508 402
BM25 658 80.5 51.6 595 732 293 537 458

SONAR 658 80.5 534 602 735 309 548 453
BLEU
Random 10.1  16.8 32 76 168 2.7 36 24

BM25 124 188 46 79 173 35 48 43
SONAR 118 185 45 81 172 38 50 44
Table 20: Full quantitative results in 8 English —

X translation directions from FLORES 200 with
LLaMA 3 8B in 5-shot. Bold entries: denote statisti-
cally significant differences with p < 0.05 in the paired
t-test compared to Random sampling.

Target Hau Jav.  Som Tel Urd Xho Yor Zul

French

SONAR 892 13.14 3.67 1747 1844 13,53 274 344
BM25 532 11.00 1.66 14.55 1822 1335 1.12 144
Random  3.07 848 0.68 1296 1758 1121 0.50 047

German

SONAR 795 1221 1.65 1437 18.07 1395 257 148
BM25 322 788 099 12,63 18.03 12.70 0.70 0.74
Random 2.74 7.07 061 1147 17.15 1136 047 042

Table 21: Full BLEU results in 8 French/German
— X translation directions from FLORES 200 with
LLaMA 3 8B in 5-shot.

C.8 Source-to-target example retrieval

As mentioned in the main text of the article, we
mainly explored source-to-source retrieval (com-
paring the source sentence to the source side of
pool examples). In this section, we provide results
for source-to-target retrieval. Tables 22 and 23
summarize the [aCOMET scores obtained using
different sentence embeddings with nine LLMs.
Example retrieval via similarity search outperforms
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Pool Composition 997 + 20K 997 + 100K 997 + 500K 997 + 1IM

1 5 10 1 5 10 1 5 10 1 5 10
BLOOM 7B1
SONAR 543 67.0 684 521 643 673 527 638 668 533 642 67.1
BM25 51.0 624 652 495 60.1 639 484 615 639 493 613 629
Random 476 59.1 61.7 46.0 57.1 60.1 451 58.1 604 451 585 603

Table 11: Impact of adding NLLB samples to the initial selection pool (FLORES 200 dev set) in k-shot settings

(k € {1,5,10}). We report the laCOMET scores for eng— and BLOOM 7B1.

eng—fra eng—deu eng—swh eng—wol

1 5 10 1 5 10 1 5 10 1 5 10

BLEU Original 429 475 480 126 149 152 86 120 127 22 29 3.0
Reverse 429 470 478 126 149 152 86 117 131 22 28 3.0
COMET Original 84.9 868 86.6 589 60.7 613 645 695 704 520 51.6 525
Reverse 849 866 86.6 589 602 613 645 692 705 520 517 525
JaCOMET Original 79.8 868 86.6 553 60.1 608 574 683 696 502 504 51.6
Reverse 798 866 86.6 553 59.6 609 574 678 69.7 50.2 503 51.6

Table 12: Impact of the ordering of in-context examples (Original: most to least similar, Reverse: least to most
similar) in k-shot settings (k € {1,5, 10}) on translation quality (BLEU, COMET and laCOMET) with BLOOM 7B1

as the translator and SONAR as the example retriever.

random sampling, with most gains observed when
translating into Swahili and Wolof. SONAR does
even better in this setup and we attribute this to
its cross-lingual training, which covers all the lan-
guages we experiment with. Comparing exam-
ple retrieval in source-to-source and source-to-
target does not allow us to draw systematic con-
clusions. However, the performance of both ap-
proaches are similar when translating into high-
resource languages. When translating into low-
resource languages, some sentence embeddings
tend (e.g. LaBSE) to perform worse for source-to-
target than for source-to-source, which is typically
related to the amount of data in the language seen
during training.

C.9 Translation into English

In this section, we benchmark example retrieval
with different sentence embeddings for fra—eng,
deu—eng, swh—eng and wol—eng. Tables 24, 25
and 26 respectively contain the BLEU, COMET
and laCOMET scores obtained with BLOOM 7B1
and LLaMA 2 7B. In this scenario, example re-
trieval via similarity search also proves beneficial,
especially when the source language is a mid- or
low-resource language. The gains are significant,
but not as high as for the opposite translation di-
rection. In summary, the conclusions are generally
consistent with those for the opposite direction.

C.10 Distribution of issues in zero-shot and
few-shot MT

A major issue when translating with LLMs is
the generation of empty translations and trans-
lations in the incorrect target language (a prob-
lem that appears to decrease as the number of
in-context demonstrations increases). We use
Mixtral 8x7B v0.1 to translate from English into
French, Swahili, and Wolof. As shown in Fig-
ure 6, when translating into French, even a single
in-context demonstration ensures that the language
model generates a non-empty French sentence in
all cases, regardless of whether the demonstrations
are chosen randomly. However, for translations
into Swabhili and Wolof, adding in-context exam-
ples does not entirely solve the problem of trans-
lating in an incorrect language, although the more
in-context demonstrations provided, the less the
problem occurs. Moreover, using SONAR and
BM25 sampling methods reduces the frequency of
these problems compared to random sampling. As
reported in Table 27, empty translations and trans-
lations in an incorrect language occur significantly
less when translating into high-resource languages.
When they occur, it is in setups where the number
of ICL examples is low (typically equal to one)
and they completely disappear for bigger values.
However, these issues are more persistent with low-
resource languages. Using more ICL examples
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Hausa Nepali Somali Urdu
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

IN-DOMAIN EVALUATION

SONAR 8.60 65.31 22.94 76.30 1.42 49.84 20.38 73.74

BM25 9.14 65.85 23.15 75.90 1.62 49.78 20.22 73.70

Random 6.38 60.47 17.27 72.67 0.89 41.83 16.17 71.00
OUT-OF-DOMAIN EVALUATION

SONAR 6.77 62.21 17.34 72.73 1.26 43.89 15.92 71.57

BM25 6.62 61.88 17.28 73.23 1.35 44.70 15.91 71.26

Random 5.78 58.92 15.46 71.38 0.98 40.73 15.03 70.60

Table 13: In-domain and out-of-domain evaluation on TICO-19 (Anastasopoulos et al., 2020) with LLaMA 3 §B.
We report the BLEU and COMET scores.

helps mitigate their impact, but the quality of the
retriever also plays a significant role.
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eng — fra eng — deu eng — swh eng — wol
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

Embed v3 423 470 475 124 147 151 89 123 127 18 23 25
E5 427 472 479 125 149 153 86 121 125 19 24 26
LaBSE 425 473 478 126 149 152 87 117 123 24 26 29
LASER2 42,1 474 479 128 146 150 86 116 11.7 24 28 29
SONAR 429 475 48.0 126 149 152 86 120 127 22 29 3.0
Random 408 46.7 472 123 139 140 82 105 11.0 09 16 19
Mistral 7B v0.1

Embed v3 473 484 488 364 380 386 36 49 54 28 33 37
E5 469 485 487 364 379 382 35 47 55 28 33 33
LaBSE 474 488 490 36,5 378 379 33 46 51 32 33 38
LASER2 47,5 488 49.0 363 374 377 3.1 4.1 47 33 33 36
SONAR 474 490 492 36.6 381 382 35 46 54 32 34 37
Random 472 480 484 36.1 373 375 28 28 29 24 23 27
LLaMA 2 7B

Embed v3 445 458 46.1 347 353 354 29 4.1 44 20 32 34
E5 448 460 463 348 359 357 31 38 44 20 3.0 3.1
LaBSE 444 453 460 348 356 354 32 42 43 25 36 37
LASER2 448 456 46.1 346 357 357 3.1 3.6 40 26 36 36
SONAR 449 455 46.0 345 357 357 31 4.2 46 21 34 37
Random 446 452 454 341 352 355 24 28 2.8 1.3 21 23

Table 14: BLEU scores for k-shot (k € {1,5,10}) example retrieval with different sentence embeddings.

eng — fra eng — deu eng — swh eng — wol
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

Embed v3 84.6 867 86.7 59.0 60.6 613 651 697 702 524 514 520
E5 85.0 86.6 86.7 587 605 610 651 69.6 702 527 523 519
LaBSE 847 86.7 86.7 588 604 612 645 692 699 520 523 531
LASER2 84.8 866 86.7 588 603 603 641 689 689 515 514 523
SONAR 849 868 866 589 607 613 0645 695 704 520 51.6 525
Random 843 865 86.6 58.0 585 587 640 677 679 49.0 473 483
Mistral 7B v0.1

Embed v3 86.6 87.0 87.0 848 858 860 41.8 430 451 452 482 486
E5 864 87.0 869 849 857 858 41.6 433 449 455 485 485
LaBSE 86.5 869 87.0 849 857 859 413 422 437 455 47.1 488
LASER2 86.5 87.0 870 850 858 858 39.7 40.1 419 433 470 47.6
SONAR 8.3 87.0 871 850 859 861 414 428 451 453 484 49.0
Random 86.4 86.7 86.7 847 857 857 381 366 367 393 403 424
LLaMA 2 7B

Embed v3 858 86.1 863 842 850 850 487 458 465 485 500 504
E5 85.8 86.2 864 844 852 852 483 451 465 489 50.2 497
LaBSE 858 860 862 844 852 851 476 449 459 482 49.0 49.6
LASER2 858 862 862 84.1 851 853 448 423 433 472 484 482
SONAR 859 86.1 863 842 853 854 485 448 464 479 502 503
Random 85.6 859 860 841 849 851 402 375 379 442 422 432

Table 15: COMET scores for k-shot (k € {1, 5,10}) example retrieval with different sentence embeddings.
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eng—fra eng—deu eng—swh eng—wol
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

SONAR 429 475 480 126 149 152 86 120 127 22 29 3.0
BM25 41.1 477 481 126 151 152 88 116 129 18 23 28
R-BM25 433 46.1 468 124 137 138 79 102 107 12 15 2.1
BLEU 415 474 476 124 148 153 89 114 122 15 25 28
RoBERTa 413 46.6 476 124 142 140 86 105 114 16 22 22
Random 40.8 46.7 472 123 139 140 82 105 11.0 09 16 19
Mistral 7B v0.1

SONAR 474 490 492 366 381 382 35 46 54 32 34 3.7
BM25 477 486 490 36,5 379 38.1 34 50 57 28 33 34
R-BM25 475 478 483 364 369 369 26 29 29 25 26 29
BLEU 479 485 490 368 376 378 35 45 48 26 29 32
RoBERTa 476 486 490 363 375 378 29 33 38 26 27 28
Random 472 480 484 36.1 373 375 28 28 29 24 23 27
LLaMA 2 7B

SONAR 449 455 460 345 357 357 31 42 46 21 34 3.7
BM25 45.0 459 46.1 344 358 361 31 40 4.7 1.8 3.0 3.0
R-BM25 445 452 450 338 349 351 25 28 2.9 12 23 24
BLEU 448 460 464 346 356 357 3.0 39 4.3 1.7 2.7 3.1
RoBERTa 447 458 459 346 356 359 27 3.1 3.5 1.4 25 26
Random 446 452 454 341 352 355 24 28 2.8 1.3 21 23

Table 16: Comparison of k-shot (k € {1,5,10}) example retrieval with SONAR to baseline methods (BLEU).

eng — fra eng — deu eng — swh eng — wol
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

SONAR 849 868 866 589 60.7 613 o645 695 704 520 51.6 525
BM25 84.6 86.6 867 583 60.1 601 646 684 69.5 513 508 51.6
R-BM25 852 864 865 580 583 592 632 674 678 467 464 477
BLEU 844 867 86.6 581 599 604 o644 681 688 514 508 519
RoBERTa 84.5 867 86.8 585 598 59.1 648 677 685 51.7 507 50.8
Random 843 865 86.6 58.0 585 587 640 677 679 49.0 473 483
Mistral 7B vO0.1

SONAR 8.3 87.0 87.1 850 859 86.1 414 428 451 453 484 49.0
BM25 86.6 86.8 869 848 857 859 40.1 41.1 432 43,6 458 476
R-BM25 86.5 86.7 867 849 856 858 376 365 366 383 39.1 412
BLEU 86.6 869 869 849 857 859 398 399 41.1 428 448 46.7
RoBERTa 86.5 869 870 849 856 86.0 39.1 382 393 425 445 457
Random 86.4 86.7 86.7 847 857 857 381 366 367 393 403 424
LLaMA 2 7B

SONAR 859 86.1 863 842 853 854 485 448 464 479 502 503
BM25 857 86.1 862 84.0 850 851 444 423 439 468 480 48.6
R-BM25 85.6 86.0 858 840 851 8.0 392 372 373 40.7 387 409
BLEU 856 860 86.1 843 850 850 432 41.1 41.8 463 469 477
RoBERTa 857 862 860 843 851 853 442 40.1 413 470 470 472
Random 856 859 860 84.1 849 851 402 375 379 442 422 432

Table 17: Comparison of k-shot (k € {1,5,10}) example retrieval with SONAR to baseline methods (COMET).
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eng—fra eng—deu eng—swh eng—wol

1 5 10 1 5 10 1 5 10 1 5 10
Gemma 2B
Embed v3 847 853 854 820 831 833 639 680 68.6 39.1 457 47.1
E5 846 851 854 822 832 832 641 678 68.1 386 458 472
LaBSE 848 852 854 822 834 834 640 67.0 681 363 447 469
LASER2 846 850 850 820 83.1 832 637 663 674 325 427 449
SONAR 848 852 853 820 832 835 637 673 685 382 445 474
Random 846 847 849 817 827 830 623 644 651 268 352 377
Gemma 7B
Embed v3 875 88.0 88.1 867 873 875 79.0 807 814 390 452 480
E5 874 879 88.1 869 874 876 794 805 81.2 395 450 484
LaBSE 87.7 879 880 871 876 873 79.1 80.8 81.1 37.0 444 478
LASER2 875 879 879 871 873 872 794 806 80.5 360 439 476
SONAR 874 88.0 88.1 868 87.6 876 792 804 80.7 381 456 483
Random 875 879 880 866 872 873 784 796 79.8 309 374 405
OLMo 7B
Embed v3 81.0 81.1 812 750 757 756 432 430 442 404 421 436
E5 81.0 814 813 747 759 760 429 420 430 40.6 414 436
LaBSE 81.0 814 814 748 756 760 426 425 434 37.8 417 433
LASER2 80.8 813 815 744 763 762 39.6 402 41.3 353 40.1 425
SONAR 80.8 81.3 81.3 749 759 76.0 434 434 444 397 416 445
Random 80.8 80.8 80.7 743 753 754 362 368 37.1 30.1 337 370
LLaMA 2 13B
Embed v3 872 873 87.6 859 859 863 434 463 478 409 426 44.1
E5 87.1 873 875 86.0 862 864 435 46.1 47.6 417 434 435
LaBSE 872 874 874 857 862 86.6 425 456 474 392 422 434
LASER2 870 872 874 857 863 862 41.7 437 452 367 417 428
SONAR 872 87.1 874 857 860 86.6 430 464 477 39.6 449 445
Random 869 872 874 857 859 862 38.8 399 40.7 294 348 363
LLaMA 2 70B
Embed v3 875 88.0 88.1 872 87.6 877 535 612 626 41.1 477 494
E5 87.7 881 883 872 875 878 530 61.0 629 41.7 484 484
LaBSE 875 882 882 870 877 877 536 606 623 40.1 482 484
LASER2 875 88.0 882 872 87.6 877 53.0 595 60.8 39.1 469 477
SONAR 87.7 881 883 872 878 877 526 60.8 626 41.3 481 489
Random 874 879 88.1 871 874 876 494 565 573 342 40.0 419
Mixtral 8x7B v0.1
Embed v3 88.2 884 885 876 879 881 533 569 598 341 452 479
E5 880 884 884 875 882 883 535 565 594 343 453 475
LaBSE 882 884 885 878 88.1 881 53.1 568 588 329 453 477
LASER2 88.0 883 884 875 88.2 880 515 555 576 324 445 472
SONAR 88.2 884 885 872 880 883 533 57.0 587 333 451 48.1
Random 88.0 882 883 874 88.0 881 503 522 535 256 379 409

Table 18: Additional results (other LLMs): 1aCOMET results for example retrieval with different sentence
embeddings in k-shot settings (k € {1,5,10}).
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eng—fra eng—deu eng—swh eng—wol
1 5 10 1 5 10 1 5 10 1 5 10

Gemma 2B

SONAR 848 852 853 820 832 835 637 673 685 382 445 474
BM25 847 851 852 819 83.0 831 641 673 684 363 434 453
R-BM25 845 849 84.8 820 830 831 631 645 651 244 333 359
BLEU 847 850 851 81.8 832 829 63.6 670 67.0 341 42,1 433
RoBERTa 848 850 850 81.8 833 835 633 658 660 319 403 433
Random 846 847 849 817 827 830 623 644 651 268 352 377
Gemma 7B

SONAR 874 88.0 88.1 868 876 87.6 79.2 804 80.7 381 456 48.3
BM25 87.6 88.0 877 868 872 870 792 803 809 358 436 47.1
R-BM25 876 879 877 868 87.1 868 783 797 79.6 282 362 39.1
BLEU 877 879 881 870 874 874 789 804 802 347 420 455
RoBERTa 874 88.1 88.1 867 873 874 788 802 80.1 356 40.6 440
Random 875 879 880 866 872 873 784 796 79.8 309 374 405
OLMo 7B

SONAR 80.8 813 813 749 759 760 434 434 444 39.7 41.6 445
BM25 80.7 814 81.1 746 755 757 404 411 42,1 369 403 423
R-BM25 80.2 80.7 80.8 743 751 751 356 366 37.0 246 303 34.7
BLEU 809 81.1 81.0 749 753 758 398 405 41.1 355 402 424
RoBERTa 80.8 81.0 809 744 756 752 39.7 386 393 358 379 399
Random 80.8 80.8 80.7 743 753 754 362 368 37.1 30.1 337 370
LLaMA 2 13B

SONAR 872 87.1 874 857 860 86.6 43.0 464 477 39.6 449 445
BM25 869 87.0 873 86.1 858 865 412 449 464 383 415 434
R-BM25 87.1 872 873 859 861 864 38,5 389 40.1 273 332 346
BLEU 87.0 864 873 857 855 865 40.8 440 446 360 419 427
RoBERTa 870 87.0 87,5 859 857 863 40.6 422 432 369 39.7 403
Random 869 872 874 857 859 862 388 399 40.7 294 348 36.3
LLaMA 2 70B

SONAR 87.7 881 883 872 878 877 526 60.8 626 413 48.1 489
BM25 87.7 879 88.1 869 876 877 506 60.1 618 379 458 48.7
R-BM25 873 878 88.0 87.1 875 876 47.0 56.1 577 299 384 413
BLEU 872 88.0 88.1 872 874 876 507 594 60.1 387 458 46.5
RoBERTa 874 879 882 871 875 875 51.8 580 59.0 394 448 458
Random 874 879 88.1 871 874 876 494 565 573 342 400 419
Mixtral 8x7B v0.1

SONAR 88.2 884 885 872 88.0 883 533 57.0 587 333 451 48.1
BM25 879 883 882 876 88.0 881 524 569 58.0 306 449 468
R-BM25 88.0 882 883 874 879 880 502 529 536 228 345 375
BLEU 87.8 884 884 874 88.0 881 514 559 569 306 434 463
RoBERTa 88.1 885 885 874 879 880 519 544 552 31.1 417 452
Random 88.0 882 883 874 88.0 881 503 522 535 256 379 409

Table 19: Comparison of k-shot (k € {1,5,10}) example retrieval with SONAR to baseline methods (1aCOMET).
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eng—fra eng—deu eng—swh eng—wol

1 5 10 1 5 10 1 5 10 1 5 10
BLOOM 7B1
Embed v3 799 867 868 557 604 609 580 683 689 484 500 50.6
E5 80.0 865 86.6 547 599 605 588 676 69.0 478 49.0 499
LaBSE 792 866 86.6 549 60.1 605 579 685 694 464 474 48.6
LASER2 787 869 86.7 546 60.0 599 589 677 683 504 508 51.0
SONAR 79.8 866 86.6 559 60.1 615 578 68.1 689 509 512 521
Random 773 865 86.6 528 57.7 577 569 651 660 465 451 464
Mistral 7B vO0.1
Embed v3 859 87.0 87.0 832 857 857 370 413 443 344 41.8 432
E5 86.0 86.5 870 827 854 857 368 409 420 344 40.8 439
LaBSE 86.2 87.0 869 839 853 857 372 396 428 28.0 376 403
LASER2 86.2 868 869 837 857 857 347 376 39.0 324 419 428
SONAR 86.1 86.8 87.0 836 858 860 374 409 428 353 441 445
Random 85.8 86.5 866 83.0 854 855 327 335 338 267 332 360
LLaMA 2 7B
Embed v3 857 862 863 840 851 853 463 442 458 379 43.1 451
E5 858 86.1 863 838 84.8 850 448 432 450 375 417 449
LaBSE 855 862 863 841 850 853 437 426 452 337 385 392
LASER2 858 86.1 86.1 839 852 852 40.6 388 409 412 438 452
SONAR 857 863 863 840 851 852 458 432 454 408 451 463
Random 85.6 859 860 83.6 848 850 354 347 358 344 347 365
Gemma 7B
Embed v3 877 88.0 88.0 868 873 87.6 794 80.7 80.7 356 430 465
E5 876 879 881 86.6 874 876 794 805 80.8 356 423 460
LaBSE 87.6 88.1 879 870 87.6 876 79.1 804 81.0 335 417 447
LASER2 875 88.0 883 871 875 877 791 799 80.6 339 42,6 46.0
SONAR 87.6 88.0 881 867 875 877 794 803 80.7 37.0 441 47.7
Random 875 879 880 86.6 872 873 784 796 79.8 309 374 405

Table 22: laCOMET scores of k-shot (k € {1,5, 10}) source-to-target example retrieval with different sentence
embeddings for 4 LLMs (BLOOM 7B1, Mistral 7B v0.1, LLaMA 2 7B and Gemma 7B).
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eng — fra eng — deu eng — swh eng — wol

1 5 10 1 5 10 1 5 10 1 5 10
Gemma 2B
Embed v3 848 851 854 822 832 832 641 667 68.6 343 43.0 454
E5 849 851 853 81.8 828 831 638 668 682 345 423 456
LaBSE 847 851 852 821 834 836 637 673 678 295 389 4l.1
LASER2 847 851 852 822 832 834 632 66.1 665 338 426 448
SONAR 847 851 852 822 832 834 632 661 665 338 426 44.8
Random 84.6 847 849 817 827 830 623 644 651 268 352 377
OLMo 7B
Embed v3 81.0 813 813 747 756 757 43.0 433 442 37.0 403 424
E5 809 815 813 745 755 754 424 425 437 374 385 41.1
LaBSE 80.8 813 812 748 76.0 760 41.8 421 438 317 378 405
LASER2 80.8 814 81.1 749 758 759 396 399 41.0 351 395 41.0
SONAR 81.0 81.1 81.0 749 757 758 438 429 439 389 422 431
Random 80.8 80.8 80.7 743 753 754 362 368 37.1 30.1 337 370
LLaMA 2 13B
Embed v3 87.2 872 87.6 859 86.1 865 421 46.1 474 379 422 426
E5 87.1 869 873 856 861 863 423 458 472 374 409 420
LaBSE 87.1 874 875 861 863 86.6 428 458 477 3277 406 40.6
LASER2 87.1 873 875 859 862 864 403 43.1 439 350 404 412
SONAR 872 870 875 857 860 864 43.0 46.6 484 39.7 439 448
Random 869 872 874 857 859 862 388 399 40.7 294 348 363
LLaMA 2 70B
Embed v3 87.6 88.1 882 871 873 878 533 610 623 389 467 475
E5 877 88.0 882 870 875 876 520 605 624 386 457 477
LaBSE 878 882 882 873 875 876 535 603 623 372 440 460
LASER2 875 88.2 882 874 877 878 512 590 60.1 400 46.1 46.5
SONAR 877 882 883 872 875 876 525 61.6 629 41.7 482 495
Random 874 879 88.1 871 874 876 494 565 573 342 400 419
Mixtral 8x7B v0.1
Embed v3 883 884 884 874 881 883 534 57.1 594 31.7 451 472
E5 882 884 883 873 88.1 881 522 563 59.0 296 432 456
LaBSE 883 884 884 877 881 881 533 56.1 587 283 41.1 445
LASER2 879 884 88.6 876 88.1 881 51.6 551 563 306 43.6 454
SONAR 882 885 88.6 876 880 882 533 573 594 345 461 479
Random 88.0 882 883 874 88.0 881 503 522 535 256 379 409

Table 23: Benchmarking of example retrieval source-to-target with different sentence embeddings in k-shot
(k € {1,5,10}). We report the laCOMET scores.
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fra — eng deu — eng swh — eng wol — eng
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

Embed v3 443 452 450 312 318 324 277 288 287 56 68 6.8
E5 44 453 455 315 319 324 276 288 285 56 71 6.6
LaBSE 441 453 452 31.1 320 321 277 29.0 284 57 68 64
LASER2 442 448 446 312 314 318 278 283 283 53 68 6.6
SONAR 443 452 451 312 323 323 274 287 286 62 72 172
Random 440 451 450 306 312 311 276 285 284 54 67 6.6
LLaMA 2 7B

Embed v3 449 464 468 437 450 456 92 109 113 61 71 72
E5 451 465 470 438 455 457 94 110 113 64 73 74
LaBSE 453 467 472 439 450 455 92 112 114 63 72 74
LASER2 450 469 47.1 437 453 454 87 102 105 67 74 7.6
SONAR 454 468 473 434 455 456 92 109 114 6.7 75 74
Random 445 459 466 436 451 452 87 9.7 98 6.0 7.0 69

Table 24: Benchmarking of example retrieval with different sentence embeddings in k-shot (k € {1,5,10}). We
report the BLEU scores.

fra — eng deu — eng swh — eng wol — eng
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

Embed v3 882 884 884 822 829 834 775 787 792 488 50.8 514
E5 88.1 884 884 822 828 833 774 790 792 485 50.7 51.1
LaBSE 883 884 884 8l.6 825 827 774 787 789 47.0 49.1 493
LASER2 883 883 883 8l1.6 821 823 774 784 187 473 49.6 499
SONAR 882 883 885 8.0 830 832 777 791 796 492 513 517
Random 882 884 883 81.1 81.7 817 771 781 784 451 474 479
LLaMA 2 7B

Embed v3 88.6 889 89.0 885 888 888 598 634 0642 488 504 514
E5 88.6 889 890 885 887 889 594 629 637 487 508 51.6
LaBSE 88.7 889 8.0 885 888 888 590 627 631 472 49.1 50.0
LASER2 88.7 889 89.0 884 888 888 577 603 61.1 476 49.7 503
SONAR 88.7 89.0 891 885 888 888 597 633 642 492 515 519
Random 88.6 88.8 889 884 887 887 561 580 588 452 47.6 482

Table 25: COMET scores for k-shot (k € {1, 5,10}) example retrieval with different sentence embeddings.

fra — eng deu — eng swh — eng wol — eng
1 5 10 1 5 10 1 5 10 1 5 10

BLOOM 7B1

Embed v3 882 884 884 821 829 834 773 786 79.0 48.6 50.6 512
E5 88.1 884 884 822 828 833 772 788 79.0 483 505 51.0
LaBSE 883 884 884 81.6 825 827 768 786 78.6 464 486 49.1
LASER2 883 883 883 81.5 821 823 767 781 786 468 49.0 495
SONAR 88.2 883 884 820 830 832 771 789 794 48.7 511 51.6
Random 88.1 884 883 81.1 81.7 817 762 778 783 439 464 472
LLaMA 2 7B

Embed v3 88.6 889 89.0 885 888 888 593 634 641 485 502 513
ES 88.6 889 89.0 885 887 889 591 628 637 479 507 51.6
LaBSE 88.7 889 89.0 885 888 888 584 626 63.1 466 489 498
LASER2 88.7 889 89.0 884 888 888 57.1 60.1 610 469 494 499
SONAR 887 89.0 89.1 885 888 888 592 632 640 484 515 515
Random 88.6 88.8 889 884 887 887 556 578 586 441 469 475

Table 26: 1aCOMET scores for k-shot (k € {1,5,10}) example retrieval with different sentence embeddings for
into-English language directions.
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Figure 6: Error analysis of few-shot translation (eng— {fra, swa, wol}), of Mixtral 8x7B vO0.1, tracking the number
of empty translations, the number of translation in the wrong target language and those in the right language.
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Method eng—fra eng—deu eng—swh eng— wol

1 5 10 1 5 10 1 5 10 1 5 10
BLOOM 7B1
Embed v3 937 1012 1012 947 1001 1005 886 985 993 961 974 980
E5 945 1012 1012 943 1004 1002 908 981 991 963 989 979
LaBSE 935 1012 1012 948 1004 1002 891 981 996 954 980 993
LASER2 931 1012 1012 947 1005 999 891 986 986 925 974 975
SONAR 937 1012 1012 951 999 1002 874 988 994 960 976 990
Random 909.67 1012 1012 926 997 994.67 876 960 971.33 932.67 945  956.67
Mistral 7B v0.1
Embed v3 1006 1012 1011 990 1010 1009 909 960 958 734 882 890
ES 1002 1012 1011 986 1004 1008 909 956 961 726 883 879
LaBSE 1007 1010 1012 986 1005 1008 911 946 969 730 869 886
LASER2 1005 1011 1012 987 1008 1007 906 944 964 650 862 883
SONAR 1008 1010 1011 988 1010 1009 916 941 948 732 909 920
Random 1003.33  1008.67 1010.33 984 1007 1009  892.33 919  920.67 493.33 773 803
LLaMA 2 7B
Embed v3 1012 1012 1012 1007 1011 1012 932 952 982 801 903 921
E5 1012 1012 1012 1007 1012 1012 928 965 978 802 904 931
LaBSE 1010 1012 1012 1006 1011 1012 927 948 974 758 861 898
LASER2 1012 1012 1012 1003 1011 1011 918 946 972 743 841 870
SONAR 1012 1012 1012 1004 1012 1012 927 960 979 759 887 911
Random 1012 1011.67 1012 1003.67 1010.67 1011.33 88433  926.67 948 69133  770.67 809

Table 27: Statistics of example retrieval with different sentence embedding methods for k-shot settings (k €
{1,5,10}) on FLORES 200. For each setup, a value below 1012 suggests that some translations are either empty
or written in an incorrect target language. The incorrect target language issue occurs more frequently than empty
translations, except with LLaMA 2 7B, where a notable number of empty translations appear in the 1-shot setting for
Swahili and Wolof. For random selection, we report the average across three runs.

1252



