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Abstract
In-context learning (ICL) allows large lan-
guage models (LLMs) to adapt to new tasks
from a few examples, making it promising
for languages underrepresented in pre-training.
Recent work on many-shot ICL suggests that
modern LLMs can further benefit from more
ICL examples enabled by their long context
windows. However, the inference cost can be
prohibitive for low-resource language commu-
nities, and it is unclear whether example se-
lection can reduce the number of examples
needed. In this paper, we present a system-
atic empirical study of many-shot ICL for ma-
chine translation from English into ten truly
low-resource languages recently added to FLO-
RES+. We analyze the effects of retriev-
ing more informative examples, using out-of-
domain data, and ordering examples. Our
findings show that many-shot ICL becomes
more effective as the number of examples
increases. More importantly, we show that
BM25 retrieval substantially improves data ef-
ficiency: 50 retrieved examples roughly match
250 many-shot examples, while 250 retrieved
examples approach the performance of 1,000
many-shot examples. We further show that ex-
ample ordering has little effect and that ICL
provides additional gains on top of fine-tuning.

1 Introduction
Large Language Models (LLMs) have shown
strong performance on many natural language pro-
cessing (NLP) tasks, including generation tasks
such as summarization and machine translation
(MT) in multilingual settings (Pu et al., 2023; Zhu
et al., 2024; Team et al., 2024). However, their
performance remains limited for very low-resource
and endangered languages.

In-context learning (ICL) (Brown et al., 2020;
Dong et al., 2024), which leverages few-shot exam-
ples, is one of the most promising emergent abili-

∗These authors contributed equally.

ties of LLMs and has shown strong potential for
low-resource languages (LRLs) (Lin et al., 2022).
However, performance does not necessarily im-
prove as the number of examples increases (Baek
et al., 2025; Salim et al., 2026). Several LRL
studies also add dictionaries or grammar books
to the prompt (Zhang et al., 2024; Tanzer et al.,
2024; Court and Elsner, 2024). Various streams
of work focus on choosing the best few-shot ex-
amples through similarity to the source sentence,
domain effects, or pseudo-parallel data (Agrawal
et al., 2023; Zebaze et al., 2025; Zhang et al., 2023;
El Mekki and Abdul-Mageed, 2025).

Recently, a new paradigm has emerged that fo-
cuses on prompting with large numbers of exam-
ples, or “many-shot” prompting (e.g., 250, 500
or 1,000 examples) (Agarwal et al., 2024). This
approach seems beneficial for LRLs that had lim-
ited representation during pretraining, and can per-
form close to fine-tuning with the same number
of examples (Agarwal et al., 2024), which can re-
quire several thousand examples to improve over
the base model in higher-resource settings (Vieira
et al., 2024). However, despite its promise, the
high inference cost makes it challenging for practi-
cal use. Exploring more effective many-shot exam-
ple selection could improve its scalability for low-
resource language communities.

In this paper, we present a systematic empirical
study of many-shot MT from English into 10 truly
LRLs with limited exposure during LLM pretrain-
ing. We select these languages carefully based on
the recency of the benchmarks, focusing on newly
added languages in FLORES+. We further exam-
ine how to reduce inference costs by retrieving a
smaller set of more effective many-shot examples
using simple methods such as BM25. Besides, we
study the impact of out-of-domain examples, such
as religious texts, on in-domain translation perfor-
mance for Wikipedia, as well as the effect of ex-
ample ordering from short to long, inspired by cur-
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Figure 1: Per-language scaling curves (chrF++, random selection of ICL examples). Top two rows: eng→X;
bottom two rows: X→eng.

riculum learning. We finally compare many-shot
ICL against fine-tuning of open-weight models.

Our evaluation on both open-weight and pro-
prietary models shows the effectiveness of the
many-shot approach on these languages, where per-
formance more than doubles in some languages
with more examples. Similarly, leveraging a sim-
ple BM25 retrieval from English examples dras-
tically reduces cost, where BM25 with 50 exam-
ples roughly matches 250 many-shot examples,
and BM25 with 250 examples approaches the per-
formance of 1,000 many-shot examples. We find
that many shots from within the same domain are
consistently better for most languages; however,
some languages are not affected by this domain
mismatch, which shows some promise in the case
of absence of in-domain examples. Furthermore,
the ordering of examples does not seem to have a
strong effect on many-shot performance in our ex-
periments. Finally, we show that ICL with a mod-
est number of retrieved examples on open-weight
models (as few as 10–25 in some settings) can ap-
proach fine-tuning on the full 1,012-sentence pool,
and that adding examples continues to improve per-
formance even on top of fine-tuning.

2 Experimental Setup
Focus Languages We focus on ten extremely
low-resource languages that were recently added to
FLORES+ or extended from FLORES-200 (Costa-
jussà et al., 2024), including four Nigerian lan-
guages (Anaang, Efik, Ibibio, and Oro), Su-
danese Arabic, Emakhuwa, Ladin, Mauritian Cre-
ole, Tamazight, and Quechua1. Eight languages
use the Latin script; the exceptions are Tamazight
(Tifinagh) and Sudanese Arabic (Arabic script).
Appendix A provides more details.

Experimental Design For each test sentence, we
construct a prompt containing a task instruction,
k parallel example pairs (source and target), and
the test sentence as a query; the model then gen-
erates the translation in one pass. We test k ∈
{0, 1, 5, 10, 25, 50, 100, 250, 500, 1000}; the full
prompt template appears in Appendix B and other
experimental details in Appendix C. Our evalua-
tion targets three research questions.

(1) Scaling We evaluate with randomly sam-
1While Tamazight and Quechua were originally part of

FLORES-200, Tamazight has since been improved by the
community.
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Shots Method Anaang Sudanese Efik Ibibio Ladin Mauritian Oro Quechua Emakhuwa Tamazight Avg
Gemini 2.5 Flash, eng → X (chrF++)

5
BM25 25.8 45.7 33.5 28.7 47.6 58.6 28.6 35.9 30.9 32.0 36.7

Random 22.9 44.3 31.9 26.4 45.1 58.3 23.3 34.5 28.2 28.7 34.4
∆ +2.9 +1.4 +1.6 +2.3 +2.5 +0.3 +5.3 +1.4 +2.7 +3.3 +2.4

50
BM25 28.2 46.9 35.2 32.8 51.8 60.3 38.8 38.0 34.2 36.4 40.3

Random 26.4 46.4 34.0 30.3 47.6 59.7 31.6 36.2 31.9 31.1 37.5
∆ +1.8 +0.5 +1.2 +2.5 +4.2 +0.6 +7.2 +1.8 +2.3 +5.3 +2.7

250
BM25 28.9 46.8 35.4 34.2 53.2 60.5 41.8 38.6 35.3 37.7 41.2

Random 28.0 46.8 35.1 33.6 51.4 60.1 39.3 37.9 34.4 35.1 40.2
∆ +0.9 0.0 +0.3 +0.6 +1.8 +0.4 +2.5 +0.7 +0.9 +2.6 +1.1

1,000
BM25 29.5 47.0 35.9 34.4 54.1 61.1 43.2 38.8 35.7 38.3 41.8

Random 29.0 47.5 35.6 34.5 53.9 60.8 42.9 38.8 36.0 38.2 41.7
∆ +0.5 –0.5 +0.3 –0.1 +0.2 +0.3 +0.3 0.0 –0.3 +0.1 +0.1

Table 1: BM25 vs. Rand (chrF++, eng→X, Gemini). Bold: winner. ∆: green = BM25 better, red = Random better.

pled examples across several k, and ten languages
in two directions (“eng→X” and “X→eng”),
using Gemini 2.5 Flash (Comanici et al.,
2025), GPT-4.1 (OpenAI, 2025), Llama 3.3
70B (Grattafiori et al., 2024; Meta, 2024) and
Gemma 3 27B (Team et al., 2025).

(2) Example Selection We compare selecting
ICL examples randomly vs. BM25 (Robertson and
Walker, 1994) retrieval on the English source side
and therefore restrict this experiment to eng→X.
We report other retrieval models, such as Qwen3-
Embedding-8B, in Appendix F.

(3) Domain Mismatch On six of the seven lan-
guages with a Bible translation2 (Table 13), we
compare Bible examples against in-domain BM25
and random selection, all in the “eng→X” direc-
tion. We retrieve Bible examples with BM25, as
in the in-domain experiments, so differences in per-
formance reflect domain rather than retrieval. This
tests whether out-of-domain data benefits from
scaling the way in-domain data does.

3 Results
Here, we mainly report results with
chrF++ (Popović, 2017); results with spBLEU,
shown in Appendix E, lead to similar conclusions.

3.1 Effect of Scaling Many-Shot Examples
Figure 1 shows the results for different numbers
of ICL examples from k = 1, 5, 10, 50, . . . , 1,000.
The results show improvement across all LLMs,
especially the proprietary models (Gemini 2.5
Flash and GPT-4.1), and averaged over lan-
guages, chrF++ grows roughly log-linearly with k
up to k = 500 (Appendix J). In the “eng→X”

2We excluded Sudanese Arabic Bible following native
speaker feedback that it is too similar to Standard Arabic.

direction, Gemini 2.5 Flash achieves the best
overall results across all shot settings, with per-
formance gains ranging from 3.7 to 35.6 from 0-
shot to 1,000-shot. Performance is also moderately
higher when comparing a few-shot setting, say 10-
shot to a many-shot setting, say 1,000-shot, with
gains of 2.0 to 18.1.

Tamazight benefited the most from few-shot
(1-shot) while Oro benefited the most from
many-shot. In Appendix I, we discuss pos-
sible explanations for these patterns—including
non-availability in large-scale pre-training cor-
pora such as MADLAD (Kudugunta et al., 2023)
and FineWeb2 (Penedo et al., 2025), the lack
of high-resource relatives, and less widely sup-
ported scripts—and provides a preliminary native-
speaker assessment for Oro. In contrast, the
“X→eng” direction shows much less improvement
than generation into an LRL. However, the trend
remains positive; Gemini 2.5 Flash gains little
for Sudanese Ar. and Mauritian Cr., where its 0-
shot scores are already high (63.6 and 70.8). We
provide two further closed-source models (Gemini
3.5 Flash and GPT-5.4) in Appendix E.1 and
related languages MT e.g. Efik↔Ibibio in Ap-
pendix K which also improve with more examples.
Open-weight models gain less from many-shot
in X→eng. Averaged over languages, Gemma 3
27B and Llama 3.3 70B gain less from more ex-
amples than the proprietary models (full result in
Appendix E) in X→eng, while in eng→X, all four
models gain at similar rates. Many-shot still gives
the best results with proprietary models, aligning
with the base LLM’s competence.
Larger many-shot does not always lead to the
best performance. In some cases, k = 250 or
k = 500 leads to better results than k = 1,000, es-
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Figure 2: Bible vs. in-domain examples (chrF++, eng→X, Gemini 2.5 Flash; Bible examples are also selected with
BM25). Bible examples plateau or degrade with more shots, while in-domain examples scale consistently.

pecially in the “X→eng” direction, while for some
other languages the performance keeps increasing.

3.2 Discussion

Example Selection: BM25 vs. Random Ta-
ble 1 compares “random” sampling of ICL exam-
ples to “BM25 retrieval” on the English source
side (eng→X).3 BM25 outperforms “random” for
nearly all languages, especially at low shot counts,
although the difference narrows as more examples
are added. BM25 also matches or slightly out-
performs two dense retrievers, Qwen3-Embedding-
8B and LaBSE, with up to 25 examples (Tables 26–
27 and 3). Most importantly, it is more data effi-
cient: 50-shot with BM25 achieves the same av-
erage performance as 250-shot of Random ICL
(≈ 40.2), and 250-shot BM25 approaches 1,000-
shot Random ICL. This provides more practical us-
ability of many-shot for low-resource communities,
drastically reducing inference cost.
Effect of Out-of-Domain Examples Figure 2
shows that many-shot ICL from within the same
domain (Wikipedia) is more effective than that of
out-of-domain (Bible) for most languages. For
Oro (250 BM25 examples), the Bible-prompted
outputs partly follow the Bible’s spelling, but uni-
fying the spelling still leaves 12.5 of the 17.2-point
chrF++ gap (73%), so most of the gap is content.
The Bible-prompted outputs reproduce fewer of
the reference’s words and insert more Bible vocab-
ulary (Appendix I.4). However, some languages
do benefit more from the religious domain than oth-
ers, such as Efik and Ibibio. This finding suggests
that all hope is not lost if in-domain examples are
not available; out-of-domain examples may still be
useful when they remain distributionally close to
in-domain text—a closeness that depends on the
language property.

3Applied to the English side because applying BM25 to
LRLs may yield inconsistent retrieval across languages.
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Variant 0 5 10 25 50 250
Base Gemma 19.8 25.5 27.0 28.4 29.2 29.3
+ LORA250 24.1 26.3 27.0 28.2 28.9 29.4
+ LORA1012 27.3 28.5 28.9 29.3 29.7 30.1

Table 2: LoRA fine-tuning combined with many-shot
ICL on eng→Efik (chrF++): columns are BM25-
retrieved in-context shots.

Effect of Ordering ICL Examples Figure 3
shows the results of ordering examples from Short-
to-Long (S2L) and Long-to-Short (L2S). We did
not observe any significant impact of ordering by
length, especially in eng→X. We also order the
BM25-retrieved examples by their BM25 score,
placing the most similar example either first or im-
mediately before the query (Tables 26–27 in the
Appendix), the three orders differ by at most 0.4
chrF++. Semantic relevance via BM25 retrieval
seems to be more important.
Comparison with Fine-tuning Fine-tuning is
an alternative to many-shot ICL for open-weight
users. We LoRA fine-tune Gemma 3 27B on
the full 1,012-sentences (LORA1012) and on a
250 BM25-retrieved sentences (LORA250) for
eng→{Efik, Ibibio}, evaluated at 0 to 250 BM25
shots. For eng→Efik (Table 2), without ICL ex-
amples, LORA1012 reaches 27.3 chrF++, which is
slightly below base Gemma 3 27B with 25 shots
(28.4), while LORA250 reaches 24.1, slightly be-
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low the base model with 5 shots (25.5). LoRA
and ICL are complementary, but the marginal ben-
efit of LoRA quickly narrows. Adding ICL on top
of LoRA still improves performance, even though
the examples are drawn from the same pool used
for fine-tuning. While fine-tuning is helpful be-
fore ICL, open models still lag behind the closed-
source baseline: Gemini 2.5 Flash with only 5
shots already exceeds LORA1012 at 250 shots (33.5
vs. 30.1). Also, given the huge parameter sizes of
proprietary LLMs, fine-tuning is typically not an
option, but ICL can always be leveraged. ICL on
top of fine-tuning also helps for eng→Ibibio, for
Llama 3.3 70B on Efik and Ibibio, and for Gemma
on Emakhuwa: in every setting, 250 retrieved ex-
amples improve LORA1012 by 1.3–2.8 chrF++ (full
results and training settings in Appendix G).

4 Related Work

While ICL (Brown et al., 2020) has been shown
to be effective on tasks such as machine transla-
tion (Zhu et al., 2024), performance is sensitive to
few-shot demonstrations (Luo et al., 2024), includ-
ing factors such as example order (Lu et al., 2022),
diversity (Li and Qiu, 2023), and difficulty (Droz-
dov et al., 2023) in classification and ranking tasks.
In MT, Agrawal et al. (2023) show that relevance-
based retrieval improves few-shot ICL for high-
resource languages. Zebaze et al. (2025) further
show that similarity-based selection improves few-
shot MT for low-resource languages. Baek et al.
(2025) show that the advantage of example selec-
tion over random sampling diminishes as the num-
ber of examples grows in the many-shot setting, but
include only three low-resource translation direc-
tions. It remains unclear how example selection
interacts with scale for individual extremely LRLs.

Agarwal et al. (2024) challenge the few-shot
paradigm by scaling ICL to hundreds or thousands
of examples with Gemini 1.5 Pro, showing substan-
tial improvements across summarization, reason-
ing, and MT, including low-resource translation
into Bemba and Kurdish. Salim et al. (2026) scale
the in-context token budget to 1M tokens and find
that gains saturate quickly and can degrade near
the maximum context window, but the evaluation
is limited to two languages, two smaller models of
about 8B parameters, and monolingual or machine-
translated demonstrations.

Without in-domain parallel data, examples can
be generated (Lee et al., 2025) or mined (El Mekki

and Abdul-Mageed, 2025), a high-quality dictio-
nary helps for Manchu (Pei et al., 2025), and the
domain shift of NMT models trained on religious
texts has been studied (Marashian et al., 2025; Ade-
lani et al., 2022). We compare Bible examples with
in-domain examples in ICL with up to 1,000 exam-
ples (Figure 2; Appendix E), and test a bilingual
dictionary on top of 25 retrieved examples (Ap-
pendix H). Our work extends the many-shot set-
ting to a systematic study of 10 extremely LRLs,
with a particular focus on retrieval-based example
selection and domain effects.

5 Conclusion

In this paper, we present a systematic empirical
study of many-shot in-context learning for MT
across ten LRLs, scaling from 0 to 1,000 paral-
lel examples and evaluating four LLMs. Perfor-
mance improves roughly log-linearly as the num-
ber of ICL examples increases (Appendix J), with
larger gains for translation into LRLs (eng→X)
than for X→eng, which shows only moderate
improvements. For example selection, retrieval
based on similarity on the English side improves
sample efficiency: 50 BM25-retrieved examples
match the performance of 250 randomly selected
ones, and 250 BM25 examples approach the per-
formance of 1,000 random ICL examples. BM25
also matches or slightly outperforms two dense re-
trievers with up to 25 examples. Out-of-domain
ICL examples yield smaller overall gains than
in-domain examples, although they remain ben-
eficial for some LRLs. Ordering the examples
by length or by BM25 score has little effect on
performance. Finally, on open-weight models,
ICL with a modest number of retrieved exam-
ples can approach fine-tuning on the full 1,012-
sentence pool, and adding examples continues to
improve performance even on top of fine-tuning.
Our code is available at https://github.com/
McGill-NLP/many-shot-ICL4LRL.

Limitations

All language pairs in our main experiments involve
English as either the source or target language; we
evaluated non-English-centric translation only for
Efik↔Ibibio with one model and up to 100 exam-
ples (Appendix K), and other pairs may exhibit dif-
ferent scaling behavior.

Furthermore, we used a single fixed prompt
template and did not explore prompt engineering
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or chain-of-thought strategies, which could affect
scaling in ways we have not measured. Addition-
ally, our evaluation relies mainly on automatic met-
rics (spBLEU, chrF++); the native-speaker judg-
ments in Appendix I are preliminary, and a larger
human evaluation would provide a more complete
picture of translation quality, particularly for lan-
guages where automatic metrics may be less reli-
able. We also did not use learned metrics such as
COMET (Rei et al., 2020) and MetricX (Juraska
et al., 2023), because their pretrained encoders saw
little or no data in most of these languages, so their
scores have not been validated for them.

More broadly, parallel data for extremely low-
resource languages may contain annotation er-
rors or inconsistencies, which can affect both the
quality of in-context examples and the reliabil-
ity of reference translations for automatic evalu-
ation. Hence, translation outputs for these lan-
guages should be verified by native speakers before
deployment.

Finally, it is important to note that the full
set of experiments in this paper required more
than $30,000 in API credits, highlighting a signifi-
cant barrier to reproducibility for low-resource lan-
guage communities. To mitigate this, we report the
full results in Appendix E to reduce the need for
others to replicate these costly runs.
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A Languages
We provide the details of the studied languages in
Table 13.

ICL examples are sampled from the devtest split
(1,012 sentences), and evaluation is performed on
the dev split (997 sentences).

For the Bible data, we use versions obtained
from bible.com. These texts are used strictly for
research purposes without redistribution, in accor-
dance with their terms of use.

B Prompt Templates
All experiments except the dictionary experiments
in Appendix H use the following prompt format
without any dictionary augmentation.
Many-shot prompt (k ≥ 1 examples).
You are an expert translator. I am going to
give you one or more example pairs of text
snippets where the first is in {SRC} and the
second is a translation of the first snippet
into {TGT}. The sentences will be written
{SRC}: {example_src_1}
{TGT}: {example_tgt_1}
{SRC}: {example_src_2}
{TGT}: {example_tgt_2}
...
{SRC}: {example_src_k}
{TGT}: {example_tgt_k}
After the example pairs, I am going to provide
another sentence in {SRC} and I want you to
translate it into {TGT}. Give only the
translation, and no extra commentary,
formatting, or chattiness. Translate the text
from {SRC} to {TGT}.
{SRC}: {query}
{TGT}:

Zero-shot prompt.
You are an expert translator. Translate the
text from {SRC} to {TGT}. Give only the
translation, and no extra commentary,
formatting, or chattiness.
{SRC}: {query}
{TGT}:

Here {SRC} and {TGT} are replaced with the full
language names (e.g., “English”, “Ibibio”). In the
many-shot setting, the k example pairs are drawn
from the example pool, either by random sampling
or BM25 retrieval (Appendix D).

C Experimental Details
All models are prompted with temperature 0 and
top-p 1 and generate at most 2,048 output tokens;
Gemini 2.5 Flash uses its default thinking set-
ting. We compute chrF++ (word order 2) and
spBLEU (FLORES-101 SentencePiece tokenizer)
with sacreBLEU (Post, 2018) on lowercased text.

Outputs that do not finish normally, for example
because they reach the 2,048-token limit, are not
scored. For random selection, we draw one ran-
dom sample of k examples per k (seed 42) from
the 1,012-sentence example pool and use it for all
997 test sentences.

D Retrieval Details
BM25 example selection uses BM25 (Robertson
and Zaragoza, 2009) with the default parame-
ters of the rank_bm25 package (k1=1.5, b=0.75,
ϵ=0.25). Indexing and querying both use the En-
glish source side; English sentences are tokenized
by lowercasing, replacing the punctuation marks
, . ; ? ! and curly double quotes and ellipses
with whitespace, removing digits, and splitting on
whitespace. For each test sentence, we score every
pool sentence with BM25 and select the top-k by
descending score. For dense retrieval (Tables 26–
27 and 3), we instead embed the English sentences
with Qwen3-Embedding-8B (Zhang et al., 2025)
or LaBSE (Feng et al., 2022), without an instruc-
tion prompt, and select the top-k pool sentences by
cosine similarity. The corresponding parallel pairs
are then placed in the prompt according to one of
three orderings:

• Default (used in the main BM25 results,
§3.2): randomly shuffle the top-k pairs with
a fixed seed, the same for every test sentence
(e.g., with k=5 the most similar pair is always
the last example before the query).

• Similar first (Tables 26 and 27; also used
for the Bible runs): place pairs in descending
BM25 score, so the most-similar pair appears
at the start of the prompt (farthest from the
query).

• Dissimilar first (Tables 26 and 27): reverse
of similar first, so the most-similar pair ap-
pears immediately before the query.
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Selection 1 5 10 25

Random 21.7 23.2 23.6 25.3
BM25 23.5 26.5 27.9 29.5
Qwen3-Embedding-8B 23.4 25.9 27.3 28.9
LaBSE 23.2 26.2 27.5 29.2

Table 3: Dense retrieval vs. BM25 (chrF++,
eng→Emakhuwa, GPT-4.1; columns are shots).
LaBSE was run only for this language and model.
Bold: best per column.

E Full Model Results

eng→X. Each table reports Random (in-
domain), BM25 retrieval, BM25−Random delta
(∆), and Bible (cross-domain) results across all
shot counts. Gemini 2.5 Flash: Table 16 (chrF++)
and Table 17 (spBLEU). GPT-4.1: Table 18
(chrF++) and Table 19 (spBLEU). Llama 3.3 70B:
Table 20 (chrF++) and Table 21 (spBLEU).
Gemma 3 27B: Table 22 (chrF++) and Table 23
(spBLEU). All eight tables share the following
formatting: the six languages with Bible results
appear on the left; the four without (7) on the right.
Bold marks, per column, the best in-domain score
(Random or BM25) and every score no more than
0.05 below it before rounding; a higher Bible
score is therefore also bold. Gray indicates the
0-shot baseline. ∆ values are green when BM25
outperforms Random and red otherwise. Blue at
the bottom shows the gain from Random at 1,000
shots over 0-shot. ∆ and gains are computed from
unrounded scores.

X→eng (random selection only). Table 24
(chrF++) and Table 25 (spBLEU) report X→eng
scaling results with random selection across all
four models. Gray indicates the 0-shot baseline;
bold marks the best per column. The gain row
shows the ratio of the best score to 0-shot (blue;
green bold for ≥2×).

Missing entries (–) indicate runs for which no
results are available.

E.1 Comparison of Closed-Source Models
We compare the two closed-source models of
the main experiments, Gemini 2.5 Flash and
GPT-4.1, with two further closed-source models
from the same families, Gemini 3.5 Flash and
GPT-5.4, on English→Oro and English→Ibibio.
For the two further models, we reused the BM25
prompts of the main experiments without changes
(the same retrieved examples, prompt template,

and 997 test sentences) and replaced only the
model, for k ∈ {0, 1, 5, 25, 100, 250, 1,000}. De-
coding and scoring are as described in Appendix C;
Gemini 3.5 Flash uses its default thinking set-
ting, and GPT-5.4 its default reasoning effort. Ta-
ble 4 shows all four models; the Gemini 2.5
Flash and GPT-4.1 results are the BM25 rows of
Tables 16, 17, 18, and 19.

Gemini 3.5 Flash and GPT-5.4 also im-
prove with more examples, as the four models
of the main experiments do. Neither is bet-
ter than its predecessor everywhere. GPT-5.4
is within 2 chrF++ of GPT-4.1 at 0 and 1
shots, but its lead grows with the number of
examples, reaching 8.9 (English→Oro) and 5.5
(English→Ibibio) chrF++ at 1,000 shots. Gemini
3.5 Flash is ahead of Gemini 2.5 Flash at ev-
ery k for English→Ibibio (by 1.2–3.0 chrF++), but
for English→Oro only up to 25 shots; from 100
shots on it is slightly behind (42.5 vs. 43.2 at 1,000
shots). spBLEU shows the same pattern.
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Model 0 1 5 25 100 250 1000 0→1000
chrF++, eng→Oro
Gemini 2.5 Flash 13.6 20.2 28.6 36.3 40.4 41.8 43.2 +29.6
Gemini 3.5 Flash 15.3 22.6 29.1 36.5 40.0 41.5 42.5 +27.2
GPT-4.1 14.5 21.7 26.2 31.3 34.1 34.6 34.9 +20.4
GPT-5.4 14.4 19.9 27.1 35.4 40.1 41.9 43.8 +29.4

chrF++, eng→Ibibio
Gemini 2.5 Flash 25.0 26.0 28.7 31.7 33.7 34.2 34.4 +9.4
Gemini 3.5 Flash 26.8 29.0 31.3 34.0 34.9 35.4 35.6 +8.8
GPT-4.1 22.7 24.0 25.5 28.2 29.6 30.0 30.0 +7.3
GPT-5.4 23.3 25.1 27.7 31.3 33.7 34.4 35.5 +12.2

spBLEU, eng→Oro
Gemini 2.5 Flash 2.3 7.2 14.3 22.2 26.7 28.5 30.3 +28.0
Gemini 3.5 Flash 2.6 8.8 14.9 22.7 26.6 28.1 29.5 +26.9
GPT-4.1 2.7 8.1 11.5 16.5 19.5 20.2 20.5 +17.8
GPT-5.4 2.7 6.5 12.4 20.7 26.1 28.3 30.8 +28.1

spBLEU, eng→Ibibio
Gemini 2.5 Flash 6.3 7.5 10.1 13.1 14.7 15.2 15.4 +9.1
Gemini 3.5 Flash 7.9 10.2 12.8 14.9 15.5 15.8 15.9 +8.0
GPT-4.1 5.8 7.1 8.1 10.2 11.6 12.0 11.8 +6.0
GPT-5.4 5.4 6.8 9.1 12.1 14.2 14.6 15.3 +9.9

Table 4: Closed-source models on English→Oro and English→Ibibio with BM25-selected examples, by number
of examples k. The Gemini 2.5 Flash and GPT-4.1 rows are the BM25 rows of Tables 16–19. 0→1000 is the
difference between the displayed 1,000-shot and 0-shot scores.

F Ordering Comparison
We test whether the order in which examples ap-
pear in the prompt affects translation quality. Ta-
bles 26 and 27 vary the ordering of retrieved ex-
amples (BM25 and dense retrieval); Table 28 sorts
randomly selected examples by sentence length. In
both cases, differences are negligible and no strat-
egy consistently wins.

G Fine-tuning Comparison
Setup. We fine-tune with QLoRA (Dettmers
et al., 2023), which trains LoRA adapters (Hu et al.,
2022) on top of a 4-bit quantized base model. At
inference, we apply the adapter to the unquantized
bf16 base model. LORA1012 is trained on the full
1,012-pair pool and LORA250 on a 250-pair BM25-
selected subset of it. Table 5 lists the training set-
tings, which are the same for both models and both
training sets. Each adapter is evaluated with the
same BM25-retrieved prompts as the base model,
at 0 to 250 shots.

Table 14 reports spBLEU and chrF++ at every
shot count for the case study in §3.2. Gemini 2.5
Flash is included as a closed-API reference; its
BM25 values are copied from Table 16 and Ta-
ble 17.

Shared pool. The fine-tuning data and the in-
context examples come from the same 1,012-pair

Setting Value
Base models Gemma 3 27B, Llama 3.3 70B
Training pairs 250 or 1,012
Base in training 4-bit NF4, double quantization
Compute dtype bf16
Base at inference bf16, not quantized
LoRA rank / α 16 / 32
LoRA dropout / bias 0.05 / none
Target modules q, k, v, o, gate, up, down
Optimizer paged AdamW, 8-bit
Learning rate 2×10−4, cosine, 3% warmup
Weight decay 0.0
Adam β1, β2, ϵ 0.9, 0.999, 10−8

Max. gradient norm 1.0
Batch size 1 × 8 accumulation steps
Training precision bf16, gradient checkpointing
Max. sequence length 1,024 tokens, no packing
Loss target (assistant) tokens only
Epochs 5, no early stopping, last checkpoint
Seed 42

Table 5: QLoRA fine-tuning settings, shared by both
models and both training sets.

pool. With so little parallel data, there is no
room for separate fine-tuning and retrieval pools.
LORA1012 has been trained on every example it is
shown, yet retrieval still improves it in every set-
ting (Table 14), which indicates that ICL adds a
query-conditioned signal that fine-tuning does not
absorb into the weights.

Gemma vs. Llama. On Efik and Ibibio, the two
languages on which we fine-tune both models,

2783



Llama 3.3 70B gains more from fine-tuning than
Gemma 3 27B, but not more from ICL. From 0
to 250 BM25 shots, base Llama improves by 8.5
(Efik) and 8.8 (Ibibio) chrF++, against 9.5 and 8.8
for base Gemma. Without any examples, LORA1012

reaches 28.4 and 28.1 chrF++ on Llama, against
27.3 and 26.4 on Gemma. Since Gemma is the
smaller model and cheaper to fine-tune, we would
choose it between the two.

Cost considerations. Translating the 997-
sentence query set using 250 shots ICL costs
approximately $2–$3 per direction with Gemini
2.5 Flash (Batch API rate) for typical Latin-
script LRLs (e.g., Mauritian Creole, Ladin, Efik,
Ibibio), and up to $12 for under-represented scripts
such as Tifinagh; GPT-4.1 costs approximately
$46 per direction at standard pricing on eng→Efik,
or $23 at the Azure Batch rate we used in our
experiments.

The cost of fine-tuning an open-weight alterna-
tive depends on the choice of model and compute
budget. Renting a single A100 80GB GPU typi-
cally costs more than $2 per hour by most providers
such as Lambda (A100 cost $2.79), but the total
cost scales with model size and training-pass dura-
tion. Deployment cost for self-hosted open-weight
models is harder to characterize, as it depends on
the user’s available hardware and throughput re-
quirements; matching the translation quality of the
strongest closed-API models in our experiments
would typically require open-weight models sub-
stantially larger than those we fine-tuned, which
are themselves nontrivial to self-host efficiently.

For practitioners with access to a closed-API
model, it delivers both the strongest quality we
measure (e.g., 35.4 vs. 30.1 chrF++ at 250 shots
on eng→Efik; Table 14) and a cost on the order
of a few dollars per test set, accessible to low-
resource language communities without infrastruc-
ture investment. For open-weight-only deploy-
ments, based on our experimental results, you
should only finetune without using ICL if you need
to reuse the model extensively and only require
a relatively mediocre translation performance. If
you are only translating a small amount, then ICL
alone can come close to the same performance
(in some settings, 10–25 retrieved shots already
approach a model fine-tuned on the full 1,012-
sentence pool, which is much cheaper than the 250
shots we discussed). If you want to have the best
possible performance, you still need to add ICL,

and in this case, fine-tuning may no longer be nec-
essary, because in our experiments, under 250-shot
ICL, the gap between with and without LoRA fine-
tuning shrinks to 0.8–3.0 chrF++ (from 7.5–10.3
without examples), but combining fine-tuning with
ICL still gives the best open-weight result in every
setting we tested.

The total of more than $30,000 reported in our
Limitations corresponds to our actual API billing
across the full experimental program, including pi-
lot and exploration runs beyond the configurations
reported in the main results. Because input prompt
length—and thus per-token API cost—scales with
the number of shots, less than 25% of this total was
spent on experiments at k ≤ 250; the remaining
∼75% comes from high-shot scaling experiments
at k ∈ {500, 750, 1000} (only the k = 500 and
k = 1000 endpoints are reported in the main scal-
ing figures).

H Dictionary Augmentation

Bilingual dictionaries are a common augmenta-
tion for prompt-based MT in low-resource set-
tings, with prior work reporting gains at low shot
counts (Ghazvininejad et al., 2023; Zhang et al.,
2024; Pei et al., 2025). These gains, however, de-
pend on the availability of comprehensive, high-
quality dictionaries — a condition that is often not
met for extremely low-resource languages, whose
digital dictionaries (where they exist at all) tend
to be small, incomplete, or prone to OCR and ty-
pographical errors. We test whether dictionary
augmentation persists in the many-shot regime un-
der such realistic LRL conditions on eng→Efik
and eng→Anaang, the two directions for which
we have a digital dictionary, comparing a 25-
shot BM25 prompt augmented with the dictio-
nary against both the matched 25-shot baseline
and a 50-shot baseline without the dictionary (Ta-
ble 15). At a matched 25-shot budget, the dic-
tionary yields only marginal gains on GPT-4.1
(+0.55 and +0.05 chrF++) and slight losses on
Gemini 2.5 Flash (−0.41 and −0.19). At a
matched prompt budget, adding the dictionary on
top of 25 shots is consistently outperformed by sim-
ply scaling to 50 retrieved examples (all four ∆50

values negative). Two factors plausibly contribute:
the limited coverage and quality of the digital dic-
tionaries available for these languages, and the di-
minishing marginal value of a separate dictionary
once retrieved examples already supply relevant
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target-language vocabulary. We therefore do not
interpret these results as a refutation of dictionary
augmentation in general, which remains useful at
lower shot counts and with higher-coverage dictio-
naries.

I Qualitative Analysis
This appendix collects four analyses of the eng→X
results of Gemini 2.5 Flash. They are prelimi-
nary: the cross-language analysis is correlational
over ten languages, and the human judgments each
cover one sentence rated by one native speaker.
We present them as hypotheses consistent with the
data, not as causal claims.

I.1 Why some languages score higher than
others

Languages differ both in their 0-shot level and
in how much they gain from examples (Table 6).
The three languages with the highest 0-shot scores
(Mauritian Creole, Sudanese Arabic, Ladin) are
also the three highest at 1,000 shots, and the two
largest gains are for the two languages with the low-
est 0-shot scores (Tamazight +35.6, Oro +29.3).
We examine three factors that may explain the 0-
shot level: how much text in the language the
model saw in pretraining, whether it has a closely
related high-resource language, and its script. Mor-
phology, the remaining column of Table 13, shows
no clear pattern: the six agglutinative languages
range from 13.6 to 33.4 chrF++ at 0-shot, and the
three fusional ones from 2.6 to 43.9.

Pretraining data. Target-language performance
correlates with the amount of in-language data
seen in pretraining (Blevins and Zettlemoyer,
2022). The pretraining data of the models we
test is not public, so we use a language’s presence
in three public multilingual corpora as a proxy:
FineWeb-2 (Penedo et al., 2025), Glot500-c (Imani
et al., 2023), and MADLAD-400 (Kudugunta et al.,
2023). We use the proxy only in two ways: to
show that a language is absent, and to order lan-
guages within one family. Mid-range counts are
not a reliable measure of exposure, because a lan-
guage’s text may be labelled as a related language
or may come from sources that web crawls miss.
The cleanest comparison is within the four Cross-
River languages (Table 7), which share family, re-
gion, and spelling conventions, and none of which
has a high-resource relative. There, corpus pres-
ence and 0-shot level agree. Efik, the only one of

the four in FineWeb-2 and Glot500-c, scores high-
est (31.3). Ibibio, present only in MADLAD-400,
is second (25.0). Anaang and Oro, absent from all
three corpora, are lowest (15.9 and 13.6); we treat
them as tied. The same order holds for all four mod-
els (Tables 16, 18, 20, and 22), except that Anaang
and Oro swap places for Gemma 3 27B (11.7 vs.
11.8).

High-resource relatives. Only three of the ten
languages have a closely related language with
more than 10M FineWeb-2 documents: Mauritian
Creole (a French-based creole), Sudanese Arabic
(a variety of Arabic), and Ladin (a Romance lan-
guage close to Italian). Among the other seven,
the largest relative is Swahili for Emakhuwa, with
1.2M documents. These three languages are ex-
actly the three highest at 0-shot, and this holds for
all four models. This holds even though their own
public data is similar to or smaller than that of the
lower-scoring languages. This pattern is consistent
with transfer from the related language. However,
public counts probably understate the exposure of
a widely spoken variety such as Sudanese Arabic,
so we cannot separate the two explanations.

Script. Tamazight has the lowest 0-shot score of
all ten languages for every model (2.0–2.9 chrF++).
Oro, Anaang, and Tamazight all have almost no
public data, yet Tamazight scores far lower at 0-
shot (2.6 vs. 13.6 and 15.9). It is the only one of our
languages written in Tifinagh. At 0-shot the model
writes Latin-script output, which scores near zero
against the Tifinagh reference (App. I.2). Its 0-
shot score therefore understates what the model
knows about the language, and much of its large
gain comes from the switch to Tifinagh.

Procedure. Scores are from Table 16 (Random
selection; 0-shot uses no examples). Gains are
the values in the last row of that table, computed
from unrounded scores, so they can differ by 0.1
from the difference of the rounded scores shown.
FineWeb-2 document counts are the per-language
statistics published with the dataset, retrieved in
July 2026. Glot500-c sentence counts are from the
appendix tables of Imani et al. (2023). MADLAD-
400 counts are clean-sentence counts from the per-
language table of Kudugunta et al. (2023). We
looked up each language by its ISO 639-3 code
(Anaang: anw; Oro: orx).
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Language 0-shot 1000-shot Gain
Tamazight 2.6 38.2 +35.6
Oro 13.6 42.9 +29.3
Anaang 15.9∗ 29.0 +13.1
Ibibio 25.0 34.5 +9.6
Emakhuwa 26.8 36.0 +9.2
Efik 31.3 35.6 +4.4
Ayacucho Quechua 33.4 38.8 +5.4
Ladin 38.9 53.9 +15.0
Sudanese Arabic 43.9 47.5 +3.7
Mauritian Creole 55.4 60.8 +5.4

Table 6: eng→X chrF++ of Gemini 2.5 Flash at
0 and 1,000 examples (Random selection), sorted by
0-shot score, from Table 16; gains as in its last row.
∗Scored on the 442 of 997 outputs that completed.

Language FineWeb-2 Glot500-c MADLAD-400 0-shot
(docs) (sents) (sents)

Efik 4,625 1.08M – 31.3
Ibibio – – 36.3K 25.0
Anaang – – – 15.9∗

Oro – – – 13.6

Table 7: Presence of the four Cross-River languages
in three public multilingual corpora, used as a rough
proxy for pretraining exposure; “–” means absent. 0-
shot: chrF++, Gemini 2.5 Flash, eng→X. ∗As in Ta-
ble 6.

I.2 Script anchoring for Tamazight

Agrawal et al. (2023, §2) distinguish a task-level
role of in-context examples from an example-
specific one. Zebaze et al. (2025, §6) similarly sep-
arate failures to understand the task, which a few
examples mostly fix (one for high-resource direc-
tions, typically two to five for low-resource ones),
from failures to perform it accurately, which persist
longer for low-resource targets. In the same spirit,
we distinguish two effects of examples. The first
is anchoring the output to the target language and
script, which may need very few examples. The
second is improving the target-language output it-
self, which may keep benefiting from more lexical,
orthographic, and syntactic evidence.

Tamazight’s gain from 0 to 1 example (+24.6
chrF++, Table 8) fits the first effect. At 0-shot,
Gemini 2.5 Flash writes Tamazight words in
Latin script; with one Tifinagh example, it writes
Tifinagh (Table 9). Oro, in contrast, gains steadily
with more examples (+4.1 from 0 to 1 example and
+25.2 from 1 to 1,000; Table 8), which fits the sec-
ond effect.

Language Script 0→1 1→1000
Tamazight Tifinagh +24.6 +11.0
Oro Latin + diacritics +4.1 +25.2

Table 8: 0→1 and 1→1000 chrF++ gains for Tamazight
and Oro (Random selection), computed from Table 16.

English (source) The pilot was identified as
Squadron Leader Dilokrit Pat-
tavee.

Reference ⵓⴼⴰⵏ ⵏⵏ ⴰⵎⵙⵙⵉⵢⵍ ⵉⴳⴰ ⴰⵎⵇⵇⵔⴰⵏ ⵏ
ⵓⴷⴼⵔⵉⵔ ⴷⵉⵍⵓⴽⵔⵉⵜ ⴱⴰⵜⴰⴼⵉ.

transliteration ufan nn amssiyl iga amqqran n
udfrir dilukrit batafi.

0-shot output Amhar ittwasn d Amghar n
Tagrawt Dilokrit Pattavee.

1-shot output ⴰⵏⴰⵢ ⵉⵜⵜⵡⴰⵙⵙⵏ ⴷ ⴰⵏⵙⵙⵉⵅⴼ ⵏ
ⵜⴰⴳⵔⵓⵎⵜ ⴷⵉⵍⵓⴽⵔⵉⵜ ⴱⴰⵜⵜⴰⴼⵉ.

transliteration anay ittwassn d anssixf n tagrumt
dilukrit battafi.

Table 9: Script anchoring on eng→Tamazight (Gemini
2.5 Flash, one sentence). At 0-shot the output is
Tamazight words in Latin script; with one Tifinagh in-
context example it is in Tifinagh. Transliterations map
each Tifinagh letter to its Latin equivalent; the English
source gives the intended meaning. The name “Dilokrit
Pattavee” stays in Latin at 0-shot and is written in Tifi-
nagh at 1-shot, as in the reference. This is consistent
with a failure to produce the target script rather than a
failure to translate.

I.3 Native-speaker ratings across shot counts
(Oro)

To complement the chrF++ trends in §3.1, a na-
tive speaker of Oro rated eng→Oro translations of
one FLORES+ sentence by Gemini 2.5 Flash
at four shot counts, using Direct Assessment (DA,
0–100, higher is better; Graham et al., 2013). Ta-
ble 10 shows the outputs and ratings. The 1-shot
output is Igbo, not Oro (e.g., mmanụ ‘oil’ and puku
iri ise na ise ‘fifty-five thousand’). The 10-shot
output uses Oro spelling but leaves more English
words untranslated (valves, pad, tank, barrels, gal-
lons) than the 100- and 250-shot outputs. Both are
rated 0. The rating rises to 50 at 100 shots and 60 at
250 shots, so for this sentence the chrF++ gains at
low k do not yet translate into usable output. We
observed a similar pattern for Ibibio. This is one
sentence rated by one person, so we report it as an
illustration, not as a human evaluation.
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Setting Translation output DA

Source (eng): The valves opening allowed a pressure release for the system and oil flowed on a pad to a tank that can hold
55,000 barrels (2.3 million gallons).
Reference (Oro): Ku inuẹ onu ku ovim ẹtei osi ọwọñọ kini ara ẹwẹ aga ọdọñọ ku ata ogbono uga omu okeme idọñọ izim
miniọn otu ara 55,000 (miniọn gallon 2.3).

1-shot Nmeghe mkpọkọ ahụ mere ka nrụgide tọhapụ maka usoro ahụ, ma mmanụ wee reree n’elu ebe gaa na
tankị nke nwere ike ijide barel puku iri ise na ise (galọn nde abụọ na puku narị atọ).

0

10-shot Ima valves egegin ọwọ ku ufene ifrẹ ọnọ imu udip ma ọkpọ-ọkpọ ọgọ ku pad ku tank omu ekeme imuọ
55,000 barrels (2.3 igbẹghẹ gallons).

0

100-shot Kini ima valve egebuana, emu egeyak ulu ozighi ọnọ ubonokpọ onu, ma ara ọgọwọñ ku ufene edi ufene-
mmọñ omu okeme imuọ mkpọ su barrel 55,000 (miniọn 2.3 galọn).

50

250-shot Ima valve omu egedi ntuñọ ẹgeyak ntuñọ ulagha ọnọ ubonokpọ ma ara ọgọwẹ ku ogbogro aga udọñ omu
okeme imuọ 55,000 barrel (miniọn 2.3 galọn).

60

Table 10: Illustrative native-speaker Direct Assessment (DA, 0–100; higher is better) of eng→Oro translations from
Gemini 2.5 Flash for one FLORES+ sentence, across shot counts k. The 1-shot output is Igbo rather than Oro;
the 10-shot output is in Oro spelling but is also rated 0. Ratings reach 50–60 only at k≥100.

I.4 Bible vs. in-domain examples: failure
analysis for Oro

For most languages, Bible examples help less
than in-domain examples (Figure 2). We ex-
amine the language with the largest gap in de-
tail: eng→Oro with Gemini 2.5 Flash and 250
BM25-retrieved examples, where Bible examples
give 24.63 chrF++ and in-domain examples 41.81
(Table 16). Both prompts retrieve examples with
BM25 on the English side. The Oro Bible pool
is the Gospel of Luke only (1,151 verses), so 250
examples cover about a fifth of it. The Bible ex-
amples are ordered most-similar-first and the in-
domain examples in random order; ordering has
little effect in our experiments (App. F). As in the
main tables, each condition is scored on its own
completed outputs (Bible: 930 of 997; in-domain:
992 of 997).

Spelling conventions. The Oro Bible and the
Ibom-NLP references use different spelling con-
ventions. For example, the Bible writes ɔ and ŋ
where the references write ọ and ñ, and it hyphen-
ates some compounds that the references write as
one word (e.g., awak-iwak in a Bible-conditioned
output vs. awakiwak in the reference). To separate
spelling from content, we fold both conventions in
outputs and references alike. First we map the let-
ters ɔ, ọ → o; ẹ, ɛ→ e; ɨ, ị → i; and ŋ, ñ → n, and
remove combining macrons. Then we also delete
hyphens. Table 11 shows the result. Folding nar-
rows the gap from 17.18 to 12.54 chrF++, so 73%
of it remains. Most of the gap is therefore not due
to spelling.

Bible In-domain Gap
chrF++, raw 24.63 41.81 17.18

+ fold spelling conventions 30.66 43.20 12.54

Reference word recall 0.305 0.459
without frequent types 0.197 0.365

Bible-vocabulary insertions 8.6 4.7

Table 11: Bible vs. in-domain examples for eng→Oro
(Gemini 2.5 Flash, 250 BM25-retrieved examples).
Each condition is scored on its own completed outputs
(930 and 992 of 997). Insertions are word types per
sentence. Definitions are in App. I.4.

Word choice. Two word-level measures point
the same way (Table 11). Both are computed af-
ter lowercasing and the letter mapping above, with
hyphenated compounds joined. Reference word re-
call is the share of the reference’s word types that
also occur in the output, averaged over sentences.
A variant ignores the 62 frequent types that occur
in at least 5% of the 997 dev references, most of
which are function words. Bible-vocabulary inser-
tions counts, per sentence, the output word types
that occur at least five times in the Oro side of
this Bible pool but not in the reference. Bible-
conditioned outputs reproduce fewer of the refer-
ence’s words (0.305 vs. 0.459; 0.197 vs. 0.365
without frequent types). They also insert more
Bible words that the reference does not use (8.6
vs. 4.7 types per sentence). We ran no significance
tests, but the differences are substantial.

Native-speaker judgment of one sentence. A
native speaker of Oro judged the two outputs for
one dev sentence (Table 12). We chose it as a
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representative sentence: its gap between the two
conditions lies near the middle of the per-sentence
distribution. The rater marked each output word
as correct or not. The rater then scored transla-
tion quality, word choice, and fluency, and gave
an overall grade that is a separate holistic judg-
ment, not an average of the three. All scores are
on a 0–100 scale. Of the words, 10 of 18 in the
in-domain output and 6 of 26 in the Bible output
were judged correct. The in-domain output was
rated higher on every dimension (overall 58 vs. 40).
The rater noted that the Bible output covers more
of the source concepts but uses wrong words (e.g.,
edikpime, ubi) and many non-standard word forms
that follow the Bible spelling (e.g., mbubighe for
mbubẹghẹ). This agrees with the corpus-level mea-
sures above.
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English source Many exotic animals are hard to find, and parks sometimes have rules about taking photographs
for commercial purposes.

Oro reference Ẹtei otuile idigid awakiwak ijẹñijẹñẹ una, ufene omu etei eyak emu ebak ñgo etei ennyi ima mbẹd
kabaña uzighi-ndise idẹ innyẹ-nnyẹ.

In-domain output (10/18) Awakiwak una omu enana-nana otuile idigid, ñgo ima park nzuk ini ennyi ubiad ubaña uzighi-
ndise inọ ntak mbubẹghẹ.

Bible output (6/26) Awak-iwak unuŋɔ omu enu okpe-kpe enu ubighe idigid, ma ima ubi omu enwi edikpime unuŋɔ
ini gi ku enji ibed ebaŋa iditɔŋɔ foto inɔ mbubighe ɔkuk.

Dimension In-domain output Bible output

Translation quality 48: captures several key items; misses “hard to
find”, “parks”, “sometimes have rules”, “commer-
cial purposes”

40: more concepts represented, but several key ex-
pressions not fully captured; wrong word choices
(edikpime, ubi)

Word choice 58: “park” left untranslated; the closing phrase
does not capture the intended sense

25: most word forms judged misspelt

Fluency 60: the sentence is understandable 35: flows reasonably but less cohesive, weakened
by many non-standard forms

Overall 58 40

Table 12: Native-speaker judgment of one eng→Oro sentence translated by Gemini 2.5 Flash with 250 BM25-
retrieved in-domain or Bible examples. Top: words in bold were judged correct; the other words were judged
incorrect or not rated (counts of correct words in parentheses). Bottom: 0–100 scores with the rater’s comments;
the overall grade is a separate holistic judgment.

Language Family Morphology Script Dataset Has a Bible?
Emakhuwa (vmw) Atlantic–Congo / Bantu Agglutinative Latin FLORES+a 3

Moroccan Tamazight (zgh) Afro-Asiatic / Berber Fusional Tifinagh FLORES+b 7
Ladin (lld) Indo-European / Romance Fusional Latin FLORES+c 7

Mauritian Creole (mfe) French Creole Analytic Latin FLORES+d 3
Ay. Quechua (quy) Quechuan Agglutinative Latin FLORES+e 3

Sudanese Arabic (apd) Afro-Asiatic / Semitic Fusional Arabic Sudanese-Floresf 3

Anaang (anw) Atlantic–Congo / Cross River Agglutinative Latin Ibom-NLPg 7
Efik (efi) Atlantic–Congo / Cross River Agglutinative Latin Ibom-NLPg 3
Ibibio (ibb) Atlantic–Congo / Cross River Agglutinative Latin Ibom-NLPg 3
Oro (orx) Atlantic–Congo / Cross River Agglutinative Latin Ibom-NLPg 3

a (Ali et al., 2024) b (Oktem et al., 2025) c (Frontull et al., 2025) d (Rajcoomar, 2025)
e (Costa-jussà et al., 2024) f (Samil and Adelani, 2026) g (Kalejaiye et al., 2025)

Table 13: Overview of 10 target languages. The bottom four are from the Ibom region of Nigeria. FLORES+ is
maintained by the Open Language Data Initiative (Burchell et al., 2024).
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Shots Variant Gemma 3 27B Llama 3.3 70B

efi ibb vmw efi ibb

0
Base 3.6/19.8 3.8/18.5 3.0/18.7 4.0/19.9 4.1/18.9
+ LORA250 6.4/24.1 6.5/24.2 5.6/26.0 7.0/25.0 7.3/24.7
+ LORA1012 8.4/27.3 8.0/26.4 7.9/29.0 9.1/28.4 9.9/28.1
Gemini 2.5 Flash 9.1/31.3 6.3/25.0 6.4/26.8 9.1/31.3 6.3/25.0

1
Base 4.8/22.1 4.9/20.2 4.1/21.4 5.0/22.8 5.0/21.6
+ LORA250 6.3/24.4 6.4/24.0 5.8/26.2 7.0/25.3 7.5/25.5
+ LORA1012 8.9/27.8 8.7/26.9 8.3/29.3 9.9/29.0 10.1/28.6
Gemini 2.5 Flash 10.1/32.1 7.5/26.0 7.7/28.7 10.1/32.1 7.5/26.0

5
Base 6.8/25.5 6.7/23.2 5.9/25.4 6.3/25.5 5.8/24.7
+ LORA250 7.5/26.3 7.5/25.2 6.6/27.3 7.7/26.7 7.6/26.2
+ LORA1012 9.3/28.5 9.1/27.5 8.7/29.8 10.3/30.0 10.1/28.9
Gemini 2.5 Flash 11.5/33.5 10.1/28.7 9.7/30.9 11.5/33.5 10.1/28.7

10
Base 7.7/27.0 7.7/24.7 7.1/27.1 5.0/24.4 6.3/25.8
+ LORA250 8.0/27.0 8.0/25.8 7.5/28.2 7.7/26.7 8.1/26.7
+ LORA1012 9.9/28.9 9.5/27.7 9.2/30.4 10.6/30.5 10.2/29.0
Gemini 2.5 Flash 11.9/33.7 11.5/30.1 10.7/32.1 11.9/33.7 11.5/30.1

25
Base 8.9/28.4 9.1/26.5 8.5/28.4 6.3/26.0 6.9/26.7
+ LORA250 9.1/28.2 8.8/26.4 8.3/28.8 8.1/27.6 8.5/27.4
+ LORA1012 10.3/29.3 9.9/28.1 9.9/31.1 10.4/30.4 10.3/29.2
Gemini 2.5 Flash 12.6/34.4 13.1/31.7 12.2/33.5 12.6/34.4 13.1/31.7

50
Base 9.7/29.2 9.7/27.1 9.0/28.9 5.2/25.0 7.8/27.6
+ LORA250 9.5/28.9 9.4/27.0 8.9/29.4 8.3/27.9 8.9/27.8
+ LORA1012 10.7/29.7 10.4/28.6 10.1/31.2 10.5/30.6 10.6/29.6
Gemini 2.5 Flash 13.5/35.2 13.9/32.8 12.9/34.2 13.5/35.2 13.9/32.8

100
Base 10.3/29.5 9.7/27.6 9.3/29.0 5.5/25.5 8.0/27.3
+ LORA250 9.9/29.2 9.5/27.1 8.9/29.3 8.5/28.2 9.0/28.0
+ LORA1012 10.7/29.6 10.6/28.8 10.4/31.3 10.5/30.7 10.6/29.4
Gemini 2.5 Flash 13.4/35.1 14.7/33.7 13.4/34.8 13.4/35.1 14.7/33.7

250
Base 10.3/29.3 9.8/27.3 9.1/28.4 7.8/28.4 8.7/27.7
+ LORA250 10.0/29.4 10.0/27.5 9.0/29.3 8.5/28.4 9.2/28.3
+ LORA1012 10.9/30.1 10.4/28.5 10.4/31.4 10.4/30.6 10.5/29.4
Gemini 2.5 Flash 13.8/35.4 15.2/34.2 14.0/35.3 13.8/35.4 15.2/34.2

Table 14: Each cell reports spBLEU / chrF++ on eng→X for the base model and its two fine-tuned variants (Gemma
3 27B and Llama 3.3 70B), with Gemini 2.5 Flash as a closed-API reference, at 0 to 250 BM25-retrieved
shots. Bold marks the highest chrF++ in each column at each shot count. Gemini 2.5 Flash cannot be LoRA-
tuned through its API; its rows are repeated under both models.

Model Direction 25+dict 25 ∆25 50 ∆50

GPT-4.1 eng→Efik 29.68 29.13 +0.55 29.90 −0.22
eng→Anaang 25.63 25.58 +0.05 26.12 −0.49

Gemini 2.5 Flash eng→Efik 33.94 34.35 −0.41 35.23 −1.29
eng→Anaang 27.43 27.62 −0.19 28.21 −0.78

Table 15: Dictionary augmentation versus scaling in-context examples (chrF++). “25+dict” prepends a bilingual
word list to a 25-shot BM25 prompt; “25” and “50” are no-dict BM25 baselines. ∆25 reports (25+dict) − (25):
dictionary gain at matched shot count. ∆50 reports (25+dict) − (50): dictionary gain versus reallocating the same
prompt budget to more examples. ∆50 is negative across all four model–language pairs: at a matched prompt
budget, adding a dictionary on top of 25 shots is consistently worse than simply scaling to 50 shots.
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Shots Src chrF++ (Bible langs) chrF++ (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 31.3 25.0 55.4 13.6 33.4 26.8 15.9 38.9 2.6 43.9

1
Random 31.7 25.3 56.8 17.7 34.1 27.5 21.5 39.4 27.2 44.8
BM25 32.1 26.0 57.5 20.2 34.5 28.7 22.7 43.8 28.6 44.6
BM25−Random (△) +0.3 +0.7 +0.7 +2.5 +0.3 +1.2 +1.2 +4.4 +1.4 −0.2
Bible 32.2 25.6 55.9 16.2 33.6 27.7 7 7 7 7

5
Random 31.9 26.4 58.3 23.3 34.5 28.2 22.9 45.1 28.7 44.3
BM25 33.5 28.7 58.6 28.6 35.9 30.9 25.8 47.6 32.0 45.7
BM25−Random (△) +1.5 +2.2 +0.3 +5.3 +1.5 +2.7 +2.9 +2.5 +3.4 +1.3
Bible 33.5 27.4 56.4 18.5 33.2 28.4 7 7 7 7

10
Random 32.2 27.3 58.7 24.8 35.2 28.9 24.3 45.5 29.0 45.5
BM25 33.7 30.1 59.4 32.5 36.7 32.1 26.7 49.1 33.8 45.7
BM25−Random (△) +1.5 +2.9 +0.7 +7.6 +1.5 +3.2 +2.5 +3.6 +4.7 +0.2
Bible 33.8 29.0 56.9 20.7 32.9 29.0 7 7 7 7

25
Random 32.7 28.8 59.4 28.2 35.8 30.6 24.6 46.5 30.0 46.2
BM25 34.4 31.7 59.9 36.3 37.6 33.5 27.6 50.8 35.5 46.7
BM25−Random (△) +1.6 +3.0 +0.6 +8.1 +1.8 +2.9 +3.1 +4.4 +5.5 +0.5
Bible 34.4 30.1 57.0 22.0 32.7 29.5 7 7 7 7

50
Random 34.0 30.3 59.7 31.6 36.2 31.9 26.4 47.6 31.1 46.4
BM25 35.2 32.8 60.3 38.8 38.0 34.2 28.2 51.8 36.4 46.9
BM25−Random (△) +1.2 +2.5 +0.6 +7.2 +1.8 +2.4 +1.8 +4.1 +5.3 +0.6
Bible 34.4 31.1 57.2 22.8 32.5 29.8 7 7 7 7

100
Random 34.4 31.9 59.8 35.0 36.7 33.0 26.9 49.3 33.2 46.1
BM25 35.1 33.7 60.6 40.4 38.4 34.8 28.5 52.3 37.2 46.8
BM25−Random (△) +0.7 +1.8 +0.8 +5.3 +1.7 +1.8 +1.6 +3.0 +4.0 +0.8
Bible 35.1 32.0 57.2 23.7 32.6 30.1 7 7 7 7

250
Random 35.1 33.6 60.1 39.3 37.9 34.4 28.0 51.4 35.1 46.8
BM25 35.4 34.2 60.5 41.8 38.6 35.3 28.9 53.2 37.7 46.8
BM25−Random (△) +0.4 +0.5 +0.4 +2.5 +0.7 +0.9 +0.9 +1.8 +2.6 0
Bible 35.3 32.6 57.2 24.6 32.4 30.2 7 7 7 7

500
Random 35.7 34.2 60.4 41.7 38.5 35.2 28.8 53.2 37.0 46.6
BM25 35.6 34.2 60.8 42.5 38.8 35.5 29.2 53.7 38.0 47.1
BM25−Random (△) −0.1 0 +0.4 +0.8 +0.3 +0.4 +0.4 +0.5 +1.1 +0.5
Bible 35.3 32.8 57.2 25.0 32.2 30.6 7 7 7 7

1000
Random 35.6 34.5 60.8 42.9 38.8 36.0 29.0 53.9 38.2 47.5
BM25 35.9 34.4 61.1 43.2 38.8 35.7 29.5 54.1 38.3 47.0
BM25−Random (△) +0.3 −0.2 +0.3 +0.3 0 −0.3 +0.4 +0.2 0 −0.5
Bible 35.4 33.1 57.0 25.3 32.5 30.4 7 7 7 7

Gain: Random 1000 vs 0-shot +4.4 +9.6 +5.4 +29.3 +5.4 +9.2 +13.1 +15.0 +35.6 +3.7

Table 16: eng→X results with Gemini 2.5 Flash (chrF++). Formatting conventions as described in Appendix E.
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Shots Src spBLEU (Bible langs) spBLEU (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 9.1 6.3 32.2 2.3 9.9 6.4 3.2 17.5 0.8 25.5

1
Random 9.4 6.6 35.5 4.1 10.8 6.8 4.9 18.1 20.0 26.6
BM25 10.1 7.5 35.7 7.2 11.2 7.7 5.8 24.1 22.2 25.9
BM25−Random (△) +0.7 +0.9 +0.2 +3.2 +0.4 +0.9 +1.0 +6.0 +2.2 −0.8
Bible 9.9 7.3 33.7 3.9 10.4 7.0 7 7 7 7

5
Random 9.6 7.9 37.3 8.8 11.7 7.3 5.3 25.6 22.1 25.2
BM25 11.5 10.1 37.4 14.3 12.8 9.7 7.5 29.0 26.1 26.3
BM25−Random (△) +2.0 +2.3 +0.1 +5.5 +1.1 +2.4 +2.2 +3.5 +4.0 +1.1
Bible 11.4 9.5 34.2 4.8 10.2 7.4 7 7 7 7

10
Random 9.8 8.2 37.7 9.2 12.1 8.0 6.1 26.1 22.3 26.0
BM25 11.9 11.5 38.3 18.1 13.5 10.7 8.0 31.1 28.0 26.3
BM25−Random (△) +2.1 +3.3 +0.6 +8.9 +1.4 +2.7 +2.0 +5.1 +5.7 +0.3
Bible 11.6 11.0 34.8 5.7 9.7 7.8 7 7 7 7

25
Random 10.2 9.8 38.5 11.6 12.7 8.9 6.4 27.4 23.6 26.9
BM25 12.6 13.1 39.0 22.2 14.4 12.2 8.8 33.4 29.8 27.1
BM25−Random (△) +2.3 +3.3 +0.5 +10.6 +1.7 +3.3 +2.4 +6.1 +6.2 +0.2
Bible 12.4 12.3 35.1 6.1 9.5 8.2 7 7 7 7

50
Random 11.2 11.4 39.0 16.2 13.2 10.2 7.6 29.1 24.9 26.9
BM25 13.5 13.9 39.5 24.9 15.0 12.9 9.3 34.8 30.6 27.1
BM25−Random (△) +2.3 +2.6 +0.4 +8.7 +1.8 +2.6 +1.7 +5.7 +5.7 +0.2
Bible 12.4 12.9 35.4 6.5 9.2 8.5 7 7 7 7

100
Random 11.9 13.0 38.9 19.9 13.6 11.4 8.1 31.4 27.1 26.4
BM25 13.4 14.7 39.9 26.7 15.3 13.4 9.5 35.6 31.2 27.0
BM25−Random (△) +1.5 +1.7 +0.9 +6.8 +1.7 +2.0 +1.4 +4.1 +4.2 +0.6
Bible 13.0 13.9 35.3 6.8 9.4 8.7 7 7 7 7

250
Random 12.8 14.5 39.3 25.2 14.8 12.8 9.0 34.2 29.2 27.3
BM25 13.8 15.2 40.0 28.5 15.4 14.0 9.7 36.8 31.8 27.1
BM25−Random (△) +1.0 +0.7 +0.7 +3.3 +0.6 +1.2 +0.6 +2.6 +2.7 −0.2
Bible 13.3 14.3 35.4 7.4 9.2 8.9 7 7 7 7

500
Random 13.6 15.1 39.9 28.1 15.3 13.7 9.7 36.6 30.9 27.2
BM25 13.9 15.2 40.3 29.3 15.6 14.3 9.9 37.4 32.2 27.4
BM25−Random (△) +0.3 +0.1 +0.4 +1.3 +0.3 +0.6 +0.2 +0.8 +1.3 +0.2
Bible 13.1 14.7 35.4 7.7 9.0 9.1 7 7 7 7

1000
Random 13.5 15.6 40.7 30.0 15.6 14.8 9.9 37.7 32.2 28.0
BM25 14.1 15.4 40.9 30.3 15.8 14.7 10.2 38.0 32.6 27.5
BM25−Random (△) +0.6 −0.3 +0.1 +0.4 +0.1 −0.1 +0.3 +0.3 +0.3 −0.5
Bible 13.2 15.1 35.3 7.9 9.2 9.0 7 7 7 7

Gain: Random 1000 vs 0-shot +4.4 +9.4 +8.5 +27.7 +5.7 +8.4 +6.6 +20.2 +31.4 +2.5

Table 17: eng→X results with Gemini 2.5 Flash (spBLEU). Formatting conventions as described in Appendix E.
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Shots Src chrF++ (Bible langs) chrF++ (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 23.6 22.7 54.6 14.5 29.9 21.2 21.3 31.9 2.1 44.2

1
Random 23.7 23.3 55.1 19.1 30.5 21.7 21.6 32.2 16.3 43.9
BM25 24.6 24.0 55.4 21.7 30.9 23.5 22.3 33.8 18.1 43.9
BM25−Random (△) +0.9 +0.7 +0.3 +2.6 +0.4 +1.7 +0.7 +1.6 +1.8 0
Bible 24.5 23.5 53.8 17.1 30.1 22.1 7 7 7 7

5
Random 24.6 23.8 56.1 21.6 31.0 23.2 22.7 33.0 17.9 43.6
BM25 26.6 25.5 57.0 26.2 32.5 26.5 23.8 37.6 21.1 44.6
BM25−Random (△) +2.0 +1.7 +0.9 +4.6 +1.5 +3.3 +1.0 +4.6 +3.2 +1.0
Bible 26.5 24.8 53.8 19.5 30.6 23.7 7 7 7 7

10
Random 25.1 23.9 56.9 22.6 31.7 23.6 22.9 33.5 18.5 45.5
BM25 27.6 26.5 57.3 28.6 33.5 27.9 24.7 39.9 22.7 44.9
BM25−Random (△) +2.5 +2.7 +0.4 +5.9 +1.8 +4.3 +1.8 +6.4 +4.3 −0.6
Bible 27.4 25.5 54.3 20.5 30.8 24.4 7 7 7 7

25
Random 25.9 24.4 57.2 24.2 32.1 25.3 22.6 35.3 18.8 45.7
BM25 29.1 28.2 58.3 31.3 34.6 29.5 25.6 43.1 23.9 45.4
BM25−Random (△) +3.2 +3.7 +1.1 +7.1 +2.4 +4.3 +3.0 +7.8 +5.1 −0.3
Bible 28.3 26.8 54.0 21.4 30.9 25.7 7 7 7 7

50
Random 27.3 25.3 57.3 26.0 32.7 26.4 23.9 37.4 19.4 46.3
BM25 29.9 28.9 58.5 33.0 35.2 30.7 26.1 44.8 24.2 45.8
BM25−Random (△) +2.6 +3.6 +1.2 +7.1 +2.4 +4.2 +2.2 +7.4 +4.8 −0.5
Bible 29.2 27.5 54.3 22.0 31.1 26.6 7 7 7 7

100
Random 27.9 27.0 57.6 28.4 33.6 28.3 24.3 40.4 20.5 46.3
BM25 30.4 29.6 58.6 34.1 35.4 31.2 26.4 46.3 24.4 46.3
BM25−Random (△) +2.5 +2.7 +1.0 +5.6 +1.8 +2.9 +2.1 +5.9 +3.9 −0.1
Bible 29.8 28.3 54.6 22.5 31.2 27.1 7 7 7 7

250
Random 29.4 28.6 57.6 31.4 34.6 29.7 25.2 43.6 21.3 46.3
BM25 30.8 30.0 58.6 34.6 35.8 31.6 26.5 47.5 24.0 46.2
BM25−Random (△) +1.4 +1.4 +0.9 +3.3 +1.1 +1.9 +1.3 +3.9 +2.7 −0.1
Bible 30.6 29.2 54.7 22.7 31.2 27.8 7 7 7 7

500
Random 30.4 29.3 58.1 33.5 35.1 30.9 25.9 46.2 – 46.5
BM25 31.1 30.1 58.2 34.9 35.9 31.7 26.7 48.1 – 46.4
BM25−Random (△) +0.7 +0.7 +0.1 +1.4 +0.8 +0.8 +0.8 +1.9 – −0.1
Bible 30.8 29.5 54.8 23.3 31.3 28.0 7 7 7 7

1000
Random 31.1 30.0 59.4 34.8 35.6 32.6 26.5 49.1 – 48.9
BM25 31.4 30.0 58.5 34.9 35.7 31.9 26.7 48.4 – 46.3
BM25−Random (△) +0.3 0 −0.9 +0.1 +0.1 −0.7 +0.1 −0.8 – −2.6
Bible 30.9 29.7 54.6 23.1 31.4 28.1 7 7 7 7

Gain: Random 1000 vs 0-shot +7.5 +7.4 +4.8 +20.2 +5.7 +11.3 +5.2 +17.3 – +4.7

Table 18: eng→X results with GPT-4.1 (chrF++). Formatting conventions as described in Appendix E.
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Shots Src spBLEU (Bible langs) spBLEU (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 6.9 5.8 32.9 2.7 8.0 3.8 5.9 9.8 0.3 25.2

1
Random 6.0 6.6 34.5 5.1 8.1 4.2 5.5 10.3 7.2 24.8
BM25 6.9 7.1 34.6 8.1 8.5 5.1 5.8 12.3 10.0 24.3
BM25−Random (△) +0.9 +0.5 +0.1 +3.1 +0.4 +0.9 +0.3 +2.0 +2.8 −0.5
Bible 6.9 6.8 32.3 3.9 7.9 4.4 7 7 7 7

5
Random 6.4 6.7 35.6 6.8 8.5 4.5 5.9 11.2 9.4 24.3
BM25 7.9 8.1 36.5 11.5 9.7 6.7 6.3 16.4 13.4 24.8
BM25−Random (△) +1.5 +1.4 +0.9 +4.7 +1.2 +2.2 +0.4 +5.2 +4.0 +0.4
Bible 7.7 7.7 32.4 5.0 8.0 4.8 7 7 7 7

10
Random 6.2 6.5 36.4 7.1 8.9 4.4 5.6 11.6 9.6 26.1
BM25 8.5 8.9 36.7 13.9 10.9 7.5 6.9 19.0 15.1 25.0
BM25−Random (△) +2.3 +2.4 +0.4 +6.8 +1.9 +3.1 +1.3 +7.4 +5.5 −1.1
Bible 8.0 8.2 32.7 5.4 8.2 5.0 7 7 7 7

25
Random 6.9 6.9 36.6 8.5 9.6 5.1 5.6 13.3 10.0 26.1
BM25 9.7 10.2 38.0 16.5 11.8 9.0 7.4 22.6 16.6 25.5
BM25−Random (△) +2.7 +3.3 +1.4 +8.0 +2.2 +3.9 +1.8 +9.3 +6.6 −0.6
Bible 8.4 9.2 32.1 5.5 8.0 5.6 7 7 7 7

50
Random 7.6 7.4 36.9 10.4 10.2 6.0 6.1 15.6 10.9 26.9
BM25 10.2 11.0 38.2 18.5 12.5 9.8 7.9 24.7 16.9 26.0
BM25−Random (△) +2.6 +3.6 +1.3 +8.1 +2.3 +3.9 +1.8 +9.1 +6.0 −0.9
Bible 8.8 10.0 32.5 5.8 8.1 6.0 7 7 7 7

100
Random 8.4 8.7 37.2 12.8 11.0 7.5 6.5 19.2 12.2 26.6
BM25 10.7 11.6 38.3 19.5 12.7 10.3 8.2 26.6 17.3 26.5
BM25−Random (△) +2.2 +2.9 +1.1 +6.8 +1.7 +2.8 +1.7 +7.4 +5.1 −0.1
Bible 9.1 10.5 32.9 5.9 8.1 6.4 7 7 7 7

250
Random 9.4 10.3 37.2 16.5 11.8 8.8 7.2 23.4 13.3 26.6
BM25 10.8 12.0 38.3 20.2 13.1 10.7 8.2 28.5 16.8 26.4
BM25−Random (△) +1.4 +1.6 +1.1 +3.7 +1.3 +2.0 +1.0 +5.1 +3.5 −0.2
Bible 9.4 11.3 32.8 6.0 7.9 6.7 7 7 7 7

500
Random 10.4 11.1 37.9 18.9 12.5 10.0 7.7 26.5 – 26.7
BM25 11.1 12.0 38.0 20.5 13.2 10.8 8.4 29.1 – 26.7
BM25−Random (△) +0.7 +0.9 +0.1 +1.6 +0.7 +0.7 +0.7 +2.5 – 0
Bible 9.7 11.4 33.0 6.4 8.0 7.0 7 7 7 7

1000
Random 11.2 11.8 38.7 20.6 13.1 11.8 8.3 30.1 – 29.5
BM25 11.4 11.8 38.3 20.5 13.0 10.9 8.4 29.6 – 26.6
BM25−Random (△) +0.2 0 −0.4 −0.1 0 −0.9 +0.2 −0.5 – −2.9
Bible 9.8 11.7 32.6 6.3 8.0 7.0 7 7 7 7

Gain: Random 1000 vs 0-shot +4.3 +6.0 +5.7 +17.9 +5.1 +8.0 +2.4 +20.3 – +4.3

Table 19: eng→X results with GPT-4.1 (spBLEU). Formatting conventions as described in Appendix E.
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Shots Src chrF++ (Bible langs) chrF++ (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 19.9 18.9 36.5 14.4 27.0 18.7 16.8 31.8 2.0 40.7

1
Random 21.8 19.8 36.6 17.3 27.1 19.0 18.2 32.3 17.6 39.7
BM25 22.8 21.6 39.3 19.8 28.1 21.2 19.8 33.7 19.6 40.2
BM25−Random (△) +1.0 +1.8 +2.7 +2.5 +1.1 +2.2 +1.6 +1.4 +1.9 +0.5
Bible 22.4 20.1 37.3 16.1 26.9 19.6 7 7 7 7

5
Random 23.5 22.4 39.7 21.6 28.0 21.5 21.8 33.4 18.5 38.9
BM25 25.5 24.7 43.6 26.2 30.2 24.8 23.5 37.5 21.4 40.3
BM25−Random (△) +2.0 +2.3 +4.0 +4.6 +2.1 +3.4 +1.7 +4.1 +3.0 +1.4
Bible 24.7 22.2 39.6 19.3 27.8 21.7 7 7 7 7

10
Random 22.6 23.4 40.7 22.4 28.5 22.5 22.4 34.1 18.8 39.5
BM25 24.4 25.8 45.2 27.8 30.7 25.6 24.2 37.5 22.4 40.2
BM25−Random (△) +1.7 +2.5 +4.6 +5.3 +2.2 +3.1 +1.8 +3.4 +3.5 +0.7
Bible 25.5 22.0 40.4 20.2 28.2 22.5 7 7 7 7

25
Random 24.6 24.1 42.2 23.5 29.3 23.6 22.8 35.2 19.1 40.2
BM25 26.0 26.7 47.7 29.8 30.8 27.2 24.6 39.6 22.6 40.3
BM25−Random (△) +1.3 +2.6 +5.4 +6.3 +1.5 +3.6 +1.8 +4.4 +3.5 +0.1
Bible 25.2 24.4 41.3 20.6 28.7 23.3 7 7 7 7

50
Random 26.2 24.4 43.5 24.6 29.6 24.2 22.3 36.4 19.5 40.5
BM25 25.0 27.6 49.3 30.0 31.3 26.5 24.1 41.0 22.8 40.8
BM25−Random (△) −1.1 +3.2 +5.8 +5.5 +1.7 +2.3 +1.8 +4.6 +3.4 +0.3
Bible 23.6 24.6 41.3 21.0 28.8 23.6 7 7 7 7

100
Random 27.0 25.1 44.2 25.6 30.7 25.2 23.6 37.9 19.9 40.9
BM25 25.5 27.3 49.8 31.1 32.0 27.6 25.1 41.5 20.2 41.3
BM25−Random (△) −1.4 +2.3 +5.5 +5.5 +1.3 +2.4 +1.5 +3.5 +0.3 +0.5
Bible 27.7 23.9 40.7 20.8 28.9 23.6 7 7 7 7

250
Random 28.0 26.5 46.7 27.9 30.6 26.3 23.7 40.5 – 40.9
BM25 28.4 27.7 50.3 30.6 32.4 27.7 24.9 42.8 10.4 41.3
BM25−Random (△) +0.4 +1.3 +3.6 +2.7 +1.8 +1.4 +1.2 +2.3 – +0.3
Bible 26.6 24.0 43.7 20.6 28.8 23.3 7 7 7 7

500
Random 29.1 27.2 47.8 28.8 29.3 27.3 24.5 42.9 – 41.4
BM25 27.5 27.5 49.7 30.3 31.2 27.8 25.0 42.7 – 41.5
BM25−Random (△) −1.6 +0.3 +2.0 +1.5 +1.8 +0.5 +0.4 −0.2 – +0.1
Bible 26.8 25.2 40.4 19.8 28.6 22.4 7 7 7 7

1000
Random 28.2 24.8 – 25.6 30.6 – 24.9 41.4 – –
BM25 23.8 20.4 48.4 24.9 29.2 22.9 23.3 38.4 – 40.7
BM25−Random (△) −4.4 −4.4 – −0.7 −1.4 – −1.6 −3.0 – –
Bible 19.2 17.4 38.4 – – – 7 7 7 7

Gain: Random 1000 vs 0-shot +8.4 +6.0 – +11.2 +3.7 – +8.1 +9.6 – –

Table 20: eng→X results with Llama 3.3 70B (chrF++). Formatting conventions as described in Appendix E.
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Shots Src spBLEU (Bible langs) spBLEU (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 4.0 4.1 12.9 2.4 6.0 2.5 3.5 9.6 0.3 20.2

1
Random 4.4 3.8 13.0 4.4 6.1 2.5 3.5 10.2 7.2 19.3
BM25 5.0 5.0 15.7 6.9 6.5 3.5 4.4 12.2 10.2 19.6
BM25−Random (△) +0.6 +1.2 +2.7 +2.4 +0.4 +1.0 +0.9 +2.0 +3.0 +0.3
Bible 4.7 4.6 13.8 3.0 5.5 2.7 7 7 7 7

5
Random 5.1 5.0 15.6 6.3 6.4 3.0 4.3 11.9 8.8 18.1
BM25 6.3 5.8 19.8 10.5 7.6 4.3 5.7 16.8 12.8 19.3
BM25−Random (△) +1.2 +0.8 +4.2 +4.2 +1.2 +1.3 +1.4 +4.9 +4.0 +1.2
Bible 5.6 5.5 15.8 3.7 5.8 3.1 7 7 7 7

10
Random 5.3 5.2 16.4 7.3 6.7 3.4 4.4 12.5 9.9 18.4
BM25 5.0 6.3 21.6 12.1 7.9 4.9 6.2 18.0 14.3 18.7
BM25−Random (△) −0.3 +1.1 +5.2 +4.8 +1.2 +1.4 +1.8 +5.4 +4.5 +0.3
Bible 6.1 5.7 16.7 3.9 5.8 3.3 7 7 7 7

25
Random 5.6 5.7 18.0 7.4 7.1 3.6 4.9 14.1 10.5 19.2
BM25 6.3 6.9 24.0 14.1 7.6 5.8 6.6 18.2 15.1 19.0
BM25−Random (△) +0.7 +1.2 +6.0 +6.7 +0.5 +2.2 +1.7 +4.1 +4.6 −0.3
Bible 5.9 6.7 17.1 4.2 6.0 3.8 7 7 7 7

50
Random 6.2 5.6 19.5 8.9 7.5 4.3 5.2 15.5 11.0 19.2
BM25 5.2 7.8 26.5 15.0 8.7 6.1 6.5 21.6 15.9 19.5
BM25−Random (△) −1.0 +2.2 +7.0 +6.1 +1.1 +1.7 +1.2 +6.1 +4.9 +0.3
Bible 5.3 7.1 16.9 4.5 6.3 4.1 7 7 7 7

100
Random 7.0 6.9 20.3 10.4 8.3 5.0 5.8 17.7 11.9 19.5
BM25 5.5 8.0 26.9 16.6 9.2 6.7 7.0 21.1 14.0 20.2
BM25−Random (△) −1.5 +1.1 +6.6 +6.2 +0.8 +1.7 +1.2 +3.4 +2.0 +0.7
Bible 7.3 7.3 18.0 4.6 6.4 4.2 7 7 7 7

250
Random 7.9 8.1 23.2 13.4 9.0 5.7 6.1 20.6 – 19.9
BM25 7.8 8.7 27.5 16.3 9.3 6.9 7.1 22.7 7.5 20.0
BM25−Random (△) −0.1 +0.7 +4.4 +2.9 +0.3 +1.3 +1.1 +2.1 – +0.1
Bible 6.8 8.0 20.1 4.8 6.9 4.2 7 7 7 7

500
Random 8.7 8.5 24.6 14.8 9.2 6.8 6.5 23.3 – 20.2
BM25 7.1 8.7 27.1 16.5 8.5 7.3 7.1 22.8 – 20.4
BM25−Random (△) −1.5 +0.1 +2.5 +1.7 −0.7 +0.5 +0.6 −0.5 – +0.3
Bible 7.1 8.0 16.6 4.6 6.7 3.9 7 7 7 7

1000
Random 8.7 7.6 – 13.1 9.9 – 6.8 23.6 – –
BM25 5.9 4.0 25.4 12.2 9.3 5.3 6.6 21.1 – 19.8
BM25−Random (△) −2.8 −3.6 – −1.0 −0.6 – −0.3 −2.5 – –
Bible 4.6 4.4 16.0 – – – 7 7 7 7

Gain: Random 1000 vs 0-shot +4.7 +3.5 – +10.7 +3.9 – +3.3 +14.0 – –

Table 21: eng→X results with Llama 3.3 70B (spBLEU). Formatting conventions as described in Appendix E.
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Shots Src chrF++ (Bible langs) chrF++ (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 19.8 18.5 41.2 11.8 26.1 18.7 11.7 30.5 2.9 42.6

1
Random 21.2 18.9 43.5 18.7 25.4 19.2 17.7 31.3 18.0 43.5
BM25 22.1 20.2 45.7 19.7 26.5 21.4 19.8 33.1 19.5 43.7
BM25−Random (△) +0.9 +1.3 +2.2 +1.0 +1.1 +2.2 +2.1 +1.8 +1.5 +0.2
Bible 21.4 18.6 43.0 15.4 25.8 19.7 7 7 7 7

5
Random 23.2 21.1 47.0 22.0 26.2 23.0 22.5 33.2 19.4 44.1
BM25 25.5 23.2 49.8 25.6 28.4 25.4 23.3 37.8 22.9 44.6
BM25−Random (△) +2.3 +2.1 +2.7 +3.7 +2.2 +2.4 +0.8 +4.6 +3.5 +0.4
Bible 24.1 20.3 44.6 17.9 26.3 22.3 7 7 7 7

10
Random 24.2 22.1 48.2 23.6 26.7 23.6 23.3 33.9 20.3 44.5
BM25 27.0 24.7 51.8 28.2 29.2 27.1 24.1 40.3 24.8 44.7
BM25−Random (△) +2.8 +2.6 +3.6 +4.6 +2.6 +3.6 +0.7 +6.4 +4.5 +0.2
Bible 25.0 21.7 45.2 18.7 26.6 23.4 7 7 7 7

25
Random 24.8 23.2 49.2 26.7 27.9 24.2 23.6 36.0 20.7 44.8
BM25 28.4 26.5 53.3 31.3 30.3 28.4 25.0 43.0 26.6 45.2
BM25−Random (△) +3.7 +3.3 +4.1 +4.7 +2.4 +4.2 +1.3 +7.0 +5.9 +0.4
Bible 26.4 22.9 46.0 19.8 26.9 24.2 7 7 7 7

50
Random 26.5 24.4 49.8 27.0 28.1 25.3 24.2 37.4 21.6 45.3
BM25 29.2 27.1 53.8 32.1 30.7 28.9 25.6 44.2 27.0 45.4
BM25−Random (△) +2.7 +2.7 +4.0 +5.1 +2.6 +3.6 +1.5 +6.8 +5.4 +0.2
Bible 27.0 23.5 46.1 20.1 27.1 24.5 7 7 7 7

100
Random 26.8 25.7 50.9 28.1 28.6 26.0 24.9 39.7 22.6 45.3
BM25 29.5 27.6 53.7 33.1 30.7 29.0 25.9 45.2 26.9 45.8
BM25−Random (△) +2.7 +1.8 +2.8 +5.0 +2.1 +3.0 +1.0 +5.5 +4.3 +0.4
Bible 27.1 23.9 46.2 19.7 27.4 24.7 7 7 7 7

250
Random 28.1 27.2 50.9 29.6 30.0 26.8 25.7 41.4 23.5 45.6
BM25 29.3 27.3 52.9 32.5 30.7 28.4 26.3 44.6 26.0 45.6
BM25−Random (△) +1.3 +0.1 +2.0 +3.0 +0.7 +1.6 +0.5 +3.2 +2.5 0
Bible 27.4 24.4 46.2 20.0 27.9 24.9 7 7 7 7

500
Random 28.4 27.3 51.5 30.8 29.7 26.6 26.1 42.4 – 45.6
BM25 28.9 27.6 52.0 31.4 30.5 27.5 26.1 43.7 – 45.7
BM25−Random (△) +0.5 +0.3 +0.5 +0.6 +0.8 +0.9 −0.1 +1.3 – +0.1
Bible 26.8 24.1 47.3 20.4 27.7 24.4 7 7 7 7

1000
Random 28.6 28.5 – 28.9 30.0 – 26.1 – – –
BM25 28.7 – – – – – 26.0 – – –
BM25−Random (△) +0.1 – – – – – −0.1 – – –
Bible 26.7 24.2 45.2 22.9 27.0 23.5 7 7 7 7

Gain: Random 1000 vs 0-shot +8.9 +9.9 – +17.1 +3.9 – +14.4 – – –

Table 22: eng→X results with Gemma 3 27B (chrF++). Formatting conventions as described in Appendix E.
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Shots Src spBLEU (Bible langs) spBLEU (no Bible)

efi ibb mfe orx quy vmw anw lld zgh apd

0-shot 3.6 3.8 17.1 2.5 5.0 3.0 2.0 8.6 0.8 23.5

1
Random 3.8 3.7 19.9 5.1 4.9 3.0 3.7 9.1 9.0 24.1
BM25 4.8 4.9 22.2 7.4 5.5 4.1 4.8 11.8 11.7 24.1
BM25−Random (△) +0.9 +1.2 +2.4 +2.3 +0.7 +1.0 +1.1 +2.7 +2.8 0
Bible 4.2 4.1 19.5 3.3 5.2 3.1 7 7 7 7

5
Random 4.9 5.1 23.1 7.3 5.5 4.4 5.8 11.4 11.3 24.4
BM25 6.8 6.7 26.8 11.4 7.1 5.9 6.1 17.1 15.9 24.6
BM25−Random (△) +1.9 +1.7 +3.6 +4.1 +1.6 +1.5 +0.3 +5.7 +4.5 +0.2
Bible 5.6 5.4 21.2 4.3 5.4 3.5 7 7 7 7

10
Random 5.3 5.7 24.6 8.5 6.0 4.5 6.1 12.2 12.7 24.6
BM25 7.7 7.7 29.3 14.0 8.1 7.1 6.6 20.2 18.2 24.9
BM25−Random (△) +2.4 +2.0 +4.7 +5.5 +2.1 +2.6 +0.6 +8.0 +5.5 +0.2
Bible 6.0 6.3 21.7 4.6 5.7 3.6 7 7 7 7

25
Random 6.3 6.4 26.1 10.4 7.1 4.6 6.2 14.5 13.5 24.8
BM25 8.9 9.1 31.5 16.6 9.1 8.5 7.0 23.6 20.5 25.0
BM25−Random (△) +2.7 +2.7 +5.4 +6.1 +2.0 +3.9 +0.8 +9.2 +7.0 +0.3
Bible 7.1 7.2 22.1 5.2 5.7 4.1 7 7 7 7

50
Random 7.1 7.4 26.9 10.7 7.4 5.9 6.3 16.2 14.8 25.1
BM25 9.7 9.7 32.2 17.3 9.6 9.0 7.5 24.9 20.9 25.1
BM25−Random (△) +2.6 +2.3 +5.3 +6.6 +2.2 +3.1 +1.1 +8.7 +6.1 0
Bible 7.6 7.8 22.0 5.4 6.3 4.5 7 7 7 7

100
Random 7.9 8.3 28.2 11.8 8.0 6.9 6.9 19.2 16.0 25.0
BM25 10.3 9.7 32.0 17.7 9.7 9.3 7.9 26.1 20.9 25.4
BM25−Random (△) +2.4 +1.5 +3.9 +5.9 +1.7 +2.4 +1.0 +6.9 +4.8 +0.3
Bible 7.8 8.2 22.2 5.1 6.3 4.8 7 7 7 7

250
Random 9.1 9.2 28.6 13.2 9.0 7.6 7.5 21.2 17.0 25.4
BM25 10.3 9.8 31.1 16.3 9.7 9.1 8.2 25.6 19.7 25.5
BM25−Random (△) +1.3 +0.5 +2.5 +3.1 +0.7 +1.4 +0.7 +4.4 +2.7 0
Bible 8.2 8.6 22.8 5.8 6.8 5.0 7 7 7 7

500
Random 9.4 9.5 29.4 13.6 8.7 7.4 8.0 22.5 – 25.6
BM25 10.1 10.1 30.0 14.6 9.5 8.4 8.1 24.4 – 25.6
BM25−Random (△) +0.7 +0.6 +0.6 +1.0 +0.8 +0.9 +0.1 +1.9 – −0.1
Bible 7.9 8.2 23.8 6.2 6.5 4.9 7 7 7 7

1000
Random 10.3 10.4 – 12.1 9.2 – 8.0 – – –
BM25 9.4 – – – – – 7.9 – – –
BM25−Random (△) −0.9 – – – – – −0.1 – – –
Bible 7.7 8.4 22.2 7.7 6.3 4.6 7 7 7 7

Gain: Random 1000 vs 0-shot +6.7 +6.6 – +9.7 +4.2 – +6.0 – – –

Table 23: eng→X results with Gemma 3 27B (spBLEU). Formatting conventions as described in Appendix E.
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Shots vmw zgh lld mfe apd anw efi ibb orx quy

Gemini 2.5 Flash

0 43.5 44.0 62.2 70.8 63.6 32.3 34.5 36.5 27.8 40.6
1 44.5 44.4 63.3 71.2 64.2 34.1 35.6 38.1 28.5 41.8
5 45.6 46.1 63.7 71.6 64.8 34.7 36.4 39.0 29.0 42.6
10 46.3 46.3 63.9 71.6 65.0 34.9 36.5 39.1 30.6 43.0
25 46.3 47.1 64.3 71.9 65.2 35.6 36.7 40.0 31.5 43.1
50 45.8 47.4 64.7 71.8 65.7 36.4 37.2 40.4 33.4 43.6
100 47.1 48.2 64.4 71.8 65.5 36.7 37.4 41.1 35.0 43.9
250 47.7 49.0 64.5 72.0 65.5 37.6 37.3 41.5 36.8 43.8
500 47.8 48.9 64.1 71.7 65.3 38.1 37.4 41.8 37.7 43.9

1,000 47.4 48.8 64.0 71.5 65.2 38.4 37.7 42.0 39.0 43.7
gain ×1.1 ×1.1 ×1.0 ×1.0 ×1.0 ×1.2 ×1.1 ×1.1 ×1.4 ×1.1

GPT-4.1

0 30.3 19.6 55.5 70.4 63.1 27.7 24.5 27.9 26.5 34.6
1 30.2 19.4 57.2 71.1 64.2 28.4 24.8 28.3 27.3 36.0
5 31.6 20.0 58.4 71.7 65.3 29.3 25.6 29.4 28.3 37.1
10 31.5 20.3 58.9 72.0 65.4 29.4 25.7 29.6 28.7 37.3
25 32.2 20.3 59.8 72.4 66.0 29.7 26.0 29.9 28.7 37.8
50 32.7 20.7 60.2 72.2 66.2 29.7 26.0 30.1 29.3 38.0
100 33.5 20.7 60.9 72.5 66.4 30.1 26.4 30.5 29.7 38.6
250 33.6 21.1 61.4 72.7 66.6 30.2 26.9 30.6 30.5 38.8
500 34.2 – 61.8 72.9 66.9 30.5 26.8 31.1 31.0 39.2

1,000 38.2 – 63.9 74.2 68.1 30.5 27.2 31.3 31.6 39.1
gain ×1.3 ×1.1 ×1.2 ×1.1 ×1.1 ×1.1 ×1.1 ×1.1 ×1.2 ×1.1

Llama 3.3 70B

0 26.6 19.8 50.9 58.5 59.8 27.1 24.1 27.1 26.4 31.6
1 26.7 20.4 54.1 60.9 60.9 27.1 24.8 27.0 26.9 32.6
5 27.4 20.4 55.3 62.3 61.6 27.3 24.6 27.6 26.8 33.1
10 27.7 20.6 55.7 62.7 61.7 27.7 24.5 27.2 26.9 33.1
25 28.0 20.9 56.1 62.9 61.8 27.9 25.0 27.8 26.8 32.4
50 28.3 20.6 56.7 63.3 61.7 28.0 25.4 27.1 27.4 32.9
100 28.6 20.8 57.4 63.7 61.6 28.2 25.6 27.6 27.9 33.0
250 28.2 – 58.0 64.0 61.5 28.2 25.8 28.1 28.2 32.7
500 28.3 – 58.3 64.5 61.5 28.3 25.7 28.1 27.9 33.2

1,000 – – – – – 27.3 24.1 24.0 24.8 28.5
gain ×1.1 ×1.1 ×1.1 ×1.1 ×1.0 ×1.0 ×1.1 ×1.0 ×1.1 ×1.1

Gemma 3 27B

0 27.5 23.1 51.5 64.9 61.2 26.6 23.4 26.6 25.4 29.8
1 27.7 22.5 55.0 66.1 61.6 27.1 24.1 26.7 25.8 30.8
5 28.4 23.5 56.4 67.2 62.2 27.5 24.7 27.2 26.4 31.4
10 28.6 23.7 56.5 67.2 62.4 27.8 24.7 27.3 26.7 31.5
25 28.9 24.0 57.2 67.3 62.3 28.0 25.2 27.6 27.2 32.2
50 29.4 24.1 57.6 67.8 62.7 27.9 25.2 27.8 27.3 32.3
100 30.0 24.3 58.5 67.9 63.1 28.4 25.5 28.1 27.9 32.5
250 30.2 24.6 58.9 68.2 62.9 28.4 26.0 28.3 28.3 32.7
500 30.3 – 59.0 68.1 62.7 28.6 25.9 28.3 28.1 32.6

1,000 – – – – – 28.1 25.8 28.0 27.7 32.1
gain ×1.1 ×1.1 ×1.1 ×1.0 ×1.0 ×1.1 ×1.1 ×1.1 ×1.1 ×1.1

Table 24: X→eng scaling with random selection (chrF++). Formatting conventions as described in Appendix E.
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Shots vmw zgh lld mfe apd anw efi ibb orx quy

Gemini 2.5 Flash

0 23.6 24.3 41.4 54.4 42.4 14.7 17.4 17.4 10.0 20.6
1 24.8 25.0 42.9 54.9 43.1 16.1 18.2 19.5 12.3 22.0
5 26.4 26.8 43.6 55.5 44.8 17.7 18.9 21.4 13.7 23.5
10 27.1 27.0 44.1 55.5 44.7 17.7 19.1 21.4 14.6 23.9
25 27.5 27.8 44.8 56.0 45.2 18.6 19.1 22.2 15.3 24.4
50 27.3 28.0 45.3 55.8 45.9 18.9 19.7 22.6 16.4 25.0
100 28.6 29.1 45.1 55.8 45.7 19.2 19.7 23.1 17.5 25.2
250 28.8 29.9 44.9 56.1 45.7 19.9 19.6 23.4 19.1 25.0
500 28.9 29.3 44.5 55.8 45.7 20.5 19.6 23.9 19.6 25.4

1,000 28.5 29.1 44.2 55.5 45.6 20.5 20.1 24.0 20.7 24.9
gain ×1.2 ×1.2 ×1.1 ×1.0 ×1.1 ×1.4 ×1.2 ×1.4 ×2.1 ×1.2

GPT-4.1

0 11.7 2.8 33.7 53.3 39.9 11.5 10.4 11.2 8.9 13.8
1 13.2 2.8 36.7 54.7 42.5 12.9 11.0 13.0 11.7 16.8
5 14.6 3.4 38.1 55.4 44.3 13.8 11.3 13.6 12.1 18.4
10 14.8 3.7 39.2 55.9 44.5 14.0 11.6 14.1 12.6 19.1
25 15.4 3.5 40.4 56.6 45.6 14.3 11.7 14.6 12.7 19.9
50 15.7 3.9 40.7 56.2 46.0 14.4 11.9 14.6 13.0 20.2
100 16.7 3.6 41.5 56.8 46.4 14.4 12.0 15.1 13.5 21.0
250 16.7 3.7 42.3 57.0 46.6 14.7 12.3 15.4 14.1 21.3
500 17.3 – 42.5 57.3 47.0 14.8 12.3 15.7 14.3 21.6

1,000 21.4 – 45.6 59.3 49.4 14.3 12.7 15.4 14.2 21.4
gain ×1.8 ×1.4 ×1.4 ×1.1 ×1.2 ×1.3 ×1.2 ×1.4 ×1.6 ×1.6

Llama 3.3 70B

0 8.3 1.4 29.1 39.1 36.4 8.9 9.1 9.2 7.6 13.5
1 8.8 2.0 33.3 42.2 38.3 10.3 10.1 10.5 8.9 14.3
5 10.7 2.2 34.7 44.1 39.5 12.0 10.3 11.5 10.4 15.4
10 10.9 2.3 35.3 44.7 40.0 12.3 10.5 11.5 10.6 15.4
25 10.4 2.0 35.7 44.6 40.2 11.3 10.5 11.6 9.8 15.3
50 10.5 2.0 36.4 45.2 40.3 11.6 10.9 10.6 10.5 15.2
100 10.8 2.3 37.5 45.3 40.2 11.1 10.9 11.8 10.5 14.6
250 10.5 – 38.3 45.4 40.0 11.3 11.3 12.2 11.6 14.0
500 10.5 – 38.6 46.7 40.6 10.6 11.1 11.7 10.3 14.7

1,000 – – – – – 10.7 10.3 10.5 9.6 13.3
gain ×1.3 ×1.6 ×1.3 ×1.2 ×1.1 ×1.4 ×1.2 ×1.3 ×1.5 ×1.1

Gemma 3 27B

0 9.2 3.9 30.1 46.6 38.3 9.4 9.6 10.0 6.9 11.0
1 10.5 4.9 34.7 48.1 39.8 10.6 9.9 11.4 8.8 12.6
5 11.5 5.5 36.3 49.7 41.2 11.7 10.6 12.2 10.1 13.9
10 12.0 5.7 36.8 49.7 41.5 12.1 10.7 12.1 10.3 14.4
25 12.1 6.0 37.6 49.7 41.9 11.5 10.9 12.3 10.9 15.0
50 12.7 6.0 38.0 50.3 42.5 11.8 11.0 12.6 11.0 15.2
100 13.3 6.4 39.5 50.6 43.1 11.8 11.1 12.7 11.8 15.6
250 13.3 6.5 39.9 50.9 43.0 11.7 11.6 12.7 11.8 15.7
500 13.5 – 39.8 50.8 42.6 11.8 11.4 12.8 11.7 15.6

1,000 – – – – – 11.9 11.2 12.7 11.8 15.1
gain ×1.5 ×1.7 ×1.3 ×1.1 ×1.1 ×1.3 ×1.2 ×1.3 ×1.7 ×1.4

Table 25: X→eng scaling with random selection (spBLEU). Formatting conventions as described in Appendix E.
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Shots Order spBLEU chrF++
vmw zgh lld mfe apd vmw zgh lld mfe apd

Gemini 2.5 Flash

BM25 retrieval

1
Default 7.7 22.2 24.1 35.7 25.9 28.7 28.6 43.8 57.5 44.6
Similar first 7.9 22.2 23.8 35.4 25.7 28.8 28.6 43.7 57.3 44.6
Dissimilar first 7.9 21.8 24.1 35.6 25.8 28.8 28.6 43.8 57.4 44.7

5
Default 9.7 26.1 29.0 37.4 26.3 30.9 32.0 47.6 58.6 45.7
Similar first 9.7 25.8 29.2 37.6 26.1 30.9 32.1 47.6 58.9 45.5
Dissimilar first 9.7 25.6 28.9 36.9 26.3 30.9 31.7 47.5 58.5 45.6

10
Default 10.7 28.0 31.1 38.3 26.3 32.1 33.8 49.1 59.4 45.7
Similar first 10.7 27.5 30.9 38.4 26.5 32.0 33.5 49.0 59.5 46.0
Dissimilar first 10.8 27.5 30.9 38.0 26.6 32.0 33.4 49.0 59.2 46.1

25
Default 12.2 29.8 33.4 39.0 27.1 33.5 35.5 50.8 59.9 46.7
Similar first 12.2 29.5 33.3 38.9 27.0 33.4 35.3 50.7 59.8 46.6
Dissimilar first 12.3 29.5 33.3 38.9 26.9 33.4 35.6 50.7 60.0 46.6

Dense retrieval (Qwen3-Embedding-8B)

1
Random 7.8 22.0 23.9 35.0 26.0 28.6 28.7 43.8 57.1 44.7
Similar first 7.7 22.4 24.1 35.1 26.0 28.5 29.0 44.0 57.2 44.6
Dissimilar first 7.6 21.8 24.1 35.0 26.0 28.6 28.4 43.9 57.0 44.7

5
Random 9.5 24.7 28.0 36.8 26.2 30.8 31.1 46.9 58.5 45.4
Similar first 9.5 25.0 28.1 37.1 26.2 30.6 31.3 47.0 58.5 45.4
Dissimilar first 9.5 25.0 27.9 36.9 26.3 30.7 31.1 46.8 58.4 45.4

10
Random 10.5 26.8 29.7 37.6 26.1 31.9 33.0 48.2 58.9 45.6
Similar first 10.6 26.7 29.9 37.9 26.1 31.8 32.6 48.2 59.2 45.7
Dissimilar first 10.5 27.1 29.9 37.9 26.4 31.9 32.9 48.2 59.1 45.9

25
Random 11.8 29.0 32.2 38.8 27.2 33.3 34.7 49.8 59.7 46.9
Similar first 11.9 29.2 32.4 38.0 27.0 33.3 34.9 50.0 59.3 46.5
Dissimilar first 11.7 28.8 32.7 38.5 27.2 33.1 34.7 50.3 59.7 46.7

Table 26: Effect of example ordering within BM25 and dense retrieval (eng→X, FLORES, Gemini 2.5 Flash). Left:
spBLEU; right: chrF++. For BM25, “Default” randomly shuffles the BM25-retrieved top-k examples (the setting
used in the main BM25 results, §3.2); for dense retrieval, “Random” shuffles the retrieved examples. “Similar first”
places the most-similar example at the start of the prompt (farthest from the query); “Dissimilar first” places it
immediately before the query. Differences across orderings are negligible (≤ 0.5 chrF++).
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Shots Order spBLEU chrF++
vmw zgh lld mfe apd vmw zgh lld mfe apd

GPT-4.1

BM25 retrieval

1
Default 5.1 10.0 12.3 34.6 24.3 23.5 18.1 33.8 55.4 43.9
Similar first 5.3 10.5 12.4 34.6 24.4 23.3 18.2 33.9 55.4 43.9
Dissimilar first 5.0 10.4 12.4 34.9 24.5 23.4 18.4 34.0 55.7 43.9

5
Default 6.7 13.4 16.4 36.5 24.8 26.5 21.1 37.6 57.0 44.6
Similar first 6.4 13.6 16.4 36.1 24.7 26.2 21.3 37.6 56.9 44.5
Dissimilar first 6.5 13.7 16.3 36.0 25.0 26.2 21.3 37.7 56.8 44.8

10
Default 7.5 15.1 19.0 36.7 25.0 27.9 22.7 39.9 57.3 44.9
Similar first 7.4 15.1 18.9 36.6 25.3 27.6 22.4 39.8 57.3 45.1
Dissimilar first 7.6 14.9 18.8 36.7 25.3 27.9 22.4 39.8 57.3 45.1

25
Default 9.0 16.6 22.6 38.0 25.5 29.5 23.9 43.1 58.3 45.4
Similar first 8.7 16.2 22.6 37.6 25.7 29.4 23.6 43.0 58.0 45.6
Dissimilar first 8.8 16.3 22.7 37.7 25.7 29.5 23.8 43.1 58.1 45.5

Dense retrieval (Qwen3-Embedding-8B)

1
Random 5.1 9.9 11.6 34.4 24.7 23.4 18.2 33.5 55.4 44.0
Similar first 5.1 9.6 11.5 34.5 24.7 23.3 18.1 33.4 55.4 44.0
Dissimilar first 5.0 9.7 11.6 34.5 24.8 23.2 18.1 33.4 55.5 44.1

5
Random 6.3 12.1 14.6 36.1 24.6 25.9 20.4 36.1 56.8 44.5
Similar first 6.3 12.1 14.6 36.1 24.6 25.8 20.3 36.2 56.9 44.5
Dissimilar first 6.2 12.2 14.8 35.9 24.8 25.6 20.5 36.3 56.7 44.6

10
Random 7.3 13.2 16.4 36.3 24.9 27.3 21.5 38.0 57.1 44.9
Similar first 7.1 13.7 16.7 36.5 25.0 27.2 21.8 38.1 57.2 44.9
Dissimilar first 7.2 13.5 16.6 36.3 24.9 27.3 21.7 38.2 57.1 44.8

25
Random 8.1 14.8 20.4 37.0 25.5 28.9 22.7 41.2 57.7 45.5
Similar first 8.0 14.7 20.1 36.9 25.5 28.6 22.8 41.0 57.6 45.4
Dissimilar first 8.2 15.0 20.5 37.0 25.4 28.9 22.7 41.4 57.6 45.4

Table 27: Effect of example ordering within BM25 and dense retrieval (eng→X, FLORES, GPT-4.1). Same layout
and orderings as Table 26.
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Shots Order eng→X X→eng
spBLEU chrF++ spBLEU chrF++

vmw zgh lld mfe apd vmw zgh lld mfe apd vmw zgh lld mfe apd vmw zgh lld mfe apd

Gemini 2.5 Flash

1

Random 6.8 20.0 18.1 35.5 26.6 27.5 27.2 39.4 56.8 44.8 24.8 25.0 42.9 54.9 43.1 44.5 44.4 63.3 71.2 64.2
L2S 6.9 20.2 18.3 35.3 26.5 27.5 27.4 39.6 56.7 44.7 24.9 24.8 42.9 54.6 43.2 44.6 44.3 63.4 71.0 64.2
S2L 6.8 19.9 18.3 35.4 26.6 27.3 26.9 39.6 56.7 44.8 24.7 25.1 43.0 54.9 43.1 44.5 44.5 63.4 71.2 64.1
Pair-L2S 6.8 20.7 18.2 35.5 26.3 27.3 27.7 39.5 56.8 44.6 25.1 25.0 42.7 54.8 43.0 44.7 44.3 63.2 71.1 64.1
Pair-S2L 6.9 20.2 18.2 35.2 26.2 27.4 27.2 39.5 56.6 44.5 25.0 25.1 42.9 54.7 43.0 44.6 44.4 63.4 71.1 64.0

5

Random 7.3 22.1 25.6 37.3 25.2 28.2 28.7 45.1 58.3 44.3 26.4 26.8 43.6 55.5 44.8 45.6 46.1 63.7 71.6 64.8
L2S 7.3 21.8 25.3 37.2 25.5 28.0 28.6 44.9 58.1 44.4 26.6 26.9 43.4 55.4 44.6 45.9 46.3 63.7 71.5 64.9
S2L 7.5 22.3 25.1 36.7 25.6 28.3 28.8 44.7 58.1 44.4 26.8 27.2 43.4 55.6 44.4 45.9 46.3 63.7 71.6 64.9
Pair-L2S 7.3 21.9 25.5 37.1 26.7 28.0 28.6 45.0 58.3 45.4 26.4 26.9 43.8 55.5 44.6 45.7 46.1 63.8 71.5 64.9
Pair-S2L 7.5 22.4 25.3 36.9 25.7 28.3 29.0 44.8 58.1 44.9 26.9 27.4 43.9 55.2 44.5 45.8 46.3 64.0 71.4 64.9

10

Random 8.0 22.3 26.1 37.7 26.0 28.9 29.0 45.5 58.7 45.5 27.1 27.0 44.1 55.5 44.7 46.3 46.3 63.9 71.6 65.0
L2S 8.0 22.5 26.1 37.4 26.6 29.0 29.0 45.4 58.6 45.6 26.8 27.2 44.4 55.8 44.8 45.8 46.6 64.1 71.8 65.0
S2L 8.3 22.6 26.0 37.8 26.5 29.1 28.9 45.4 59.0 45.8 26.4 27.5 44.1 56.1 44.7 45.9 46.5 63.8 71.9 65.1
Pair-L2S 7.7 22.3 25.7 37.3 26.9 28.6 28.9 45.1 58.5 46.1 26.8 27.5 44.5 55.9 44.4 46.0 46.7 64.1 71.8 64.8
Pair-S2L 8.1 22.5 26.2 37.7 26.8 29.2 29.3 45.5 58.7 46.0 26.0 27.2 44.3 55.6 45.1 45.5 46.5 63.9 71.7 65.3

25

Random 8.9 23.6 27.4 38.5 26.9 30.6 30.0 46.5 59.4 46.2 27.5 27.8 44.8 56.0 45.2 46.3 47.1 64.3 71.9 65.2
L2S 9.1 23.7 27.2 37.9 27.8 30.8 29.9 46.3 59.1 46.9 27.6 27.5 44.5 55.9 45.5 46.8 47.0 64.1 71.8 65.6
S2L 9.0 23.9 27.2 38.6 27.0 30.7 30.1 46.2 59.4 46.3 27.8 27.8 45.1 55.7 45.8 46.7 47.1 64.3 71.8 65.6
Pair-L2S 9.3 23.8 27.3 37.8 27.4 30.7 29.8 46.3 59.1 46.4 27.9 27.9 44.8 56.5 45.7 46.9 47.2 64.4 72.2 65.5
Pair-S2L 8.8 23.9 27.5 38.5 27.5 30.4 30.0 46.4 59.3 46.9 27.7 27.5 44.4 56.1 45.7 46.7 46.8 64.1 71.9 65.4

GPT-4.1

1

Random 4.2 7.2 10.3 34.5 24.8 21.7 16.3 32.2 55.1 43.9 13.2 2.8 36.7 54.7 42.5 30.2 19.4 57.2 71.1 64.2
L2S 4.2 7.8 10.2 34.3 24.9 21.6 16.4 32.1 55.0 44.0 13.1 2.8 36.6 54.6 42.5 30.3 19.4 57.2 71.0 64.2
S2L 4.4 7.6 10.2 34.2 24.7 21.7 16.9 32.0 54.9 43.8 13.1 2.6 36.4 54.7 42.6 30.3 19.2 56.9 71.1 64.3
Pair-L2S 4.2 7.8 10.2 34.4 24.8 21.7 16.6 32.0 55.0 43.8 13.0 2.6 36.7 54.8 42.5 30.1 19.3 57.1 71.2 64.3
Pair-S2L 4.0 8.0 10.1 34.4 24.9 21.6 16.7 32.0 55.1 43.9 13.1 2.5 36.7 54.7 42.5 30.2 19.3 57.2 71.1 64.3

5

Random 4.5 9.4 11.2 35.6 24.3 23.2 17.9 33.0 56.1 43.6 14.6 3.4 38.1 55.4 44.3 31.6 20.0 58.4 71.7 65.3
L2S 4.3 8.8 11.1 35.4 24.6 22.9 17.7 32.9 56.0 43.9 14.2 3.3 38.1 55.2 43.9 31.5 20.2 58.4 71.5 65.1
S2L 4.4 9.1 11.0 35.5 24.3 23.1 17.7 32.8 56.0 43.6 14.6 3.2 38.5 55.4 44.1 31.6 19.9 58.7 71.6 65.1
Pair-L2S 4.5 9.1 10.9 35.6 24.6 23.1 17.7 32.9 56.2 44.0 14.6 3.4 38.1 55.4 44.1 31.7 20.2 58.4 71.6 65.2
Pair-S2L 4.5 9.3 11.0 35.7 24.5 23.2 17.7 32.9 56.2 43.6 14.5 3.3 38.2 55.3 44.1 31.6 19.9 58.5 71.6 65.1

10

Random 4.4 9.6 11.6 36.4 26.1 23.6 18.5 33.5 56.9 45.5 14.8 3.7 39.2 55.9 44.5 31.5 20.3 58.9 72.0 65.4
L2S 4.2 9.5 11.6 36.0 26.1 23.3 18.4 33.7 56.8 45.5 14.5 3.7 39.1 55.7 44.8 31.6 20.4 59.0 71.9 65.5
S2L 4.5 9.8 11.6 35.9 25.8 23.7 18.3 33.6 56.6 45.3 14.7 3.6 39.1 55.7 44.2 31.6 20.2 59.0 71.9 65.2
Pair-L2S 4.3 9.7 11.8 36.3 25.8 23.6 18.4 33.8 56.9 45.2 14.4 3.6 39.0 55.7 44.6 31.7 20.4 58.9 71.9 65.4
Pair-S2L 4.6 9.6 11.5 36.5 25.5 23.6 18.3 33.4 56.9 44.8 14.6 3.5 38.8 56.0 44.6 31.5 20.3 58.6 72.1 65.4

25

Random 5.1 10.0 13.3 36.6 26.1 25.3 18.8 35.3 57.2 45.7 15.4 3.5 40.4 56.6 45.6 32.2 20.3 59.8 72.4 66.0
L2S 4.9 9.9 13.5 36.4 26.1 25.0 18.7 35.7 57.2 46.0 15.0 3.5 39.7 56.2 45.8 32.1 20.4 59.4 72.2 66.0
S2L 5.1 10.0 13.4 36.3 26.3 25.0 18.7 35.5 57.1 46.0 15.0 3.8 40.2 56.2 45.8 31.8 20.5 59.6 72.3 66.1
Pair-L2S 5.1 9.9 13.3 36.3 26.3 25.0 18.7 35.6 57.1 46.1 15.2 3.8 39.7 56.1 45.5 32.3 20.6 59.5 72.2 65.9
Pair-S2L 5.1 9.8 13.3 36.9 26.0 25.1 18.5 35.2 57.5 45.9 15.4 3.8 39.7 55.6 45.7 32.2 20.5 59.3 71.8 66.0

Table 28: Effect of length-based example ordering. Random: no ordering; L2S: Long-to-Short; S2L: Short-to-
Long. Pair-L2S/Pair-S2L: ordered by the combined source+target length.
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J Log-Linear Scaling Fits
We test whether the scaling trend in Figure 1 fol-
lows a log-linear form. For each model and direc-
tion, we fit y = a+ b ln k to chrF++ with ordinary
least squares. We use the random-selection results
for k ∈ {1, 5, 10, 25, 50, 100, 250, 500}, averaged
over the same nine languages for all four models.
Tamazight is excluded because three of the four
models have no results for it at k = 500, and
k = 1,000 is excluded because Llama 3.3 70B
and Gemma 3 27B do not have results at k = 1,000
for all languages. Table 29 reports the slope b and
R2 of each fit. The log-linear form fits well for all
models and directions (R2 ≥ 0.961). Since the
fits use cross-language averages, we present them
as descriptive.

eng→X X→eng
Model b R2 b R2

Gemini 2.5 Flash 1.387 0.994 0.505 0.993
GPT-4.1 1.207 0.961 0.465 0.993
Llama 3.3 70B 1.177 0.998 0.264 0.986
Gemma 3 27B 1.244 0.990 0.354 0.977

Table 29: Log-linear fits of chrF++= a+b ln k (random
selection, k = 1–500, averaged over nine languages
without Tamazight).

K Non-English-Centric Directions
We test whether many-shot ICL also helps when
neither the source nor the target is English, using
Efik and Ibibio, two closely related Cross River lan-
guages. The main experiments use English-centric
directions because parallel data for these languages
is almost always aligned with English. Examples
are sampled from the devtest split, where matching
the two languages on their shared English source
sentences gives 1,011 Efik–Ibibio pairs, and evalu-
ation is performed on the dev split (997 sentences).
We use GPT-4.1 with random selection for k ∈
{0, 1, 5, 10, 25, 50, 100}; decoding and scoring are
as described in Appendix C. Table 30 reports
chrF++ and spBLEU. chrF++ increases with more
examples in both directions, by 3.1 (Efik→Ibibio)
and 1.1 (Ibibio→Efik) from 0 to 100 shots.

Direction 0 1 5 10 25 50 100 0→100
chrF++
efi→ibb 23.0 23.7 24.2 24.5 24.6 25.6 26.1 +3.1
ibb→efi 27.1 27.2 27.3 27.3 27.8 28.2 28.2 +1.1

spBLEU
efi→ibb 6.4 7.0 7.3 7.6 7.9 8.7 9.4 +3.0
ibb→efi 7.6 7.7 7.6 7.6 8.1 8.4 8.8 +1.2

Table 30: Efik (efi) ↔ Ibibio (ibb) with GPT-4.1 and
random selection, by number of examples k. 0→100
is the difference between the displayed 100-shot and 0-
shot scores.
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