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Abstract

Recent studies indicate that leveraging off-the-
shelf or fine-tuned retrievers, capable of retriev-
ing relevant in-context examples tailored to
the input query, enhances few-shot in-context
learning of English. However, adapting these
methods to other languages, especially low-
resource ones, poses challenges due to the
scarcity of cross-lingual retrievers and anno-
tated data. Thus, we introduce XAMPLER:
Cross-Lingual Example Retrieval, a method
tailored to tackle the challenge of cross-lingual
in-context learning using only annotated En-
glish data. XAMPLER first trains a retriever
based on Glot500, a multilingual small lan-
guage model, using positive and negative En-
glish examples constructed from the predic-
tions of a multilingual large language model,
i.e., MaLLA500. Leveraging the cross-lingual
capacity of the retriever, it can directly retrieve
English examples as few-shot examples for in-
context learning of target languages. Exper-
iments on the multilingual text classification
benchmark SIB200 with 176 languages show
that XAMPLER substantially improves the in-
context learning performance across languages.

1 Introduction

Large language models (LLMs) have shown emer-
gent abilities in in-context learning, where a few
input-output examples are provided with the in-
put query. Through in-context learning, LLMs can
yield promising results without any parameter up-
dates (Brown et al., 2020). However, the efficacy of
in-context learning is highly dependent on the se-
lection of the few-shot examples (Liu et al., 2022).

Recent studies (Luo et al., 2024) have uncov-
ered a more strategic approach to example retrieval.
Rather than relying on random selection, these stud-
ies advocate for retrieving examples tailored to the
input query, resulting in notable performance en-
hancements in in-context learning. The retrievers
employed by these methods can be categorized into
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Figure 1: XAMPLER involves three steps: 1. Data
Construction: given a query in English ¢;, we divide
the candidate examples D; into positive examples D?®
and negative examples D."“Y based on the prediction
of MaLLA500 (Lin et al., 2024b); 2. Retriever Fine-
tuning: we fine-tune the retriever based on Glot500
(Imani et al., 2023) using the constructed data; 3. In-
Context Learning: given a query in any language g;, we
use the fine-tuned retriever to retrieve relevant English
examples as few-shots for in-context learning. During
training, XAMPLER is English-only, but for evalua-
tion via in-context learning, it extends to any of the
500+ languages supported in MaLLA500 and Glot500.
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two main types: general off-the-shelf retrievers
(Liu et al., 2022), e.g., Sentence-BERT (Reimers
and Gurevych, 2019), and task-specific fine-tuned
retrievers (Rubin et al., 2022), which are trained
based on LLM signals using labeled data.

Utilizing off-the-shelf retrievers has been fur-
ther validated as an effective approach in multilin-
gual settings (Nie et al., 2022; Winata et al., 2023;
Tanwar et al., 2023). However, this method en-
counters limitations when applied to low-resource
languages. Existing multilingual retrievers, e.g.,
SBERT (Reimers and Gurevych, 2020), cover a lim-
ited number of languages (i.e., 50+), and language-
model-based retrievers (Hu et al., 2020) struggle
to effectively align distant languages (Cao et al.,
2020; Liu et al., 2023). Additionally, relying on off-
the-shelf retrievers might lead to sub-optimal per-



formance. Conversely, adopting task-specific fine-
tuned retrievers has been demonstrated as a more ef-
fective approach (Rubin et al., 2022). Nonetheless,
the availability of data for fine-tuning task-specific
retrievers in low-resource languages is limited.

To tackle these challenges, we propose a simple
yet effective method that relies solely on annotated
English data, termed XAMPLER (Cross-Lingual
Example Retrieval). As shown in Fig. 1, given an
English query ¢; and an English example from the
candidate pool D;, we employ in-context learning
with MalLA500 (Lin et al., 2024b), a 10B multi-
lingual LLM covering 534 languages, to predict
the label of the query. Based on the correctness of
the prediction, we classify the candidate example
as either positive or negative, i.e., D?** and D;“’.
Then, leveraging the curated dataset, we train a
retriever based on Glot500 (Imani et al., 2023), a
multilingual small language model covering 534
languages, aiming to minimize the contrastive loss
(Rubin et al., 2022; Cheng et al., 2023; Luo et al.,
2023). Finally, the trained retriever is directly ap-
plied to retrieve valuable few-shot examples in En-
glish for the given query in the target language.
The retrieved English few-shot examples, along
with the input query, are then fed into MaLLA5S00
for in-context learning. Experiments across 176
languages on SIB200 show that XAMPLER ef-
fectively retrieves cross-lingual examples, thereby
enhancing in-context learning across languages.

2 Approach

2.1 Problem Definition

Given an input query ¢; in any language, our ob-
jective is to enhance in-context learning for pre-
dicting the label of ¢; by retrieving tailored few-
shot examples from the pool of candidate exam-
ples D. Due to the scarcity of annotated data in
low-resource languages, we introduce XAMPLER,
namely, Cross-Lingual Example Retrieval. On one
hand, we leverage in-domain English examples as
the pool of candidate examples D, from which we
retrieve cross-lingual examples in English for ¢; in
any target language. On the other hand, we only
consider g; sourced from English training data to
train the task-specific retriever, which is then di-
rectly applied for evaluation across languages.

2.2 Data Construction

To train the task-specific retriever aimed at retriev-
ing informative examples for the given query g;,

we consider contrastive learning, which requires
both positive and negative examples for each query
¢;- We define examples as positive when the LLM
accurately predicts the ground truth of ¢; while uti-
lizing the example as a one-shot example appended
to ¢; for in-context learning. Conversely, examples
are categorized as negative if the LLM’s prediction
deviates from the ground truth.

Scoring all pairs of training examples presents
a quadratic complexity in | D|, making it resource-
intensive. Inspired by Rubin et al. (2022), we miti-
gate this by selecting the top k similar examples as
candidates. We utilize Sentence-BERT (SBERT)
(Reimers and Gurevych, 2020)! for candidate selec-
tion. Based on our experiments detailed in Section
C, we set k = 10. The top k candidates for g; are
denoted as D; = {d; 1, -- ,d;x}, where each can-
didate d; ; is represented as (x; j,y; ), With z; ;
being the input and y; ; the corresponding label.

After obtaining the candidate-query pairs
{(gi,di1), - ,(qi,di )}, we conduct 1-shot in-
context learning with MaLAS500 (Lin et al., 2024b)
to predict the class of the ¢; given the candidate
d; ;, resulting in a predicted label g; ;. If MaLA500
correctly predicts the label of ¢; (i.e., §; ; = v;), we
consider the candidate d; ; as a positive example
(d;fj); otherwise a negative example (d; j). Finally,
we divide D; into sets of positive and negative ex-
amples, denoted as DY and D", respectively.

2.3 Retriever Fine-tuning

We utilize the contrastive loss (Rubin et al., 2022;
Cheng et al., 2023; Luo et al., 2023) to train the
task-specific retriever, aiming to maximize the sim-
ilarity between ¢; and z; ; if x; j is a positive ex-
ample while minimizing the similarity if z; ; is a
negative example. We opt for Glot500 (Imani et al.,
2023) with a model size of 395M as the base model
for training the retriever, considering the signifi-
cant cost of fine-tuning an LLM. We train for 50
epochs with a learning rate of 2e-5. Due to the mul-
tilingual nature of Glot500, the fine-tuned retriever
can be effectively transferred to retrieve in-context
examples for other languages.

2.4 In-Context Learning

At test time, when employing in-context learning
across languages, where ¢; can be in any language,
we use the fine-tuned task-specific retriever to re-
trieve a few cross-lingual examples in English tai-

"We use version distiluse-base-multilingual-cased-v1.



lored to ¢;. The retrieved examples are appended
to ¢; as input for MalLA500 (Lin et al., 2024b) to
predict the label of g; through in-context learning.

3 Experiment

3.1 Setup

Benchmark We evaluate XAMPLER on a mas-
sively multilingual text classification benchmark,
SIB200 (Adelani et al., 2023). SIB200 involves
seven classes: science/technology, travel, politics,
sports, health, entertainment, and geography. Our
evaluation spans a diverse set of 176 languages, ob-
tained by intersecting the language sets of SIB200
and MaLLA500 (see §A). The English training set
contains 701 samples, and each language has 204
samples for evaluation.

Our evaluation framework follows the prompt
template used in Lin et al. (2024b): ‘The topic of
the news [sent] is [label]’, where [sentence] rep-
resents the text for classification and [label] is the
ground truth. [label] is included when the sam-
ple serves as a few-shot example but is omitted
when predicting the sample. We opt for English
prompt templates over in-language ones due to the
labor-intensive nature of crafting templates for non-
English languages, especially those with limited
resources. MaLLAS500 takes the concatenation of
few-shot examples and ¢; as input, then proceeds to
estimate the probability distribution across the label
set. We measure the performance with accuracy.

Baselines Random Sampling. We randomly se-
lect examples from the English candidate pool D.

Off-the-shelf Retriever. We utilize SBERT
(Reimers and Gurevych, 2019), a model cover-
ing 50+ languages trained with parallel corpora
based on mBERT (Devlin et al., 2019). Addition-
ally, we employ two massively multilingual lan-
guage models, namely Glot500 and MaLLA500, as
retrievers, denoted as Glot500 RET and MaLLA500
RET, respectively. Tailored examples are retrieved
based on the cosine similarity between the sen-
tence representations of the candidate and the query.
For Glot500, we utilize mean pooling over hidden
states of the selected layer. For MalLA500, we
adopt a position-weighted mean pooling method on
the selected layer, assigning higher weights to later
tokens (Muennighoff, 2022). We use K-Nearest
Neighbors (KNN) to select the layer that performs
best across layers (see §B). The selected layers for
Glot500 and MalLA500 are 11 and 21, respectively.

Cross-lingual Transfer. Cross-lingual transfer is
another baseline exploiting English data. In this
approach, the multilingual language model is fine-
tuned with English data and then deployed for eval-
uation across target languages. Both Glot500 and
MaL A500 are included, with their corresponding
cross-lingual transfer baselines denoted as Glot500
XLT and MalLA500 XLT. For Glot500, we opt for
full-parameter fine-tuning. For MaLLA500, which
is trained by incorporating LoRA (Hu et al., 2022)
into LLaMA 2-7B (Touvron et al., 2023), we only
update the LoRA parameters with prompt tuning.

K-Nearest Neighbors. We consider K-Nearest
Neighbors (KNN) with the fine-tuned task-specific
retriever of XAMPLER and the baselines with re-
trievers for comparison. Specifically, we adopt
majority voting based on the labels of the examples
retrieved by the given retriever.

KNN ICL
Latin Non-Latin ~ Avg ‘Latin Non-Latin ~ Avg

56.38 58.66 57.14

Random

44.90 37.13 4229

SBERT 63.90 62.93 63.57
Glot500 RET | 51.16 60.26 54.21 | 65.21 70.09 66.85
MaLA500 RET | 31.90 32.63 32.15 | 61.02 63.58 61.88
Glot500 XLT - - 67.09 74.30 69.51

MaLAS00 XLT | - - - 6905 7139 69.90
XAMPLER | 67.05 7597  70.04 | 7359  79.80  75.67

Table 1: Average macro-accuracy across all 176 lan-
guages, 117 languages in Latin scripts and 59 in non-
Latin scripts on SIB200 using XAMPLER and the base-
lines. KNN results are only provided for retriever-based
methods. Results are based on the 3-shot setting.

3.2 Main Results

The comparison between the baselines and XAM-
PLER is illustrated in Table 1. Our analysis re-
veals several insights based on the performance
with In-Context Learning (ICL) across different
methods. Notably, the random baseline exhibits the
worst performance among the baselines using ICL,
emphasizing the critical role of example selection
for effective in-context learning. Leveraging an
oft-the-shelf retriever notably boosts performance.
For instance, Glot500 RET outperforms the ran-
dom baseline by 9.71%, and it also outperforms
MaLLA500 RET, showcasing the validity of select-
ing Glot500 as the base retriever. Leveraging En-
glish data further enhances performance, with both
Glot500 XLT and MalLA500 XLT surpassing their
corresponding RET baselines by 2.66% and 8.02%.

Among all the methods, XAMPLER achieves
the highest performance, surpassing the second-



best method, MaLLAS00 XLT, by 5.77%. This high-
lights the effectiveness of training a task-specific
retriever solely with English data. Moreover, XAM-
PLER outperforms MalLA5S00 XLT by 4.44% on
languages written in Latin scripts and by 8.41% on
languages written in non-Latin scripts. It shows
that XAMPLER can provide greater benefits for
languages with non-Latin scripts, which are rela-
tively isolated from English written in Latin.

3.3 Effect of Task-Specific Retriever

The results from various retrievers utilizing KNN,
as shown in Table 1, indicate that XAMPLER’s
fine-tuned retriever excels at retrieving more exam-
ples within the same classes as the query in the tar-
get language. Notably, XAMPLER with KNN out-
performs the second-best retriever, Glot500 RET,
by a notable margin, i.e., 15.83%. This superiority
enables XAMPLER to leverage majority label bias
in in-context learning (Zhao et al., 2021), thereby
enhancing overall performance.

3.4 Effect of In-Context Learning

In Table 1, we compare XAMPLER with KNN
against that with ICL. Notably, XAMPLER with
ICL surpasses XAMPLER with KNN by 5.63%.
Moreover, XAMPLER with ICL demonstrates an
average improvement of 6.54% for languages in
Latin and 3.83% for languages in non-Latin. This
disparity may be attributed to the ability of in-
context learning to effectively model queries writ-
ten in the same script as the provided examples,
while facing challenges in handling queries written
in different scripts from the few-shot examples.
We further compare XAMPLER’s performance
with KNN and ICL using varying numbers of re-
trieved examples, as illustrated in Figure 2. Interest-
ingly, XAMPLER with ICL exhibits inconsistent
superiority over KNN, with performance variances
ranging from 3% to 10%. Specifically, XAMPLER
with KNN achieves its peak performance with 5
examples, whereas ICL achieves impressive results
with only 2 examples. Notably, in comparison to
KNN’s optimal performance, recorded at 73.26%
with 5 shots, XAMPLER with ICL demonstrates a
notable improvement of 2.58%. These findings un-
derscore the efficacy of applying in-context learn-
ing in effectively leveraging the retrieved examples.

4 Related Work

Early studies (Gao et al., 2021; Liu et al., 2022;
Rubin et al., 2022) on retrieving informative ex-
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Figure 2: KNN (K-Nearest Neighbors) vs. ICL (In-
Context Learning) with different number of shots. X-
axis: number of shots. Y-axis: Macro-average accuracy.

amples for few-shot in-context learning often rely
on off-the-shelf retrievers to gather semantically
similar examples to the query.

While off-the-shelf retrievers have shown
promise, the examples they retrieve may not al-
ways represent optimal solutions for the given task,
potentially resulting in sub-optimal performance.
Hence, Rubin et al. (2022) delve into learning-
based approaches: if an LLM finds an example
useful, the retriever should be encouraged to re-
trieve it. This approach enables direct training of
the retriever using signals derived from query and
example pairs in the task of interest.

Several works (Shi et al., 2022; Nie et al., 2022;
Winata et al., 2023; Tanwar et al., 2023) extend
these methods to non-English languages. A study
closely related to ours is Shi et al. (2022), which
trains a cross-lingual example retriever via distill-
ing the LLM’s scoring function and evaluates it on
four languages for the Text-to-SQL Semantic Pars-
ing task. However, our contribution lies in address-
ing the more challenging low-resource scenario,
thereby extending the applicability and robustness
of the approach proposed by Shi et al. (2022).

5 Conclusion

In this paper, we introduce XAMPLER, a novel
approach designed for cross-lingual example re-
trieval to facilitate in-context learning in any lan-
guage. Relying solely on English data, XAMPLER
trains a task-specific retriever capable of retriev-
ing cross-lingual English examples tailored to any
language query, thereby facilitating few-shot in-
context learning for any language. Our experiments
on SIB200 across 176 languages show that XAM-
PLER can outperform previous methods by a no-
table margin.



Limitations

We did not consider other models and benchmarks
due to the absence / unavailability of massively mul-
tilingual ones. Additionally, while it is acknowl-
edged that English may not universally serve as the
optimal source language for cross-lingual transfer
across all target languages (Lin et al., 2019; Wang
et al., 2023; Lin et al., 2024a), our study does not
explore the selection of different source languages
due to the predominant availability of training data
in English for many tasks.
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A Detailed Results

The language list of SIB200 and the results of
XAMPLER and the compared baselines are shown
in Table 2 and Table 3.

B KNN Performance Across Layers

We show the 10-shot KNN results across layers
with Glot500 and MalLA500 as retrievers in Fig-
ure 3 and 4. As shown, layer 21 of MaLA500 and
layer 11 of Glot500 achieve the best performance
across layers. Therefore, the retrieved results based
on these two layers are used in the baselines.
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Figure 3: Results of 10-shot KNN (K-Nearest Neigh-
bors) with Glot500 as retriever across layers.
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Figure 4: Results of 10-shot KNN (K-Nearest Neigh-
bors) with MalLA500 as retriever across layers.

C Effect of &

We conduct additional experiments to analyze the
impact of the parameter k, with the results pre-
sented in Figure 5. Our findings indicate that XAM-
PLER performs optimally when k£ = 10. However,
as k exceeds 10, there is a slight decrease in perfor-
mance. This trend may be attributed to the possibil-
ity that increasing k leads to fewer hard negatives
for training the retriever.

Figure 5: In-context learning with XAMPLER with
different .



SBERT Glot500  Glot500 | MaLAS00 MaLAS00 | GlotS00 | MaLAS00 | XAMPLER
‘ Random ‘ NNy SBERT | RET(RNN)  RET | RET(KNN)  RET ‘ XLT ‘ XLT ‘ ®NN)  XAMPLER
ace_Latn | 6176 | 4020 6471 | 5000  69.12 | 2892 69.012 | 6512 | 6618 75.49 75.98
aom_Arab | 5530 | 7990 7941 | 6422 73.04 | 3529 6275 | 7681 | 7451 76.47 79.90
aft Lam | 6520 | 7500 8333 | 6078 7892 | 4363 7206 | 7610 | 7892 82.84 86.27
ap_Arb | 58.82 | 7647 7941 | 6225 7157 | 3284 6324 | 7544 | 7255 82.84 83.33
als Lan | 6471 | 4657 7549 | 6373 7353 | 3676 67.65 | 7676 | 8186 65.20 83.33
amh_Ethi | 5392 | 2041 5833 | 4657 5539 | 2255 5735 | 6846 | 6127 71.57 73.53
apc_Arab | 59.80 | 7941 7941 | 6225 7451 31.37 6225 | 7752 | 7500 82.84 84.80
ab_Arab | 5833 | 8333 8137 | 6L76 7010 | 3676 67.16 | 7740 | 7843 78.43 85.78
ary_Arab | 5637 | 7941 7892 | 5539  67.65 25.98 5637 | 7490 | 67.16 80.39 80.88
az_Arab | 5539 | 7451 7402 | 6225 69.61 33.33 6373 | 7708 | 7108 78.92 80.88
asm_Beng | 6127 | 2255 6176 | 5980 7745 22.55 6667 | 7493 | 7696 78.92 84.80
astLamn | 70.59 | 7304 8186 | 6373 7990 | 4951 8137 | 8081 | 8431 75.49 89.71
ayrLam | 3725 | 2451 4069 | 3284 4167 19.12 4265 | 4993 | 4853 38.24 50.98
acb_Arab | 4461 | 2647 4755 | 4LI8 5931 23.04 4755 | 6556 | 5882 72.55 73.04
azj_Lan | 6618 | 5833 7892 | 7255 7647 | 20.10 6863 | 7873 | 8725 75.49 85.78
bak_Cyrl | 5833 | 5098 7402 | 5080 7255 28.92 6373 | 7787 | 7500 72.55 80.88
bam_Lam | 3676 | 3137 4265 | 3186  43.14 19.61 4L18 | 4971 | 4412 46.08 46.08
ban_Lam | 6618 | 4461 70.59 | 5392 7059 | 3186 7206 | 7301 | 7206 75.98 8235
bel Cyrl | 6422 | 3824 7206 | 5931 7696 | 4363 7304 | 7716 | 7990 69.12 8431
bem_Lam | 4216 | 2843 4363 | 3235  50.00 18.14 3971 | 5689 | 5833 60.78 61.76
ben_Beng | 6373 | 2010 6127 | 6029 7500 | 32.35 69.12 | 7395 | 80.88 79.90 82.35
bjn_Latn | 6373 | 3137 6275 | 5931 7010 | 3333 7059 | 6980 | 69.61 76.96 81.86
bod_Tibt | 44.61 | 0931 3333 | 3824 4853 19.61 4755 | 6279 | 4706 54.90 59.31
bos_Latn | 70.10 | 5539 7745 | 7255 7990 | 4608 7500 | 8199 | 8333 71.57 87.75
bulCyrl | 6569 | 7500 8284 | 67.16 8039 | 5245 7892 | 7887 | 8186 79.90 85.29
calLamn | 69.61 | 7451 8431 | 6422 745l 61.27 8088 | 7797 | 8676 71.57 88.73
ceb_Lain | 6618 | 4559 7353 | 6373 8088 | 3137 7255 | 7880 | 8186 8235 85.29
ces_Lam | 69.61 | 5392 7696 | 6324 7647 | 5588 7892 | 7725 | 8627 76.96 88.24
ck_Lan | 3775 | 2843 4216 | 2696 4510 | 2157 4461 | 4841 | 5343 44.61 47.06
ckb_Arab | S7.84 | 1765 6127 | 5490 7206 | 2353 61.76 | 7446 | 7500 79.90 81.37
cmn_Hani | 6863 | 8529 8382 | 7598 8088 | 6275 7892 | 7855 | 8284 87.25 88.73
cth_Latn | 5882 | 67.65 7500 | 5441 70.59 1471 5833 | 67.84 | 7108 64.71 75.98
cymLam | 6324 | 2402 6569 | 4902 7304 | 2794 7010 | 7250 | 7745 72.55 81.37
dan_Lan | 68.14 | 47.06 7892 | 6765 7990 | 5637 7843 | 7968 | 8480 86.27 89.71
deu_Lam | 7059 | 8382 8627 | 70.10 7745 57.84 80.88 | 7848 | 87.25 80.88 87.75
dyuLam | 4167 | 2892 4559 | 2794 5049 | 2451 4657 | 4507 | 4657 43.14 48.53
dzo_Tibt | 3137 | 0931 2059 | 4755 4LI8 1667 3284 | 6221 | 3333 68.63 52.94
ell_Grek | 67.65 | 3137 7647 | 5980 7255 | 4020 7206 | 7471 | 7990 75.98 83.82
eng Lam | 7059 | 8431 8725 | 7941 8627 | 69.61 8186 | 8365 | 8529 89.22 91.18
ecpo_Lam | 6560 | S7.84 7598 | 6127 7696 | 33.33 68.63 | 7520 | 7794 78.92 82.84
estLam | 6176 | 4461 6667 | 6569 7549 |  30.88 66.18 | 7407 | 7647 67.65 81.37
cus_Latn | 57.35 | 4755 7108 | 6667 7647 |  29.90 68.14 | 7608 | 70.10 66.67 82.84
ewe_Lam | 3824 | 2647 3922 | 2794 3971 20.59 3873 | 4765 | 4657 50.98 53.92
fao_Lam | 5686 | 3186 5833 | 4510 6324 | 2990 60.78 | 7615 | 69.61 8235 81.86
fij_Lam | 4118 | 3235 4902 | 3186 4608 | 2108 4265 | 5574 | 5147 50.00 55.39
fin_Latn | 6520 | 3676 7157 | 6275 7402 | 4853 7451 | 7598 | 8088 76.96 83.82
fon_Lamn | 3922 | 2010 4167 | 3333 4559 | 2010 4265 | 4441 | 4559 41.67 48.53
fraLan | 69.61 | 8627 8431 | 6078 7941 63.24 7990 | 8120 | 8529 85.78 89.22
fulLam | 3775 | 3529 4804 | 2353 4804 | 2157 4550 | 4554 | 4510 47.06 50.49
furLan | 6029 | 6373 7255 | 5490 6716 | 3676 7059 | 67175 | 7353 75.49 79.90
glaLan | 5490 | 17.16 5245 | 3922 5980 | 2500 6176 | 59.00 | 6029 5931 63.73
gle_Latn | 57.84 | 2353 5784 | 4902 6520 | 3186 6275 | 6294 | 6912 70.10 74.02
glg Latn | 7206 | 7696 8186 | 67.65 8088 | 5343 7990 | 7936 | 8431 81.37 87.75
gm_Latn | 5392 | 6275 6961 | 4314 6176 | 2745 60.78 | 6985 | 6471 76.47 75.00
guj_Guir | 5980 | 1373 5343 | 6814 7304 | 3284 6520 | 7787 | 7353 81.86 86.27
hat_Lan | 6176 | 5049 7206 | 5931 7402 | 2549 68.14 | 7355 | 8186 79.41 82.84
hau_Lam | 5686 | 23.04 5588 | 4706 6078 | 23.53 5735 | 6233 | 7010 58.82 70.10
heb_Hebr | 45.59 | 2696  47.06 | 5833 5833 | 2990 4363 | 7260 | 56386 75.00 75.00
hin_Deva | 6029 | 1275 5686 | 6765 7108 | 34.80 6520 | 7684 | 7647 8431 85.78
hne_Deva | 5686 | 1560 5441 | 5588 7010 | 2843 66.67 | 7007 | 7549 79.41 80.88
hrv_Lam | 70.10 | 5294 7843 | 7353 8235 5147 7451 | 8186 | 8578 7157 88.24
hun_Lam | 6471 | 3824 6618 | 6961 8186 |  50.49 7206 | 8120 | 8480 83.82 85.78
hye_Armn | 67.16 | 1618  67.16 | 6078 70.59 | 3137 68.14 | 7662 | 7745 80.88 83.33
ibo_Lam | 5735 | 3725 6324 | 4902 7010 | 2353 5686 | 69.09 | 72.06 74.02 79.41
iloLam | 6176 | 5049 69.12 | 4755 6814 | 3235 6569 | 7081 | 7745 75.00 79.90
ind_Lan | 69.61 | 6422 8284 | 7598 8137 | 5098 7598 | 8034 | 8382 88.24 89.71
islLan | 6078 | 31.86 67.65 | 5539 6961 2451 6275 | 73.04 | 7549 77.94 78.92
itaLan | 71.08 | 8284 8824 | 6814 8137 | 6422 7794 | 7880 | 8676 79.90 88.24
jav_Lam | 6422 | 4069 7108 | 5637 7500 | 3088 7010 | 7319 | 7500 79.90 8235
jpndpan | 7108 | 7696 8725 | 6814 7696 | 6569 8284 | 7833 | 80.88 8333 8775
kab_Lam | 2843 | 20.10 2794 | 2745 3627 | 2206 2941 | 3870 | 2794 31.37 3775
kac_Latn | 3529 | 2892 4LI8 | 4020 4265 20.10 3676 | 5409 | 4510 40.69 46.57
kam_Lan | 3873 | 30.88 47.55 | 3431 46.08 17.65 3431 | 4699 | 5049 46.08 50.00
kan_Knda | 5882 | 1569 5637 | 6422 TL5T | 2402 5080 | 7473 | 73.04 75.00 77.94
kat_Geor | 6520 | 1569 5882 | 6373 7598 | 27.94 7010 | 7779 | 7598 72.55 83.33
kaz_Cyrl | 6176 | 4304 6863 | 69012 7451 31.37 6471 | 7547 | 7843 67.16 79.41
Kbp_Latn | 3725 | 2500 4314 | 3431 44.61 17.65 4412 | 4983 | 47.06 4118 48.04
keaLan | 6471 | 6127 7892 | 4853 7549 | 3382 7598 | 66.81 | 8039 74.51 79.41
khm_Khmr | 69.12 | 3431 6961 | 5882 7647 | 3824 7451 | 7642 | 7941 82.84 86.76
kik_Lam | 4657 | 3333 5147 | 4363 5098 19.12 4412 | 5547 | 5294 58.82 59.31
kin_Lam | 4559 | 2696 5000 | 3922 5147 19.61 4853 | 5701 | 6765 64.71 64.22
kir Cyrl | 5882 | 4265 67.65 | 6863 7598 | 2451 5539 | 7593 | 7500 63.73 77.45
kmb_Lan | 3676 | 2451 4167 | 2843 4265 24.02 4265 | 4480 | 4804 46.57 50.98
kmr_Lamn | 5196 | 27.45 5882 | 5000  69.12 | 20.10 5637 | 6355 | 66.18 52.94 70.59
kon_Lam | 49.02 | 5049 6324 | 446l 6373 | 2010 5441 | 5885 | 6127 57.84 64.22
kor_Hang | 69.61 | 8137 8529 | 6225 7843 | 4853 7843 | 7733 | 7990 8235 87.25
lio_Laco | 6471 | 3333 69.02 | 5833 7402 | 3039 7059 | 7733 | 7500 79.90 84.31
liLam | 6422 | 6176 7745 | 5049  69.61 35.29 6667 | 7007 | 7696 70.59 80.39
lim_Lam | 6176 | 68.63 7941 | 5588 7255 38.24 7255 | 6949 | 6520 71.08 75.98
lin_Lain | 4804 | 4657 6127 | 4853 6127 | 2059 5490 | 6495 | 5833 63.24 68.63

Table 2: 3-shot accuracy with KNN or ICL (Part I). Methods with ‘(KNN)’ denote that KNN is used with retrieved
samples, otherwise ICL is used.



SBERT Glot500  Glot500 | MaLAS00  MaLAS00 | Glot500 | MaLAS00 | XAMPLER
‘ Random ‘ &knN) SBERT | RET(KNN)  RET | RET(KNN)  RET ‘ XLT ‘ XLT ‘ (KNN) ~ VAMPLER

li_Latn | 6127 | 4118 6471 62.25 72.55 29.41 6324 | 7804 | 7941 69.61 85.29
Imo_Latn | 6324 | 5735  73.04 48.53 66.67 33.33 66.18 66.25 73.53 72.55 7745
ltz_Latn | 6275 | 6078  76.96 56.37 72.55 3529 7010 | 6926 | 8039 72.06 79.41
lua Latn | 3824 | 4265 5049 36.27 45.10 24.51 4706 | 5551 5245 47.55 53.43
lug Latn | 3824 | 2941 4167 33.82 50.00 20.10 4069 | 5328 | 5147 5245 58.33
luo_Latn | 3775 | 2647  40.69 31.86 4363 18.63 4412 | 5103 | 5000 55.39 59.31
lus_Latn | 4853 | 4118  57.84 39.71 50.98 30.39 5196 | 6083 | 6176 65.69 68.14
Ivs_Latn | 6422 | 3922  68.63 62.25 73.53 31.86 6422 | 7887 | 79.90 71.08 82.84
mai Deva | 5735 | 1716 5049 62.25 69.61 28.92 59.31 76.91 68.63 83.82 78.92
mal_Mlym | 57.84 | 1569 5245 58.33 67.16 2647 5980 | 7333 | 68.63 77.94 78.92
mar Deva | 5931 | 1569 5588 60.78 75.00 27.94 6373 | 7596 | 77.94 73.04 79.41
min_Latn | 67.65 | 4461  66.67 58.82 7255 32.84 7402 | 7042 | 7843 78.43 79.90
mkd Cyrl | 6863 | 57.84  77.94 67.16 75.98 49.02 7549 | 7650 | 8088 72.55 83.82
mit_Latn | 68.14 | 5000 7255 60.29 7745 31.86 6765 | 7787 | 8137 78.92 8431
mon Cyrl | 5882 | 21.08 5931 63.73 73.53 25.00 6225 | 7512 | 7157 79.41 82.84
mos_Latn | 3775 | 3922  46.08 23.04 39.22 21.08 465 | 4706 | 45.10 44.61 50.49
mri_Lamn | 5294 | 2255 5441 18.63 46.08 17.16 46.08 5449 | 6078 59.80 68.63
mya_Mymr | 5392 | 1667  49.02 53.92 66.18 23.04 5098 | 7368 | 54.90 74.02 80.39
nid_Latn | 68.63 | 8284 8529 75.00 81.37 56.37 8137 | 7824 | 8627 87.25 88.73
nno_Latn | 68.14 | 4657 7353 64.22 75.49 42.65 74.51 7863 | 8382 86.27 89.22
npi_Deva | 6324 | 1520 5931 67.16 74.51 29.41 7010 | 7799 | 7549 82.35 87.75
nso_Lamn | 4167 | 3039 5245 39.22 50.49 21.57 43.63 60.71 55.39 54.41 58.82
nya_Latn | 4510 | 3529 5294 50.49 61.76 23.04 4902 | 6836 | 5882 66.67 68.14
oci_Latn | 6765 | 69.61 8186 58.33 70.10 44.12 7745 | 7650 | 8431 74.02 85.78
orm_Latn | 3480 | 1373 34.80 40.69 42.16 15.69 3529 | 5059 | 46.08 42.65 48.53
ory_Orya | 5147 | 2941  47.06 50.31 67.65 23.53 5735 | 73.55 62.25 80.88 78.92
pag_Latn | 5588 | 6324 7206 50.31 71.57 2647 62.25 7331 75.98 80.39 80.88
pan_Guru | 57.35 | 1422 53.92 51.96 67.16 2647 60.78 7044 | 73.04 71.08 75.98
pap_Latn | 6520 | 6373 7549 58.82 76.96 3431 7010 | 7223 | 78.43 77.94 80.39
pes_Arab | 6667 | 3725  67.65 69.61 76.96 3431 71.08 7772 | 7941 87.75 86.76
plt_Latn | 5294 | 2941 5735 42,65 60.29 21.08 5049 | 6422 | 69.61 48.04 67.16
polLatn | 68.14 | 7843 8725 67.16 78.92 57.84 78.43 7797 | 84.80 75.00 85.29
por Latn | 7206 | 8186 8775 60.78 81.37 59.31 8333 | 7971 85.78 85.78 90.69
prs_Arab | 6520 | 32.84  64.22 6275 76.96 31.86 7157 | 7870 | 78.92 86.76 86.27
pus_Arab | 4951 | 2598  52.94 5343 59.80 23.53 5098 | 6934 | 6225 60.78 71.08
quy_Latn | 4902 | 2941 5245 42.65 52.94 19.61 5392 | 5931 57.84 56.37 62.25
ron_Latn | 67.65 | 5833  77.94 66.18 75.98 55.39 7696 | 78.14 | 8333 80.88 86.76
run_Latn | 4314 | 2206 4461 41.18 49.51 18.14 4550 | 5186 | 6078 62.75 66.18
rus_Cyrl | 69.61 | 8382 8627 72.06 79.90 56.86 7745 | 7953 | 8137 86.27 89.71
sag Latn | 43.14 | 3971  49.02 39.71 5441 20.59 4550 | 5250 | 49.02 56.37 59.31
san_Deva | 5196 | 1520 5294 48,04 59.80 23.53 59.31 7034 | 6029 66.67 68.63
sen_Latn | 68.14 | 5539 7745 49.51 71.57 3431 73.53 67.50 | 7451 72.06 80.39
sin_Sinh | 6127 | 2206 6225 66.18 73.53 26.47 6520 | 7429 | 7255 79.90 82.84
sk_Latn | 66.67 | 4951 7059 63.73 74.02 45.10 7598 | 7799 | 8186 74.02 8431
slv_Latn | 6373 | 4902 7451 64.22 74.02 51.96 7500 | 7551 78.92 66.67 81.86
smo_Latn | 5441 | 3284 6324 36.76 6275 18.63 5294 | 6914 | 6373 66.18 73.04
sna_Latn | 4510 | 2451  47.06 42.16 5147 21.57 4020 | 5931 60.29 55.39 62.75
snd_Arab | 4412 | 2990 4951 50.49 5245 20.10 44.61 6583 | 47.55 59.80 67.16
som_Latn | 42.65 | 2059  42.65 49.02 59.80 17.16 0216 | 5652 | 6324 50.00 58.82
sot_Latn | 4510 | 2451  49.02 43.63 58.33 21.57 4804 | 6363 | 57.84 64.71 67.65
spa_Latn | 7157 | 8480 8578 67.16 78.92 59.80 8039 | 79.14 | 8529 82.84 90.20
sid_Latn | 6373 | 6422 7598 49.51 70.59 34.80 71.08 66.10 | 66.67 61.76 78.43
sp_Cyrl | 68.63 | 5588 7941 65.69 82.84 47.55 79.41 7853 | 8235 67.65 80.88
ssw_Latn | 4510 | 2451 4412 40.69 56.86 26.96 5196 | 63.19 | 59.80 59.80 63.24
sun_Latn | 68.14 | 4314  70.10 63.24 78.43 29.90 73.53 7593 | 8137 82.84 85.29
swe_Latn | 66.18 | 4608  72.55 71.57 77.94 59.31 7794 | 7973 | 8529 84.80 87.75
swh_Latn | 6127 | 2892  60.29 56.86 66.67 12.75 5490 | 7294 | 7696 64.22 75.98
szl_Latn | 6275 | 67.65 7598 5441 70.10 40.69 7157 | 6865 75.49 63.73 77.45
tam_Taml | 5490 | 1520 5098 64.22 71.08 27.45 6225 | 7537 | 7598 80.88 78.92
tat Cyrl | 6176 | 4657 7157 63.73 75.00 2451 68.63 | 7917 | 78.92 70.59 82.35
tel_ Telu | 57.84 | 1863 5098 65.69 70.59 25.98 6029 | 7453 | 7451 84.80 81.37
gk Cyrd | 6029 | 2696 6127 63.73 73.53 3529 6373 | 7708 | 8088 8235 80.39
tgl Latn | 68.14 | 3873  69.61 63.24 79.41 30.88 7010 | 7821 83.82 83.33 86.76
tha Thai | 6520 | 2598  56.86 65.20 75.49 41.18 6765 | 7743 | 70.10 79.90 86.76
tir Ethi | 4412 | 2941 5147 42.16 48.53 18.63 4706 | 5591 50.00 55.39 57.35
tpi_Latn | 6520 | 5392 7598 57.84 70.59 27.94 64.71 7694 | 7451 81.37 84.80
tsn_Latn | 49.02 | 3137  49.02 35.78 50.49 20.10 416 | 5676 | 5686 54.90 59.80
tso_Latn | 4559 | 2598  44.12 38.73 51.47 22,06 50.98 5623 | 5539 55.88 62.25
wk_Latn | 5343 | 5000  68.63 5147 69.61 14.22 5098 | 7333 | 66.67 61.27 77.94
wm_Latn | 42.16 | 2696  47.06 3235 56.86 24.02 43.63 6255 | 5294 65.20 64.71
wr_Latn | 68.14 | 8284 8627 68.63 76.96 15.69 56.86 | 7806 | 8137 73.53 84.80
uig_Arab | 4510 | 1275 4020 55.39 5343 18.63 3725 | 7218 | 4951 72.55 69.12
ukr_Cyrd | 6618 | 5931 7745 67.16 79.90 56.86 79.41 7863 | 8186 76.47 86.27
umb_Latn | 3382 | 2990 3775 33.82 46.57 22,06 39.71 4897 | 49.02 47.06 49.51
urd_Arab | 5588 | 2990  54.90 59.80 69.12 36.27 6667 | 7429 | 69.12 64.22 75.98
uzb_Latn | 57.35 | 3824  62.25 59.80 73.04 24.02 6275 | 7314 | 7696 60.78 77.45
vec_Latn | 67.65 | 68.14  82.84 57.84 73.53 36.76 7745 7272 | 7941 75.00 81.86
vie_Latn | 7206 | 2892  65.69 67.65 78.92 56.86 8186 | 79.63 | 7745 79.90 87.25
war_Latn | 6422 | 5000  76.96 58.82 75.98 28.92 7157 | 7576 | 8186 83.82 84.80
wol_Latn | 4559 | 4216 5588 29.90 50.98 22,06 48.53 5103 | 5000 47.55 57.84
xho_Latn | 4951 | 2745 5294 43.14 61.27 23.04 50.98 6279 | 6373 54.90 67.16
yid_Hebr | 4020 | 2059  44.12 39.22 50.49 24.02 4657 | 5591 51.96 50.31 62.75
yor Lamn | 4510 | 3186 4657 2941 45.10 23.04 4412 | 4922 | 49.02 57.35 58.82
yue Hani | 69.61 | 8235  84.80 73.53 83.33 60.78 8186 | 79.66 | 8235 85.78 85.29
zsm_Latn | 66.18 | 5882 8235 75.49 78.43 48.04 7696 | 8074 | 8235 85.78 89.71
il Lan | 5588 | 2451 4951 50.98 66.18 28.43 5196 | 69.02 | 6569 69.61 74.02

Avg | 5714 | 4229 6357 | 5421 6685 | 3215 6188 | 6951 | 6990 | 70.04 75.67

Table 3: 3-shot accuracy with KNN or ICL (Part II). Methods with ‘(KNN)’ denote that KNN is used with retrieved
samples, otherwise ICL is used.
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