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ABSTRACT

Cross-lingual in-context learning (XICL) shows promise for adapting large lan-
guage models (LLMs) to low-resource languages. Previous methods typically
rely on off-the-shelf similarity-based approaches or task-specific retrievers trained
with LLM feedback for demonstration selection. However, these methods often
overlook important factors beyond a single criterion or can be resource-intensive.
To address these challenges, we propose a novel approach called Topic-XICL,
which leverages a latent topic model for demonstration selection. We assume that
latent topic variables encapsulate information that more accurately characterizes
demonstrations. By training this topic model on rich-resource language data with
a compact LLM, we obtain more relevant demonstrations through topic inference
and apply them for in-context learning across various LLMs. We evaluated our
method on three multilingual tasks (XNLI, XCOPA, and TyDiQA-GoldP) using
three models with 7 to 8 billion parameters (BLOOM, Qwenl.5, and Llama3.1).
Our approach outperformed the baselines—random selection, semantic similar-
ity, and clustering-based methods—on TyDiQA-GoldP, XCOPA, and XNLI by
3.32%, 2.47%, and 1.77%, respectively, while requiring only moderate additional
resources.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities in natural language
understanding across a wide range of NLP tasks in English (Lai et al., 2023; Bang et al., 2023;
Zhang et al.| 2023)). Recent advancements have extended their multilingual functionalities (Shi
et al.| 2023} [Cahyawijaya et al., 2023} |Chen et al} 2023} [Yang et al., [2024); however, achieving
robust performance across multiple languages often requires substantial amounts of data for training
or fine-tuning. In-context learning (ICL) (Brown et al., 2020; Scao et al., [2022; [Lin et al., 2022) has
emerged as a promising approach to improve the performance of LLM in low-resource languages.

The impressive comprehension abilities of LLMs in English have fueled interest in Cross-lingual In-
Context Learning (XICL)(Winata et al., 2021} Lin et al.| |2022; |Asai et al.,[2023; |(Cahyawijaya et al.}
2024; Zhang et al., [2024)), which leverages demonstrations from high-resource languages to guide
learning in low-resource languages. However, the effectiveness of XICL relies heavily on the selec-
tion of demonstration examples (Zhao et al., 2021} |Perez et al., 2021} |Qin et al., 2023; (Cahyawijaya
et al.,[2024). Researchers have proposed two primary approaches for demonstration selection: using
off-the-shelf retrievers(Nie et al., 2023; (Chang & Fosler-Lussier,|2023; |Winata et al., 2023; [Li et al.}
2023} (Cahyawijaya et al., |2024)), such as BM25 or Sentence-BERT (Reimers & Gurevych, |2019),
and training task-specific retrievers (Shi et al.|[2022) using specially designed task signals, like feed-
back from LLMs. While task-specific retrievers may produce better results for certain LLMs, they
often require access to model parameters or detailed output distributions, which can be costly to
obtain and are typically unavailable for black-box LLMs (Sun et al.,|2022). In contrast, off-the-shelf
methods offer a lightweight solution by exploiting semantic similarity between input-label pairs, but
they tend to overlook task-specific information and diversity.

As noted in |Qin et al.| (2023)), the choice between similarity and diversity in demonstrations varies
by task: diversity works better for tasks like commonsense reasoning and question answering, while
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Figure 1: Accuracy scores for 12 languages from the XCOPA dataset (Gordon et al., 2012) using
zero-shot inference (dashed line) and 3-shot in-context learning (ICL) with the BLOOM model
(Scao et al., 2022)) (7.1 billion parameters). k denotes the number of demonstrations. ’sem’ refers
to semantic-based selection, while “random” refers to random selection.

similarity is more effective for text classification. Fig. [T|highlights the challenge of balancing these
two dimensions across languages. Semantically similar examples yield better results for Haitian
Creole (ht), Tamil (ta), and Thai (th), whereas randomly selected diverse examples perform better
for Italian (it), Quechua (qu), and Swabhili (sw). When selecting demonstrations across languages,
it’s important to account for not just semantic similarity, but also factors like syntactic structure,
task structure, and domain information. We collectively abstract these flexible factors as latent
topic information, which encapsulates characteristics that better represent demonstrations, improv-
ing cross-lingual in-context learning.

Xie et al|(2022) examined in-context learning from a Bayesian inference perspective, while Wang
et al.[(2023)) treated LLMs as topic models, applying this theory effectively in demonstration selec-
tion for classification tasks. Building on this, we extend Wang et al.| (2023)’s approach to cross-
lingual in-context learning across various tasks, proposing a demonstration selection algorithm
based on topic inference (Topic-XICL), as shown in Fig.[2] Our method consists of two phases:
latent topic learning and demonstration selection. In the latent topic learning phase, demonstra-
tion candidates from a rich-resource language are clustered into topics using the K-means algorithm,
based on multilingual representations, and a topic model is trained using an LLM to capture nuanced
topic information. Specifically, the candidate data for a task are grouped into n topics, and for each
topic, we introduce ¢ new tokens to extend the LLM’s vocabulary. These tokens are concatenated
with the input, allowing the LLM to update token embeddings and improve predictions. In the
demonstration selection phase, topic inference is performed on the candidate data to select the k
most representative examples for each topic. For each target language input, its topic is determined
by calculating semantic similarity with the candidate data, using the corresponding representative
examples of its topic as context.

We trained the latent topic model on BLOOMZ-1b7 (Muennighoff et al.l 2023) (with 1.7 billion
parameters) and conducted cross-lingual ICL on two multilingual sentence-level tasks and one cross-
lingual reading comprehension task. Our contributions are summarized as follows:

* We propose a cross-lingual demonstration selection algorithm based on topic inference
(Topic-XICL), extending Bayesian inference theory to practical applications in cross-
lingual ICL.

* Intuitively, the Bayesian theorem is primarily suited for classification tasks. To our knowl-
edge, we are the first to apply it to non-classification tasks on XICL, and we have experi-
mentally validated its effectiveness.

* Our topic-based demonstration selection method outperforms the strongest baselines across
three models—BLOOM, Qwenl.5, and Llama3.1—by 3.32%, 2.47%, and 1.77% on aver-
age for TyDiQA-GoldP, XCOPA, and XNLI, respectively.

2 RELATED WORK

Cross-lingual In-context learning The cross-lingual nature of multilingual language models fur-
ther enables the possibility of learning from a different language in-context without parameter up-
dates, as demonstrated by the XICL method (Winata et al., 2021} [Lin et al., 2022). |Winata et al.
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(2021) first showed that, given a few English examples as context, multilingual pre-trained language
models (such as GPT (Radford et al.,[2019) and T5 (Raffel et al.,|2020)) can predict not only English
test samples but also non-English ones. [Lin et al.|(2022)) also found that their XGLM demonstrates
strong cross-lingual capability, where using English prompts together with non-English examples
yields competitive zero- and few-shot learning performance. |Cahyawijaya et al.| (2024) extensively
studied XICL on some low-resource languages from four aspects: cross-lingual alignment, align-
ment formatting, label configuration, and cross-lingual retrieval, highlighting the importance of ad-
vancing ICL research. Our research mainly focuses on the aspect of cross-lingual retrieval to select
demonstrations for XICL.

Cross-lingual Demonstration Selection Different rich-resource language demonstrations yield
varying XICL outcomes for target languages. Current cross-lingual retrieval methods fall into two
categories: using off-the-shelf multilingual representations and leveraging LLM feedback signals.
For example, |[Nie et al.| (2023)) conducts cross-lingual retrieval from labeled or unlabeled high-
resource languages based on the semantic similarity of multilingual embeddings. |Li et al.| (2023)
extended this to focus on zero-shot settings, revealing limitations for complex generation tasks.
Tanwar et al.|(2023)) augmented prompts with cross-lingual semantic similarity demonstrations and
in-context label alignment, but (Cahyawijaya et al.| (2024) identified shortcomings and introduced
translation pairs for alignment. Additionally, [Winata et al.| (2023)) emphasized semantic similarity
by selecting the nearest examples from various sub-datasets for classification tasks. In contrast, Shi
et al.[(2022)) proposed a retrieve-rerank framework for cross-lingual Text-to-SQL, using a bi-encoder
to identify relevant exemplars, and then training a retriever by distilling the LLM’s scoring function.

Training retrievers on specific task data and LL.Ms can be advantageous, but managing inaccessible
parameters of black-box models is challenging. Our method trains using only accessible LLMs.
Semantic similarity alone may not suffice for complex tasks, so we expect to integrate richer infor-
mation into “latent topics,” such as article types in question-answering tasks, question types, and
the structural relationship between answers and articles. We use LLMs to mine this latent topic
information and select demonstrations to enhance cross-lingual in-context learning.

In-Context Learning with Bayesian inference [Xie et al.| (2022) provided a latent topic inter-
pretation to explain in-context learning, showing that the in-context learning predictor approaches
the Bayes optimal predictor as the number of demonstrations increases, assuming both pre-training
and task-specific data follow Hidden Markov Models (HMM). However, the Markovian assumption
about data generation limits empirical validation to synthetic data and toy models, raising questions
about its applicability to natural language.

To bridge the gap between theoretical understanding and real-world LLM algorithms, |Wang et al.
(2023) developed a practical demonstration selection algorithm. Our method extends Wang et al.
(2023)) to an XICL setting. Unlike their approach, which treats each classification data as a topic, we
perform semantic clustering on each task’s data to obtain topics, making our approach applicable
to a wider range of tasks. To our knowledge, this is the first attempt to use Bayesian theory for
demonstration selection beyond classification.

3 METHOD

Based on the theoretical understanding and practical algorithm of Bayesian inference in ICL, we
proposed a cross-lingual demonstration selection framework (as shown in Fig. [2)) with topic in-
ference to improve the performance of cross-lingual ICL for various tasks, not only classification
tasks. First, we introduce the notations of problem setting and theoretical analysis of the problem.
Then we describe the pipeline to learn latent topic embedding in Section [3.2] and the algorithm of
demonstration selection in Section 3.3

3.1 NOTATIONS AND PROBLEM SETTING

In cross-lingual in-context learning, the prompt comprises & rich-resource language demonstrations
(X1, Y1), (X2,Y2), ..., (Xk, Yx) and a low-resource target language test input X, and the gold truth
isY €Y. For the generation-form task based on decoder-only LLMs, Y is the space of all possible
token sequences. Similar to that of the topic model, a simplified assumption can be made for LLM
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Figure 2: An overview of our proposed cross-lingual demonstration selection framework with topic
inference.® Latent topic embeddings are learned for the clustered English candidates using LLMs,
and probabilities of inferring to n topics are calculated for each candidate. The top-k representative
demonstrations for each topic are then obtained. @ For each target input, the semantic relationship
with the candidates is calculated. The most frequent topic in the top-10 examples is used as its
classification topic, denoted as a;. The k most representative examples in the a; topic are used as
the context for the target input, which can be used for ICL in any generative LLM.

(denoted by M):
Py ) = [ Puv16) P 6100 (1)
e

f € O is a high dimensional latent topic variable continuously distributed over ©, where O is the
space of the variable.

Following Wang et al.| (2023)), we posit the existence of an underlying causal relation between X, Y,
and 6, directly named as X — Y < 6, which can be represented mathematically as the following
structural equation:

YO = (X%, 0% ), 2)
where € is an independent noise variable. «a is the topic of (X,Y), and 8% € © is the value of the
topic variable corresponding to the topic a. The in-context learning output probability of LLM for
an input X! classified to a topic in target language [ can be denoted by P]‘Cf’l, and the solution can
be defined as:

argmax PUH (Yo = | X Y L XE, Y8, X9, 3)
yeY

It is always lower or equal to the Bayes optimal decoder:

arg max Pl (Y = y|9®, X @),
yeY

Equality only holds when
POV XL, Y, . XY X)) =1 4)

Following Wang et al.|(2023)), we focus on estimating an optimal value of 6 corresponding to a topic
a. Then, we will discuss how to select an optimal set of demonstrations by using the learned optimal
latent concept variable value.

3.2 LATENT TOPIC LEARNING

As shown in Fig we first cluster the source language task dataset into several topics {a;|i =
1,2,...,n} by the multilingual embedding with K-means algorithm, the number of topic n is
a hyper-parameter. For a topic a;, the objection of Bayes optimal decoder is to minimize
Ex.v.a;[~logPy; (Y0, X)].
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In practice, we try to align 6¢ to the token embedding space by adding new tokens to the vocabulary
of LLM. Then, the learned new tokens of 8 are used as regular tokens in the vocabulary. Specif-
ically, to represent each specific topic a;, ¢ new topical tokens (denoted as 9‘”) are added to the
original vocabulary. c is also a hyper-parameter, and corresponding c topical tokens are appended
to the input X as demonstrated, like ”<t1_1><t1_2>...<tl_¢>X" for the topic a;. The new topical
token can be anything as long as it does not overlap with the original vocabulary of LLM.

Subsequently, the embedding of these new tokens F/ (éa) is fine-tuned while freezing the remaining
parameters of LLM. The fine-tuning objective is to minimize loss:

L(0%) = Ex y[-logPg(Y]6%, X)) (5)

and the fine-tuned LLM denoted as M’. To obtain the topical tokens for all topics in a task, we
fine-tune all data together with the loss Y., £(6%).

3.3 DEMONSTRATION SELECTION

About the topic of target instance (X', Y!), we embed the input X' and measured its semantic
similarity with all source input embeddings by Sentence-BERT (Reimers & Gurevych,2019). Then,
we statistic the topic category of the top-10 semantic similar source examples and choose the most
frequent topic as the target language topic a.

According to the analysis in Section for the target instances with topic a, our goal becomes
selecting demonstrations that can best infer the topic for all inputs:

argmax  Ex [Py (0% Xy, Y7, .., X5, Y, X)) 6)
Xo Ve, X8, Yo

As test examples are sampled independently of the demonstrations and each demonstration is also
sampled independently, the goal can be:

argmax Py (041 X7, Y, .., XY
X8.Y8,.., Xe,Ye
k a a a a (7)
_ [Ti, Py (00X, i)
Pg, (7)1

Assuming that 6 has a uniform prior, then our goal becomes finding the top & demonstrations that
maximize Py, (0% X7, V).

For the setting of n, the estimated conditional probability of 67 for instance (X,Y) would be:

Py (6](X,Y))
X,Y)) = M-
XD = = o s (. 1) ®

P (0%

We mainly focus on the fundamental effects of topic inference on multilingual demonstration selec-
tion, without discussion of the mutual influence between demonstrations and the impact of order.

4 EXPERIMENTS

4.1 DATASET

This paper presents experiments conducted on three datasets: XNLI (Conneau et all |2018),
XCOPA/'| and TyDiQA-GoldP (Clark et al., 2020). The Cross-lingual Natural Language Inference
dataset (XNLI) is a sentence-pair classification task involving 15 languages, translated from the
English SNLI (Bowman et al., [2015) dataset. Since existing work mainly discusses demonstration
selection methods for classification tasks, we also explored the multilingual causal commonsense
reasoning task XCOPA and the Question Answering (QA) task in our experiments. XCOPA is an
extension and re-annotation of the English Choice of Plausible Alternatives (COPA) dataset (Gordon

"https://github.com/cambridgeltl/xcopa



Under review as a conference paper at ICLR 2025

et al.l 2012)), with validation and test examples translated and annotated in 11 typologically diverse
languages. TyDiQA-GoldP is the gold passage task in TyDiQA (Clark et al., [2020), covering 9
typologically diverse languages and serving as a challenging multilingual QA benchmark.

For each dataset, the English training set D serves as the pool of candidate demonstrations, evaluated
across all test sets in each language. We list the English training set volume, 24 target languages,
and their test set sizes in Table[3] The XCOPA test set is a combination of the official open-source
100 validation sets and 400 test sets. Due to the large size of the XNLI training dataset (392,701
instances in total), we only used the first 10,000 instances.

4.2 EXPERIMENTAL SETTING

We employ the K-means algorithm with random initial center points to cluster the training set D,
using three seed values [32, 44, 100] and reporting the average results and standard deviation per
language for k = [2, 3, 4]. Each training data representation is obtained using multilingual Sentence-
BERT|"] As for hyper-parameters, the number of cluster classes n = 20 and the length of each topic
token sequence ¢ = 10 are used for XNLI, and n = 20 and ¢ = 15 are for TyDiQA-Gold, while
n = b and ¢ = 15 are set for XCOPA (with only 500 English training dataset). The guidelines for
the hyper-parameters section can be seen in

We leverage the Bloomz-lb?E] model to learn the topic token embeddings and compute the prob-
ability of each candidate. BLOOMZ-1b7 (Muennighoff et al., [2023)) is a multilingual supervised
fine-tuning version of BLOOM, which may be more efficient for learning the topic of a task. Greedy
Search is employed for decoding answers in each task. For XCOPA, the gold output is changed to
”1” or ”2”. For two-sentence tasks, we set the output length to 1 to obtain the answer label. For the
QA task, the maximum output length is 16 and the answer is extracted by regular matching, and the
metric is an Exact Match (EM) score. The prompts used for each task are detailed in Appendix [B]

4.3 BASELINES

We use the same set of demonstrations for three LLMs, each with about 7 billion parameters, in-
cluding BLOOM(Scao et al.} 2022), Qwenl.5(Team, |[2024), and Llama3.1(Dubey et al., [2024)). We
consider the following demonstration selection methods as baselines:

ICL_random: Random select k£ demonstrations from D for each test example. We also set three
seeds to obtain the average results.

ICL_sem: We use the same sentence-BERT to calculate the cosine similarity between the inputs of
the source and target language. We select the top k& demonstrations from D for each test example.

ICL _cluster: Since our method first clusters D and then selects demonstrations, for ICL _cluster,
we randomly sample k instances from each category of the clustered data as demonstrations for all
test examples within that category. The topic classification method for the test set follows the same
procedure described in Section[3.3]

4.4 MAIN RESULTS

Table [I] presents our main results for the three datasets, averaged over all languages and based
on the three LLMs. Across all three datasets, our method consistently outperforms the baselines
across the three models. Figure[3]illustrates the performance difference between Topic-XICL and the
best baseline results for individual low-resource languages in three LLMs across the three datasets.
Languages marked with an asterisk (*) denote unseen languages for the models. Please refer to
Appendix [C] for the definitions of the languages.

As shown in Table |1} our method outperforms the strongest baseline across all three datasets
and models in average performance. For all k-value settings across the models, the average perfor-
mance on the TyDIQA-GoldP, XCOPA, and XNLI tasks exceeds the strongest baseline by 3.32%,
2.47%, and 1.77%, respectively. For the MRC task, with £ = 4, our method improves the EM

“https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v 1
3https://huggingface.co/bigscience/bloomz-1b7
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TidyQA-GoldP (EM, %) XCOPA (Accuracy, %) XNLI (Accuracy, %)
Model Method k=2 k=3 k=4 k=2 k=3 k=4 k=2 k=3 k=4
Zero-shot 45.8 579 46.6
ICL_random 51.940.49 5024229 52.7+0.82 | 59.8+0.58 63.9+1.01 64.3+£0.68 | 48.2+2.93 47.3+2.22 47.2+0.44
Qwenl.5 ICLsem 54.7 54.5 54.0 61.5 63.1 63.2 48.6 48.6 48.2
ICL _cluster 53.0+£0.55 53.1+0.49 53.2+0.45 | 61.1+0.64 63.4+0.70 64.1+0.81 | 48.6+0.31 48.3+0.22 47.6+0.36
Topic-XICL(ours) | 57.3+0.55 58.6+2.65 58.5+1.73 | 64.6+2.36 66.9+0.96 67.1+0.09 | 50.1+0.25 50.1+0.26 50.1+0.22
Zero-shot 40.1 49.6 32.8
ICL_random 45.0+1.39 43.8+3.03 44.7+3.32 | 51.3+04 51.4+0.21 51.3+0.29 | 35.3+2.15 34.8+1.56 34.3%1.13
BLOOM ICL_sem 44.6 45.6 45.1 50.8 50.4 51.5 36.6 36.9 37.2
ICL_cluster 45.6+0.97 45.1+1.26 45.0+0.88 | 51.7+0.09 51.0+0.26 51.9+0.17 | 34.4+0.92 35.2%1.67 36.1*1.59
Topic-XICL(ours) | 49.0+1.11 48.3+0.93 49.4+1.32 | 53.9+0.13 54.5+0.09 54.4+0.16 | 38.1+0.54 38.5+0.65 39.0+0.91
Zero-shot 67.9 67.6 44.8
ICL_random 69.2+1.30 67.3+2.22 68.2+3.08 | 72.9+1.50 73.1+1.46 73.3£1.00 | 41.9£5.16 53.4+2.12 51.2+1.60
Llama3.1 ICL_sem 69.1 68.8 69.6 71.5 722 72.3 51.8 53.0 53.2
ICL _cluster 69.6+0.34  69.2+0.23  69.6+0.54 | 72.9+0.25 73.4+0.25 73.4+0.48 | 51.1+1.08 52.3+0.61 53.1+0.66
Topic-XICL(ours) | 72.3+0.69 72.7+0.28 71.7+0.32 | 74.7+0.52 75.0+0.41 75.5+0.52 | 54.4+0.80 55.3+0.17 54.8+0.13

Table 1: Average performance and standard deviation over 3 seeds across languages for three tasks
with different numbers of demonstrations. Detailed results in each language can be found in Ap-

pendix [E]
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Figure 3: Performance difference between Topic-XICL and best baseline results for individual lan-
guages in Three datasets.”*” represents the language is unseen for the models

score by 4.5% over the strongest baseline ICL_cluster on the BLOOM model. Furthermore, under
different seed settings, our method achieves a smaller standard deviation compared to the random
sampling method. This may be attributed to the clustering we performed on the dataset to obtain
topics, as similar stability in performance across different seed settings can also be observed in the
ICL _cluster method. ICL_cluster is a strong baseline that combines both semantic similarity and
diversity. However, our method demonstrates an even greater advantage, suggesting that it not only
benefits from the semantic similarity factors captured through clustering but also learns additional
features automatically through the Topic variables.

In cross-lingual ICL settings, low-resource languages can achieve improvements with lightweight
computational costs. Our method demonstrates significant advantages in languages with rela-
tively less training data (low-resource languages) or unseen languages across various models.
In the XNLI task, apart from BLOOM’s performance on the unseen language Turkish (tr), where it
did not surpass the strongest baseline, our method consistently outperforms existing baselines across
all three models. Notably, our method achieves improvements of 4.2% and 4.0% in the unseen lan-
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guages Greek (el) and Thai (th), respectively, over the best baseline on the BLOOM model with
k=4

In XCOPA, our method consistently outperforms the
Quenls strongest baselines ICL_cluster. Specifically, it shows
significant gains in low-resource languages, achieving a
10.9% improvement in the unseen language Vietnamese
(vi) compared to ICL_cluster based on BLOOM. During
w our error analysis, we found that the simplicity of the

k=4

=« XCOPA task (with 1’ and ’2’ as the only possible an-
==z gwers) sometimes led baselines to overfit when there were
too few examples and the labels were the same, causing
the prediction to follow the answers from the demonstra-
tions. To address this, we conducted experiments with
larger k values, e.g. [6,8,12]. The results for Qwenl.5
are shown in Figure [] (other results are in Appendix [E).
Almost all methods show improvement as the value of k
increases, and our method maintains its advantage.

4
]

ICL_cluster

a
E}

64 65 66 67 o8

Figure 4: The performance of Qwenl.5
in XCOPA with k = [2,3,4,6,8,12].

For more complex QA tasks like TyDiQA-GoldP, our model demonstrates significant advantages
in certain low-resource languages. For instance, in Finnish (fi) with a £ = 4 setting, our method
surpasses the strongest ICL_sem baseline on Qwenl.5 by 4.2%, achieving a 64.7% EM score. In
BLOOM, our best result in the unseen language Bengali (bn) exceeds the strongest baseline by
10.3%, reaching a 71.7% EM score. As for Llama3.1, this advantage may be attributed to its training
on multilingual data (despite multilingual tokens making up only 8%), which gives it an edge in more
low-resource languages.

Experimental results show that training the topic model on BLOOMZ-1b7 and selecting appropriate
demonstrations enhances performance across different LLMs. At the task level, our method achieves
notable improvements in more complex reasoning and question-answering tasks, demonstrating that
our approach effectively applies Bayesian theory to non-classification tasks in ICL.

4.5 ABLATION STUDY

To validate the necessity of the topic model for demon-

stration selection and test data topic classification (as de- XCOPA

scribed in Section @), we conducted ablation experi- 2L dutr w/top-Ltopie % w kemeans predict
. . Topic-XICL B w/ top-1 topic B w/ k-means predict

ments. In the ICL_cluster, demonstration selection was

replaced with random sampling. Our method calculates

semantic similarity between the test data and candidate « . |

examples, selecting the most frequent topic from the top * , ,,

10 similar candidate examples as its topic. We compared ,, | . |

this with two simpler approaches: (1) using the topic of s .

the most similar candidate example (top-1 topic) and (2) 2 o i

predicting the topic with a k-means clustering model (k-

means predict). The results in Figure[5|show that the sim-

pler classification methods outperformed the ICL _cluster

baseline, likely due to their effective matching of semantic similarities. However, they did not cap-

ture the broader characteristics of the entire candidate pool, limiting their effectiveness in our topic

inference-based selection. In contrast, our approach consistently achieved the best results, demon-

strating the value of the topic model and the necessity of each module.

Figure 5: The ablation study in XCOPA
based on Qwen1.5.

5 ANALYSIS

The experimental results demonstrate that our topic model effectively captures latent information
beneficial for in-context learning. We visualized the embeddings of the topic tokens to understand
the relationships between different categories. Through case studies, we analyzed the characteristics
of representative demonstrations within each topic. Additionally, we explored the performance of
our method concerning model scale and source language.
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5.1 VISUALIZATION OF TOPIC TOKEN EMBEDDING

As shown in Figure[6] the embeddings of the 20 topics trained
on the TyDiQA-GoldP dataset are distributed into three to

four distinct regions. This distribution indicates that the topic e Jeo 1800 o
model successfully captures similarities across different top- | .y ‘;fﬁ‘b:’ "U:;o .
ics. For instance, while topics ”t10,” ”t11,” and "t12” are part | % & e
of separate clusters, they remain close in token sequence space. B

This demonstrates that even if initial clustering lacks preci-

sion, the topic model effectively identifies and groups similar e
. . Q1o
topics. As a result, our method adapts well to different seed wd

settings during initial clustering, resulting in lower standard
deviations. For non-classification tasks, where topic classifi-
cation may be ambiguous, our method displays strong adapt- Figure 6: t-SNE plot of the learned
ability. This highlights the broader applicability of our frame- topic tokens for TyDiQA-GoldP.
work, extending the use of Bayesian theory in context sample ”tx_0” represents the first token of
selection to a wider range of tasks. the zth topic.

5.2 CASE STUDY FOR TOPIC-BASED DEMONSTRATION SELECTION

We examined representative examples from various topics in TyDiQA-GoldP, with detailed cases
presented in Appendix [D] Examples from topic t0” mainly consist of paragraphs introducing items
or concepts, often related to biology or species. Topic ’t4” features shorter passages with only a few
sentences, while topic ’t18” focuses on sports and football themes. These examples demonstrate
that our topic inference method not only captures simple semantic similarity but also structural and
domain-level information.

5.3 RESULTS WITH LESS PARAMETER TOPIC MODEL

Considering that the boundaries between clus-
ters can often be unclear when grouping source TyDiQAGoldP ™

language candidate examples, we primarily 600
trained our Topic model on BLOOMZ with 1.7 w0
billion parameters. To verify the applicability 00

of our method to smaller models, we also con- P w w i o w mw ke AVG

. . . strong bascline 512 524 567 84 336 625 159 308 372 450
ducted experiments on BLOOMZ with 560 mil- Topic_XICL 600 564 632 TIT 354 615 174 341 392 494
lion parameters (BLOOMZ_560m) Figure —o— Topic_XICL w/560m 586 658 639 66.1 351 634 201 338 396 471

60.0
58.0

presents the ICL test results for three datasets  xcora o
on BLOOM with £k = 4. Our method, when g :;ig \‘\\’_\/\/\
implemented on BLOOMZ-560m, continues to ;g 500

g 46.0

outperform the strongest baselines on XCOPA :::
and TyDiQA-GoldP. Notably, for the MRC sgheetas 55 %06 9 51 03 67 03 89 69 B9 A1 e 59

] 1 Topic XICL 594 580 586 530 556 540 504 508 510 532 536 552 544
taSk mn the Qwenl.s mOdel On the Arablc (ar) —O—T;::X[CLWISGM 588 578 582 528 520 510 500 508 498 536 530 548 53.6
language, our method achieved an EM score

XNLI

of 65.8, exceeding the strongest baseline by o

13.4%. However, in the XNLI task, only Viet- § o

namese (vi) and Hindi (hi) languages showed o
<

improvements compared to the Topic model 0 —
en zh fr es ar vi hi ur sw *bg *de *el *ru *h *r AVG
based on BLOOMZ-1b7, while other languages strongbaseline 389 37.4 393 39 37.8 381 363 366 381 358 363 365 373 341 361 372
. . Topic_XICL 41,0 40.6 38.1 36.5 40.7 383 389 41.9 37.6 38.8 38.1 354 38.5 40.7 39.6 39.0
fell below the strongest baseline. This su ggests —o— Topic_XICL wi/ 560m 353 362 372 362 362 4L0 400 342 356 343 353 351 347 326 34.1 359
that for simpler classification tasks, more clar-
ity clustering information may be necessary. Figure 7: The 4-shot performance of BLOOM
in three tasks based on the Topic-XICL model

trained with fewer parameters (BLOOMZ-560m).

EM score (%)

In terms of time and resource consump-
tion, given the similarity in training parame-
ter size, training times for BLOOMZ-560m and
BLOOMZ-1b7 are approximately the same, taking only 15-30 minutes. Thus, for more complex rea-
soning or reading comprehension tasks, our method can leverage a smaller LLM while achieving
performance improvements with minimal additional cost.
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5.4 RESULTS WITH OTHER SOURCE LANGUAGES

For multilingual LLMs, besides English, other languages like Chinese and Italian also have relatively
rich pre-training data. To explore how our method performs with different source languages, we
conducted experiments using these two languages as the source languages for implementing Topic-
XICL. We translated the English XCOPA training data into Chinese and Italian using the Google
Translation APIL The average results are shown in Table 9]

oo Model | method | k=2 k=3 k=4
best baseline 615 639 643
AN Topic XICL 64.6 669 67.1
od N, Qwenl.5 | Topic XICL /w zh 594 621 635
1500 Topic XICL /w it 653 657 644
i7" ago g
b o best baseline 517 514 519
$ ) Topic XICL 539 545 544
_ b BLOOM | Topic XICL /w zh 530 529 530
Topic XICL /w it 524 528 527
best baseline 729 734 T34
Topic XICL 747 750 755
) o Llama3.1 | Topic XICL /w zh 746 748 746
Figure 8: Results of 4-shot ICL for Individ- Topic XICL /w it 745 756 756

ual Languages in XCOPA based on BLOOM
by the Topic-XICL model trained with Chi- Figure 9: The average accuracy of the Topic-
nese and Italian. XICL model trained with Chinese and Italian.

In both BLOOM and Llama3.1, the ICL performance of Topic-XICL demonstrations based on Chi-
nese and Italian consistently outperforms the strongest baselines. On BLOOM, the non-Latin script
Indonesian (id) language showed significant improvement, outperforming the English-based method
by 2%, as shown in Figure[8] Moreover, in the Llama3.1 model, the average performance of Topic-
XICL using Italian as the source language was even better than the English-based baseline. The
improvements in Llama3.1 may stem from its better performance in relatively well-resourced tar-
get languages. For the Qwenl1.5 model, which has more Chinese pre-training data, using Italian as
the source language resulted in improvements over the baseline, but it failed to surpass the perfor-
mance of the baseline when using Chinese. This could be because the stronger Chinese capabilities
reduced alignment with other languages, making it harder to transfer knowledge effectively across
languages.

English and Italian consistently achieve good XICL results across all models, but Chinese performs
poorly as a source language for XICL in Qwenl.5. Across different target languages, there is no
clear conclusion as to which source language’s demonstrations provide more benefit. [Zhang et al.
(2024) conducted a multidimensional study on ICL for low-resource languages and found that the
effectiveness of demonstration samples varies significantly across different models, tasks, and lan-
guages, which aligns with our conclusions. They also found that carefully designed templates can
sometimes entirely negate the benefits of demonstration samples for certain tasks and languages. In
our experiments, we also observed that for some languages, adjusting the prompt could yield greater
improvements than ICL itself. However, this phenomenon is not consistent across all languages,
posing a challenge for automatic multilingual prompt design. Our primary focus is on comparing
the performance of ICL sample selection, while prompt selection will be explored in future work.

6 CONCLUSION

This work presents Topic-XICL, a novel demonstration selection algorithm for cross-lingual in-
context learning that leverages latent topic inference. By integrating richer diversity information
from latent topic variables based on a compact LLM, our method addresses the limitations of tra-
ditional similarity-based and task-specific retrievers. We validate its effectiveness across three task
categories and three models, particularly in low-resource languages, demonstrating that latent topic
variables effectively capture valuable diversity information for cross-lingual in-context learning.
This approach provides a generalizable framework for enhancing XICL with only moderate addi-
tional resources.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Akari Asai, Sneha Kudugunta, Xinyan Velocity Yu, Terra Blevins, Hila Gonen, Machel Reid, Yulia
Tsvetkov, Sebastian Ruder, and Hannaneh Hajishirzi. BUFFET: benchmarking large language
models for few-shot cross-lingual transfer. CoRR, abs/2305.14857,2023. URL https://doi.
org/10.48550/arXiv.2305.14857.

Yejin Bang, Samuel Cahyawijaya, Nayeon Lee, Wenliang Dai, Dan Su, Bryan Wilie, Holy Lovenia,
Ziwei Ji, Tiezheng Yu, Willy Chung, Quyet V. Do, Yan Xu, and Pascale Fung. A multitask, mul-
tilingual, multimodal evaluation of chatgpt on reasoning, hallucination, and interactivity. CoRR,
abs/2302.04023, 2023. URL https://doi.org/10.48550/arXiv.2302.04023.

Samuel R. Bowman, Gabor Angeli, Christopher Potts, and Christopher D. Manning. A large an-
notated corpus for learning natural language inference. In Lluis Marquez, Chris Callison-Burch,
Jian Su, Daniele Pighin, and Yuval Marton (eds.), Proceedings of the 2015 Conference on Empir-
ical Methods in Natural Language Processing, EMNLP 2015, pp. 632—-642. The Association for
Computational Linguistics, 2015. URL https://doi.org/10.18653/v1/d15-1075,

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared Kaplan, Prafulla Dhari-
wal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal,
Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child, Aditya Ramesh, Daniel M.
Ziegler, Jeffrey Wu, Clemens Winter, Christopher Hesse, Mark Chen, Eric Sigler, Mateusz Litwin,
Scott Gray, Benjamin Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford,
Ilya Sutskever, and Dario Amodei. Language models are few-shot learners. In Advances in Neural
Information Processing Systems 33: Annual Conference on Neural Information Processing Sys-
tems 2020, NeurlPS 2020, 2020. URL https://proceedings.neurips.cc/paper/
2020/hash/1457c0d6bfcb4967418bfb8acl42f64a—-Abstract.htmll

Samuel Cahyawijaya, Holy Lovenia, Tiezheng Yu, Willy Chung, and Pascale Fung. Instruct-align:
Teaching novel languages with to llms through alignment-based cross-lingual instruction. CoRR,
abs/2305.13627,2023. URL https://doi.org/10.48550/arXiv.2305.13627,

Samuel Cahyawijaya, Holy Lovenia, and Pascale Fung. Llms are few-shot in-context low-resource
language learners. CoRR, abs/2403.16512, 2024. URL https://doi.org/10.48550/
arXiv.2403.16512.

Shuaichen Chang and Eric Fosler-Lussier. Selective demonstrations for cross-domain text-to-sql.
In Findings of the Association for Computational Linguistics: EMNLP 2023, pp. 14174-14189,
2023. URL https://aclanthology.org/2023.findings—emnlp. 944\

Zhihong Chen, Shuo Yan, Juhao Liang, Feng Jiang, Xiangbo Wu, Fei Yu, Guiming Hardy Chen,
Junying Chen, Hongbo Zhang, Li Jianquan, Wan Xiang, and Benyou Wang. Multilingualsift:
Multilingual supervised instruction fine-tuning, July 2023. URL https://github.com/
FreedomIntelligence/MultilingualSIFT.gitl

Jonathan H. Clark, Jennimaria Palomaki, Vitaly Nikolaev, Eunsol Choi, Dan Garrette, Michael
Collins, and Tom Kwiatkowski. Tydi QA: A benchmark for information-seeking question an-
swering in typologically diverse languages. Trans. Assoc. Comput. Linguistics, 8:454-470, 2020.
URLhttps://transacl.org/ojs/index.php/tacl/article/view/1929.

Alexis Conneau, Ruty Rinott, Guillaume Lample, Adina Williams, Samuel R. Bowman, Holger
Schwenk, and Veselin Stoyanov. XNLI: evaluating cross-lingual sentence representations. In Pro-
ceedings of the 2018 Conference on Empirical Methods in Natural Language Processing, EMNLP
2018, pp. 2475-2485,2018. URL |https://doi.org/10.18653/v1/d18-12609.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle, Aiesha
Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, Anirudh Goyal, Anthony
Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar, Artem Korenev, Arthur Hinsvark,
Arun Rao, Aston Zhang, Aurélien Rodriguez, Austen Gregerson, Ava Spataru, Baptiste Roziere,
Bethany Biron, Binh Tang, Bobbie Chern, Charlotte Caucheteux, Chaya Nayak, Chloe Bi,
Chris Marra, Chris McConnell, Christian Keller, Christophe Touret, Chunyang Wu, Corinne
Wong, Cristian Canton Ferrer, Cyrus Nikolaidis, Damien Allonsius, Daniel Song, Danielle Pintz,

11


https://doi.org/10.48550/arXiv.2305.14857
https://doi.org/10.48550/arXiv.2305.14857
https://doi.org/10.48550/arXiv.2302.04023
https://doi.org/10.18653/v1/d15-1075
https://proceedings.neurips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://doi.org/10.48550/arXiv.2305.13627
https://doi.org/10.48550/arXiv.2403.16512
https://doi.org/10.48550/arXiv.2403.16512
https://aclanthology.org/2023.findings-emnlp.944
https://github.com/FreedomIntelligence/MultilingualSIFT.git
https://github.com/FreedomIntelligence/MultilingualSIFT.git
https://transacl.org/ojs/index.php/tacl/article/view/1929
https://doi.org/10.18653/v1/d18-1269

Under review as a conference paper at ICLR 2025

Danny Livshits, David Esiobu, Dhruv Choudhary, Dhruv Mahajan, Diego Garcia-Olano, Diego
Perino, Dieuwke Hupkes, Egor Lakomkin, Ehab AlBadawy, Elina Lobanova, Emily Dinan,
Eric Michael Smith, Filip Radenovic, Frank Zhang, Gabriel Synnaeve, Gabrielle Lee, Geor-
gia Lewis Anderson, Graeme Nail, Grégoire Mialon, Guan Pang, Guillem Cucurell, Hailey
Nguyen, Hannah Korevaar, Hu Xu, Hugo Touvron, Iliyan Zarov, Imanol Arrieta Ibarra, Is-
abel M. Kloumann, Ishan Misra, Ivan Evtimov, Jade Copet, Jaewon Lee, Jan Geffert, Jana
Vranes, Jason Park, Jay Mahadeokar, Jeet Shah, Jelmer van der Linde, Jennifer Billock, Jenny
Hong, Jenya Lee, Jeremy Fu, Jianfeng Chi, Jianyu Huang, Jiawen Liu, Jie Wang, Jiecao Yu,
Joanna Bitton, Joe Spisak, Jongsoo Park, Joseph Rocca, Joshua Johnstun, Joshua Saxe, Jun-
teng Jia, Kalyan Vasuden Alwala, Kartikeya Upasani, Kate Plawiak, Ke Li, Kenneth Heafield,
Kevin Stone, and et al. The llama 3 herd of models. CoRR, abs/2407.21783, 2024. URL
https://doi.org/10.48550/arXiv.2407.21783l

Andrew S. Gordon, Zornitsa Kozareva, and Melissa Roemmele. Semeval-2012 task 7: Choice of
plausible alternatives: An evaluation of commonsense causal reasoning. In Eneko Agirre, Johan
Bos, and Mona T. Diab (eds.), Proceedings of the 6th International Workshop on Semantic Eval-
uation, SemEval@ NAACL-HLT 2012, pp. 394-398. The Association for Computer Linguistics,
2012. URL https://aclanthology.org/S12-1052/.

Viet Dac Lai, Nghia Trung Ngo, Amir Pouran Ben Veyseh, Hieu Man, Franck Dernoncourt, Trung
Bui, and Thien Huu Nguyen. Chatgpt beyond english: Towards a comprehensive evaluation of
large language models in multilingual learning. CoRR, abs/2304.05613, 2023. URL https:
//doi.org/10.48550/arXiv.2304.05613.

Xiaoqian Li, Ercong Nie, and Sheng Liang. From classification to generation: Insights into crosslin-
gual retrieval augmented ICL. CoRR, abs/2311.06595, 2023. URL https://doi.org/10.
48550/arXiv.2311.06595.

Xi Victoria Lin, Todor Mihaylov, Mikel Artetxe, Tianlu Wang, Shuohui Chen, Daniel Simig, Myle
Ott, Naman Goyal, Shruti Bhosale, Jingfei Du, Ramakanth Pasunuru, Sam Shleifer, Punit Singh
Koura, Vishrav Chaudhary, Brian O’Horo, Jeff Wang, Luke Zettlemoyer, Zornitsa Kozareva,
Mona T. Diab, Veselin Stoyanov, and Xian Li. Few-shot learning with multilingual generative
language models. In Proceedings of the 2022 Conference on Empirical Methods in Natural
Language Processing, EMNLP2022, pp. 9019-9052, 2022. URL https://doi.org/10.
18653/v1/2022.emnlp-main.616.

Niklas Muennighoff, Thomas Wang, Lintang Sutawika, Adam Roberts, Stella Biderman, Teven Le
Scao, M. Saiful Bari, Sheng Shen, Zheng Xin Yong, Hailey Schoelkopf, Xiangru Tang, Dragomir
Radev, Alham Fikri Aji, Khalid Almubarak, Samuel Albanie, Zaid Alyafeai, Albert Webson,
Edward Raff, and Colin Raffel. Crosslingual generalization through multitask finetuning. In
Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume
1: Long Papers), ACL 2023, pp. 15991-16111. Association for Computational Linguistics, 2023.
URL https://doi.org/10.18653/v1/2023.acl-1long.891.

Ercong Nie, Sheng Liang, Helmut Schmid, and Hinrich Schiitze. Cross-lingual retrieval augmented
prompt for low-resource languages. In Findings of the Association for Computational Linguis-
tics: ACL 2023, pp. 8320-8340, 2023. URL https://doi.org/10.18653/v1/2023.
findings—-acl.528.

Ethan Perez, Douwe Kiela, and Kyunghyun Cho. True few-shot learning with lan-
guage models. In Advances in Neural Information Processing Systems 34: Annual
Conference on Neural Information Processing Systems 2021, NeurIPS 2021, pp. 11054—
11070, 2021. URL hhttps://proceedings.neurips.cc/paper/2021/hash/
5c04925674920eb58467fbb2cedef728-Abstract.html.

Chengwei Qin, Aston Zhang, Anirudh Dagar, and Wenming Ye. In-context learning with itera-
tive demonstration selection. CoRR, abs/2310.09881, 2023. URL https://doi.org/10.
48550/arXiv.2310.09881l

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, , and Ilya Sutskever.
Language models are unsupervised multitask learners. OpenAl blog, 1(8):9, 2019. URL

12


https://doi.org/10.48550/arXiv.2407.21783
https://aclanthology.org/S12-1052/
https://doi.org/10.48550/arXiv.2304.05613
https://doi.org/10.48550/arXiv.2304.05613
https://doi.org/10.48550/arXiv.2311.06595
https://doi.org/10.48550/arXiv.2311.06595
https://doi.org/10.18653/v1/2022.emnlp-main.616
https://doi.org/10.18653/v1/2022.emnlp-main.616
https://doi.org/10.18653/v1/2023.acl-long.891
https://doi.org/10.18653/v1/2023.findings-acl.528
https://doi.org/10.18653/v1/2023.findings-acl.528
https://proceedings.neurips.cc/paper/2021/hash/5c04925674920eb58467fb52ce4ef728-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/5c04925674920eb58467fb52ce4ef728-Abstract.html
https://doi.org/10.48550/arXiv.2310.09881
https://doi.org/10.48550/arXiv.2310.09881

Under review as a conference paper at ICLR 2025

https://ddmucfpksywv.cloudfront.net/better-language-models/
language-models.pdf.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-to-
text transformer. J. Mach. Learn. Res., 21:140:1-140:67, 2020. URL http://Jmlr.org/
papers/v21/20-074 .html.

Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-
networks. In Proceedings of the 2019 Conference on Empirical Methods in Natural Lan-
guage Processing and the 9th International Joint Conference on Natural Language Processing,
EMNLP-1JCNLP 2019, pp. 3980-3990, 2019. URL https://doi.org/10.18653/v1/
D19-1410.

Teven Le Scao, Angela Fan, Christopher Akiki, Ellie Pavlick, Suzana Ilic, Daniel Hesslow, Roman
Castagné, Alexandra Sasha Luccioni, Francois Yvon, Matthias Gallé, Jonathan Tow, Alexan-
der M. Rush, Stella Biderman, Albert Webson, Pawan Sasanka Ammanamanchi, Thomas Wang,
Benoit Sagot, Niklas Muennighoff, Albert Villanova del Moral, Olatunji Ruwase, Rachel Baw-
den, Stas Bekman, Angelina McMillan-Major, 1z Beltagy, Huu Nguyen, Lucile Saulnier, Samson
Tan, Pedro Ortiz Suarez, Victor Sanh, Hugo Laurengon, Yacine Jernite, Julien Launay, Margaret
Mitchell, Colin Raffel, Aaron Gokaslan, Adi Simhi, Aitor Soroa, Alham Fikri Aji, Amit Al-
fassy, Anna Rogers, Ariel Kreisberg Nitzav, Canwen Xu, Chenghao Mou, Chris Emezue, Christo-
pher Klamm, Colin Leong, Daniel van Strien, David Ifeoluwa Adelani, and et al. BLOOM: A
176b-parameter open-access multilingual language model. CoRR, abs/2211.05100, 2022. URL
https://doi.org/10.48550/arXiv.2211.05100.

Freda Shi, Mirac Suzgun, Markus Freitag, Xuezhi Wang, Suraj Srivats, Soroush Vosoughi,
Hyung Won Chung, Yi Tay, Sebastian Ruder, Denny Zhou, Dipanjan Das, and Jason Wei. Lan-
guage models are multilingual chain-of-thought reasoners. In The Eleventh International Confer-
ence on Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenReview.net,
2023. URL https://openreview.net/forum?id=fR3wGCk—-IXp.

Peng Shi, Rui Zhang, He Bai, and Jimmy Lin. XRICL: cross-lingual retrieval-augmented in-context
learning for cross-lingual text-to-sql semantic parsing. In Findings of the Association for Com-
putational Linguistics: EMNLP 2022, pp. 5248-5259, 2022. URL https://doi.org/10.
18653/v1/2022.findings—emnlp.384.

Tianxiang Sun, Yunfan Shao, Hong Qian, Xuanjing Huang, and Xipeng Qiu. Black-box tuning
for language-model-as-a-service. In International Conference on Machine Learning, ICML 2022,
volume 162 of Proceedings of Machine Learning Research, pp. 20841-20855. PMLR, 2022. URL
https://proceedings.mlr.press/v162/sun22e.html.

Eshaan Tanwar, Subhabrata Dutta, Manish Borthakur, and Tanmoy Chakraborty. Multilingual 1lms
are better cross-lingual in-context learners with alignment. In Proceedings of the 61st Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), ACL 2023,
pp- 6292-6307. Association for Computational Linguistics, 2023. URL https://doi.org/
10.18653/v1/2023.acl-1long.346!.

Qwen Team. Introducing qwenl.5, February 2024. URL https://gwenlm.github.i0o/
blog/gwenl.5/.

Xinyi Wang, Wanrong Zhu, and William Yang Wang. Large language models are implicitly
topic models: Explaining and finding good demonstrations for in-context learning. CoRR,
abs/2301.11916, 2023. URL https://doi.org/10.48550/arXiv.2301.11916.

Genta Indra Winata, Andrea Madotto, Zhaojiang Lin, Rosanne Liu, Jason Yosinski, and Pascale
Fung. Language models are few-shot multilingual learners. CoRR, abs/2109.07684, 2021. URL
https://arxiv.org/abs/2109.07684.

Genta Indra Winata, Liang-Kang Huang, Soumya Vadlamannati, and Yash Chandarana. Multi-
lingual few-shot learning via language model retrieval. CoRR, abs/2306.10964, 2023. URL
https://doi.org/10.48550/arXiv.2306.10964.

13


https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf
https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf
http://jmlr.org/papers/v21/20-074.html
http://jmlr.org/papers/v21/20-074.html
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.48550/arXiv.2211.05100
https://openreview.net/forum?id=fR3wGCk-IXp
https://doi.org/10.18653/v1/2022.findings-emnlp.384
https://doi.org/10.18653/v1/2022.findings-emnlp.384
https://proceedings.mlr.press/v162/sun22e.html
https://doi.org/10.18653/v1/2023.acl-long.346
https://doi.org/10.18653/v1/2023.acl-long.346
https://qwenlm.github.io/blog/qwen1.5/
https://qwenlm.github.io/blog/qwen1.5/
https://doi.org/10.48550/arXiv.2301.11916
https://arxiv.org/abs/2109.07684
https://doi.org/10.48550/arXiv.2306.10964

Under review as a conference paper at ICLR 2025

Sang Michael Xie, Aditi Raghunathan, Percy Liang, and Tengyu Ma. An explanation of in-context
learning as implicit bayesian inference. In The Tenth International Conference on Learning Repre-
sentations, ICLR 2022. OpenReview.net, 2022. URL https://openreview.net/forum?
1d=RdAJVFCHjUMI.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li,
Chengyuan Li, Dayiheng Liu, Fei Huang, Guanting Dong, Haoran Wei, Huan Lin, Jialong Tang,
Jialin Wang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin Ma, Jianxin Yang, Jin Xu, Jingren
Zhou, Jinze Bai, Jinzheng He, Junyang Lin, Kai Dang, Keming Lu, Keqin Chen, Kexin Yang,
Mei Li, Mingfeng Xue, Na Ni, Pei Zhang, Peng Wang, Ru Peng, Rui Men, Ruize Gao, Runji Lin,
Shijie Wang, Shuai Bai, Sinan Tan, Tianhang Zhu, Tianhao Li, Tianyu Liu, Wenbin Ge, Xiaodong
Deng, Xiaohuan Zhou, Xingzhang Ren, Xinyu Zhang, Xipin Wei, Xuancheng Ren, Xuejing Liu,
Yang Fan, Yang Yao, Yichang Zhang, Yu Wan, Yunfei Chu, Yuqiong Liu, Zeyu Cui, Zhenru
Zhang, Zhifang Guo, and Zhihao Fan. Qwen?2 technical report. CoRR, abs/2407.10671, 2024.
URLhttps://doi.org/10.48550/arXiv.2407.10671.

Miaoran Zhang, Vagrant Gautam, Mingyang Wang, Jesujoba O. Alabi, Xiaoyu Shen, Dietrich
Klakow, and Marius Mosbach. The impact of demonstrations on multilingual in-context learning:
A multidimensional analysis. CoRR, abs/2402.12976, 2024. URL https://doi.org/10.
48550/arXiv.2402.12976.

Xiang Zhang, Senyu Li, Bradley Hauer, Ning Shi, and Grzegorz Kondrak. Don’t trust GPT when
your question is not in english. CoRR, abs/2305.16339, 2023. URL https://doi.org/10.
48550/arXiv.2305.16339.

Zihao Zhao, Eric Wallace, Shi Feng, Dan Klein, and Sameer Singh. Calibrate before use: Im-
proving few-shot performance of language models. In Proceedings of the 38th International
Conference on Machine Learning, ICML 2021, volume 139 of Proceedings of Machine Learn-
ing Research, pp. 12697-12706. PMLR, 2021. URL http://proceedings.mlr.press/
v139/zhao2lc.htmll

A EMPIRICAL GUIDELINES FOR HYPER-PARAMETER SELECTION

Regarding the choice of the number of topics (n) and tokens (c), there are empirical guidelines. For
tasks with a large amount of English candidate data (greater than or equal to 2000), the number of
clustering categories is set to n = 20, and for tasks with other data sizes, it is selected from (5,
10, 15), such as XCOPA with only 500 training data, which chooses n = 5. As for the topic tag
sequence length, it is set to ¢ = 10 for general classification tasks, and ¢ = 15 for tasks that require
reasoning or understanding of longer texts.

B PROMPT TEMPLATE

Table [2] shows the prompt template we used for three tasks. For the TyDiQA-GoldP task with
Qwenl.5, we translated the task description and the prompt *Based on the passage, the answer to
the question is’ into the corresponding target language.

C LOW-RESOURCE LANGUAGES

All 24 languages in the three datasets are not always pre-trained on the three baseline LLMs. Based
on the language distribution in the pre-training data for each model, we selected some languages as
low-resource or unseen languages, as shown in Table 4, For BLOOM (Scao et al.| [2022)), English
training data accounts for 30.4% of the total, with pre-training data covering 46 natural languages.
We define languages accounting for less than 0.1% as low-resource languages, and languages with-
out training data are unseen languages. In Qwen 1.5 (Team, 2024), which boasts 7 billion parame-
ters, the model supports a diverse set of 12 languages from Europe, East Asia, and Southeast Asia.
We classify languages not included in their support as low-resource languages, as there is no clear
distribution across all languages, making it difficult to define extremely low-resource languages.
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Llama 3.1 (Dubey et al., 2024)) supports English, German, French, Italian, Portuguese, Hindi, Span-
ish, and Thai. Other languages outside this list are considered low-resource languages, as Llama 3.1
uses about 8% multilingual tokens in their pre-train data (across 176 languages).

Dataset | Prompt
<premise>
XNLI Question: <hypothesis> True, False, or Inconclusive?
Answer: [True/False/Inconclusive]
Question: What might be the cause of / What might have happened as a result
of ”<premise>"?7
Options:
XCOPA .
1-<Choicel >
2-<Choice2>
You should tell me the choice number 1 or 2.
Answer: [1/2]
Answer the question from the given passage. Your answer should be directly
. extracted from the passage, and it should be a single entity, name, or number,
TyDiQA-GoldP
not a sentence.
Passage: <passage>
question: <question>
Answer: Based on the passage, the answer to the question is ’[a span in pas-
sage]”
Table 2: Prompt template for three tasks.
Dataset Task Languages Train num. Dev num.
XNLI natural language inference  English(en), German(de), Russian(ru), French(fr), Spanish(es), Chinese(zh), 10,000 5010
Vietnamese(vi), Turkish(tr), Arabic(ar), Greek(el), Thai(th), Bulgarian(bg),
Hindi(hi), Urdu(ur), Swahili(sw)
XCOPA commonsense reasoning Chinese(zh), Italian(it), Vietnamese(vi), Indonesian(id), Turkish(tr), Thai(th), 500 500
Estonian(es), Tamil(ta), Swahili(sw), Haitian(ht), Quechua(qu)
TyDiQA-GoldP  TyDiQA-GoldP English(en), Russian(ru), Indonesian(id), Korean(ko), Arabic(ar), Finnish(fi), 3,695 113-921
Bengali(bn), Telugu(te), Swahili(sw)
Table 3: The detailed information of datasets.
Model  Dataset low-resource languages extremly low-resource languages
XNLI Swahili(sw) German(de), Russian(ru), Turkish(tr), Greek(el), Thai(th), Bulgarian(bg)
BLOOM XCOPA Swahili(sw) Ttalian(it), Turkish(tr), Thai(th), Estonian(et), Haitian(ht), Quechua(qu)
TyDiQA-GoldP  Telugu(te), Swahili(sw) Russian(ru), Korean(ko), Finnish(fi), Bengali(bn)
XNLI Turkish(tr), Greek(el), Bulgarian(bg), Hindi(hi), Urdu(ur), Swahili(sw) —
Qwenl.s  XCOPA Turkish(tr), Estonian(et), Tamil(ta), Swahili(sw). Haitian(ht), Quechua(qu) —
TyDiQA-GoldP  Finnish(fi), Bengali(bn), Telugu(te), Swahili(sw) —
XNLI Russian(ru), Chinese(; etnamese(vi), Turkish(tr), Arabic(ar), Greek(el), Bulgarian(bg), Hindi(hi), Urdu(ur), Swahili(sw) —
Llama3.1 XCOPA Chinese(zh), Vietnamese(vi), Indonesian(id), Turkish(tr), Estonian(et), Tamil(ta), Swahi Haitian(ht), Quechua(qu) —

TyDiQA-GoldP  Russian(ru), Indonesia

id), Korean(ko), Arabic(ar), Finnish(fi).Bengali(bn), Telugu(te), Swahili(sw) —

Table 4: Classification of languages for three datasets (XNLI, XCOPA, TyDiQA-GoldP) across three
LLMs (BLOOM, Qwenl.5, Llama3.1).

D CASE STUDY

Table [3]shows the representative examples selected from some topics in TyDiQA-GoldP.

E DETAILED RESULTS

All results in individual languages of three tasks are reported in Tables [f] [7 and[§] For XCOPA, we
report the results with large & value settings in Figure
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Top-4 Examples

Topic | Passage Question Answer

Brontosaurus was a large, long-necked quadrupedal animal with a long, whip-like tail, | How tall were brontosaurs? 22m (72ft)
and forelimbs that were slightly shorter than its hindlimbs. ... The largest species, B.

0 excelsus, weighed up to 15 tonnes (15 long tons; 17 short tons) and measured up to 22m
(72ft) long from head to tail..
Pteranodon was the first pterosaur found outside of Europe. Its fossils first were found | Where was the first Pteranodon fossil | Othniel Charles Marsh
by Othniel Charles Marsh in 1870.... found?
Sawfishes, also known as carpenter sharks, are a family of rays characterized by a long, | How long do sawfishes get?? 7-7.6m (23-25ft)
... They are among the largest fish with some species reaching lengths of about 7-7.6m
(23-2511)...
The name ”Haflinger”” comes from the village of Hafling, which today is in northern | How tall does Haflingers get? (54 and 60 inches)
Italy. ..The desired height today is between 13.2 and 15 hands (54 and 60 inches, 137
and 152 cm). ...
HGTV (an initialism for Home & Garden Television) is an American basic cable and | Who owns HGTV? Discovery, Inc
satellite television channel that is owned by Discovery, Inc.

“ The pope is the bishop of Rome. He is also, by virtue of that office: Vicar of Jesus Christ, | Who runs the Catholic Church? The pope
Successor of the Prince of the Apostles, Supreme Pontiff of the Universal Church, Patri-
arch of the Latin Church, Primate of Italy, Archbishop and Metropolitan of the Roman
Province, Sovereign of the Vatican City State, Servant of the servants of God.
The National Insurance number is a number used in the United Kingdom in the admin- | What is the average age that people | 27 to 29 years old
istration of the National Insurance or social security system. It is also used for some | have their first child in the UK?
purposes in the UK tax system. The number is described by the United Kingdom gov-
ernment as a “personal account number.
The National Insurance number is a number used in the United Kingdom in the admin- | What is the British equivalent of So- | The National Insurance number
istration of the National Insurance or social security system. It is also used for some | cial Security?
purposes in the UK tax system. The number is described by the United Kingdom gov-
ernment as a “’personal account number.”
The 2009 Stanley Cup Finals was the championship series of the National Hockey | Who won the 2009 Stanley Cup Pittsburgh
League’s (NHL) 2008-09 season, and the culmination of the 2009 Stanley Cup play-

tI8 | offs. It was contested between the Eastern Conference champion Pittsburgh Penguins
and the Western Conference champion Detroit Red Wings. ...
The history of the Philadelphia Eagles begins in 1933. In their history, the Eagles | How many times have the Philadel- | three times

have appeared in the Super Bowl three times, losing in their first two appearances but
winning the third, in 2018. They won three NFL Championships, the precursor to the
Super Bowl, in four appearances...

The Pittsburgh Steelers (6-2) have won the most Super Bowls with six championships,
while the New England Patriots (5-5), the Dallas Cowboys (5-3), and the San Francisco
49ers (5-1) have five wins. New England has the most Super Bowl appearances with
eleven, while the Buffalo Bills (0-4) ...

Adam Matthew Vinatieri (born December 28, 1972) is an American football place-
Kicker for the Indianapolis Colts of the National Football League (NFL). He has
played in five Super Bowls: four with the New England Patriots and one with the Colts,
winning with the Patriots in 2001, 2003, and 2004 ...

phia Eagles played in the Super
Bowl?

‘Who won the last Super Bowl?

Who is the oldest player in the NFL?

New England Patriots

Vinatieri

Table 5: The top-4 representative samples of some topics in TyDiQA-GoldP selected by our Topic-
XICL model.
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Figure 10: The performance of BLOOM-7b1, Qwenl.5-7B and Llama-3.1-8B models in XCOPA
with k = [2,3,4,6,8,12].
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TyDiQA-GoldP | ar bg en fi id ko ru sW te | avg
Qwenl.5-7B ‘ 44.3 46.9 62.3 532 63.0 525 432 37.3 9.1 ‘ 45.8

ICL_random 42.1£0.41 37.5£1.10 63.9+0.74 56.8+0.80 64.5+0.87 62.1+0.95 46.4+0.46 59.7+2.30 33.9+2.26 | 51.9+0.49
ICL_sem 454 42.5 63.6 60.9 65.8 62.3 48.9 62.3 404 54.7

k=2 ICL _cluster 45.11.07 40.7£1.45 65.2+0.74 56.1+0.97 65.5+0.66 62.7+0.30 48.1x0.41 59.9+0.34 33.3+2.40 | 53.0+0.55

Topic-XICL(ours) | 53.4+%4.70 40.7+1.10 68.2+1.06 63.2+2.31 72.2+3.07 71.4+3.02 49.0+0.86 62.7+0.33 34.7+0.55 | 57.3+0.55

ICL_random 40.6+£3.49 39.2+1.10 63.5+1.72 549+4.13 64.4+1.01 62.9+1.97 457+1.37 53.845.15 27.1+4.50 | 50.2+2.29
ICL_sem 44.8 40.7 63.6 61.3 65.8 64.1 474 61.9 404 54.5

k=3 ICL_cluster 45.0£0.58 40.1£0.42 65.6+0.54 56.9+2.27 64.6x1.15 62.8+2.10 48.1+0.61 59.3+2.69 35.2+1.31 | 53.1+0.49

Topic-XICL(ours) | 54.0+£5.12 43.4+1.50 69.8+1.93 63.842.29 73.3+3.52 74.6+3.97 49.4+1.01 62.7+1.18 36.6+2.65 | 58.6+2.65

ICL_random 42.6+1.38 37.8£1.10 65.2+1.03 58.9+1.39 65.5+1.28 62.4+1.52 473+1.16 58.4+2.20 36.0+0.97 | 52.7+0.82
ICL_sem 42.8 41.6 64.5 60.5 65.8 64.5 48.0 58.7 39.8 54.0

k=4 ICL _cluster 43.840.71 40.1£0.42 65.7+0.81 56.9+0.70 65.9+0.73 62.6£1.20 47.5+0.79 60.4+0.50 35.6+2.61 | 53.2+0.45

Topic-XICL(ours) | 55.745.76 39.8+1.25 70.9+2.15 64.7+2.52 73.3+3.28 73.2+3.70 49.3+0.79 62.3+0.62 36.9+1.73 | 58.5+1.73
BLOOM-7b1 ‘ 27.1 39.8 545 29.2 59.5 29.7 31.8 69.1 19.7 ‘ 40.1

ICL_random 50.845.23 64.6x1.45 53.8+1.87 11.8+2.00 57.9+2.49 33.2+0.62 36.7+1.48 63.1£1.56 33.0+2.06 | 45.0+1.39
ICL_sem 52.8 575 55.5 18.8 56.1 28.6 36.0 61.3 35.0 44.6

k=2 ICL_cluster 56.5£3.20 60.8+2.21 54.7+0.84 15.5+2.22 59.4+0.80 31.6+0.34 37.7+0.86 62.6+2.62 31.1+2.21 | 45.6+0.97

Topic-XICL(ours) | 56.0+1.08 69.9£1.45 56.1+0.57 18.7+0.88 64.1+x1.89 32.6+0.17 39.0+0.95 69.3+2.78 34.8+1.11 | 49.0+1.11

ICL_random 48.246.54 61.9+4.74 53.9+4.84 14.0£2.77 55.6%4.59 31.2+2.63 353+3.23 61.3+3.03 32.9+3.03 | 43.8+3.03
ICL_sem 52.0 59.3 58.6 16.8 57.2 30.1 38.5 61.7 36.5 45.6

k=3 ICL_cluster 5544241 62.8+2.50 55.4+0.75 14.7+1.25 57.241.95 293+2.13 38.1%1.67 61.3+£2.16 31.2+3.88 | 45.1+1.26

Topic-XICL(ours) | 55.5£1.90 69.0£0.72 58.2+1.13 17.5+0.34 61.8+0.80 33.0+0.34 37.8+0.31 67.5+1.80 34.4+0.93 | 48.3+0.93

ICL_random 47.4£6.72 6142417 54.9+4.70 16.7£3.52 55.845.06 32.2+2.35 36.2+#4.12 62.7£2.05 35.5+2.97 | 44.7£3.32
ICL_sem 489 575 58.2 16.2 57.5 333 379 60.7 36.0 45.1

k=4 ICL _cluster 52.4£1.93 584+1.91 57.241.09 159+2.08 56.7+1.03 30.8+1.57 37.2+1.92 62.5+0.75 33.6+3.81 | 45.0+0.88

Topic-XICL(ours) | 56.4+1.30 71.7#2.32 60.0£0.70 17.4+0.89 63.2+0.60 34.1+0.17 39.2+0.27 67.5+1.58 35.4+1.32 | 49.4+1.32
Llama-3.1-8B ‘ 61.0 575 70.7 65.5 70.1 71.5 512 78.4 79.4 ‘ 67.9

ICL_random 60.0£2.31 64.9+1.10 71.1+1.42 65.0+1.74 70.3£1.53 81.0+1.52 53.4+2.44 79.1£0.50 77.6+0.85 | 69.2+1.30
ICL_sem 59.7 61.1 714 66.4 69.4 81.5 52.6 80.4 80.0 69.1

k=2 ICL _cluster 61.2£1.22 66.7+1.82 71.3+0.28 65.9+091 68.8+0.38 80.2+0.62 54.2+1.31 79.9+0.57 77.9+0.92 | 69.6+0.34

Topic-XICL(ours) | 65.4+2.69 67.3+2.50 74.3+1.61 68.3+1.05 72.9+0.83 82.6+0.00 59.0+2.63 82.0+0.66 78.9+0.69 | 72.3+0.69

ICL_random 5744390 62.8+43.15 68.6£2.19 6244290 67.9+1.31 81.3+x1.40 52.1+2.85 76.6+£0.66 76.4+2.24 | 67.3+2.22
ICL_sem 57.4 63.7 71.1 64.5 70.3 80.1 52.0 80.2 80.1 68.8

k=3 ICL _cluster 60.6£0.40 67.8+x1.50 70.1£0.39 64.7+0.36  69.6+0.17 80.1+0.30 53.7+0.50 78.4+0.96 77.4+1.06 | 69.2+0.23

Topic-XICL(ours) | 66.1+3.16 68.1+3.15 75.0+2.04 70.1+1.88 72.4+1.18 83.3+0.59 59.4+3.31 82.2+1.25 77.7+0.28 | 72.7+0.28

ICL_random 58.844.84 64.9+3.34 69.744.29 63.9+3.76 69.3+2.30 81.8+1.81 53.6+3.27 77.7£2.65 74.3+3.76 | 68.2+3.08
ICL_sem 57.7 66.4 71.6 66.4 70.3 82.2 53.8 80.2 78.3 69.6

k=4 ICL _cluster 60.3£0.85 69.0+1.91 70.5£0.57 66.5+0.49 69.6£0.60 80.1+x0.78 53.8%1.16 79.2+0.81 77.4+1.29 | 69.6+0.54

Topic-XICL(ours) | 64.6£2.45 68.1+1.45 73.6x1.24 68.3+0.85 71.7+0.66 81.9+0.34 59.1+3.14 81.4+1.23 77.0+0.32 | 71.7+0.32

Table 6: F1 score of TyDiQA-GoldP in 9 languages based on BLOOM-7b1, Qwenl.5-7B and
Llama-3.1-8B models.

XCOPA en ar bg de el es tr hi ru sw th tr ur vi h AVG
Qwenl.5-7B 58.5 49.1 411 534 46.0 522 545 423 1 36.6 378 4.7 397 504 494 46.6
ICL random 6312519 456322 4858316 500£333 492:358 5232390 4962369 4504137 4864283 3544099 4664348 430151 408181 5162428 5372244 | 4824293
ICL sem 58.1 6.0 498 516 485 512 50.8 46.9 48.1 385 468 452 24 527 526 486
k=2 ICL cluster 588026 4558074 493118 509£058 4742075 527+107 5032039 47.6:051 49.04043 380+0.88 48.143.95 447:099 411233 528188 5332075 | 4861031
Topic-XICL(ours) | 59.6£022 4738091 5062079 5182034 499:0.11 5202020 512+0.12 48.240.05 49.5:0.49 40.3+0.33 50.9:1.50 46.10.95 44.3:0.55 55.0+181 5462025 | 50.120.25
ICL random 5904193 4424276 4768207 498£296 476x133 5082255 4942277 47.6+189 478246 35.1%0.77 4464375 4256161 407202 4994270 533195 | 4732222
ICL sem 56.7 463 495 510 495 50.8 50.7 48.0 487 374 476 45.0 432 525 520 486
k=3 ICL cluster 5824075 4512049 4842092 5042042 4832201 5142091 499:027 4804000 47.6:0.73 386+1.95 4814271 447:099 4142238 5242239 5162066 | 4832022
Topic-XICL(ours) | 59.92045 467:081 4982074 5242045 4995049 5302045 51950.56 48.7+0.18 49.420.20 40.8+1.60 50.1+118 45.9:0.77 45.00.82 54.6£1.07 540026 | 50.1:0.26
ICL random 60.0£0.75 4412069 4738054 5002075 475:060 509:031 498:092 480+1.04 4794040 344+030 43.1%1.99 418+0.18 402168 49.62035 53.420.69 | 4722044
ICL sem 56.1 454 486 50.9 492 50.5 502 48.1 487 36.7 472 447 29 522 517 432
k=4 ICL cluster 584:044 4482082 4702064 5062044 4762218 5062093 497:0.14 4813044 4745085 3694245 4644231 4358091 416315 S08+3.16 5062054 | 4762036
Topic-XICL(ours) | 59.1£0.52 47.3+1.14  50.0£135 5142048 507:133 528:0.84 51.5:0.81 483+0.05 49.2+0.87 40.7+2.05 50.1+115 464130 45.3:0.84 551144 53.0:022 | 50.120.22
BLOOM-7b1 341 336 337 3.1 334 358 365 31 334 329 212 333 331 327 328
ICL random 3782503 3502247 3476149 3458004 345:027 383514 3795562 3382065 3404042 3624265 3494234 3442151 346152 342:133 | 3532215
_, ICLsem 379 359 36.3 358 36.1 38 376 362 362 388 353 347 386 35.1 36.6
k=2 ICL cluster 357163 338£133 349402 343411 350413 353:149 3555158 3254100 3554035 3614047 33914 3324093 3352083 33.7:141 | 3442092
Topic-XICL(ours) | 38.760.11 3812008 37.8:041 37.0:0.07 37.1:+143 3732068 383+0.75 42.1+4.05 39.0:0.44 39.2+0.38 36.7:1.84 3 3742072 3982294 38.5:088 | 38.1+0.54
ICL random 3594329 3488324 343503 349:154 3632256 3512323 3508247 3424231 3504228 3434206 33.9+0.83 3454218 3542401 35.0:3.18 | 348+156
ICL sem 383 6 36.7 357 36.6 376 377 364 373 377 341 36.6 36.2 38.1 36.2 36.9
k=3 ICL cluster 3644138 3564253 3574154 352:153 342154 362159 363116 3498277 359:18  380:146 3342094 3451081 3414257 338+4.16 3384219 | 3524167
Topic-XICL(ours) | 4112069 3528082 37.2:0.09 368:042 387:188 39.8:0.61 39.9+0.41 415230 37.7:0.38 411155 378157 351034 37.8:0.91 39.8+185 3872024 | 385:0.65
ICL random 3368217 349234 3342064 35.0:082 3342053 3312072 335:091 3514263 3584095 3464076 33.1%038 332+0.61 341119 359+353 353239 | 343113
ICL sem 389 378 358 36.3 36.5 39 393 363 373 38.1 34.1 361 36.6 38.1 374 372
k=4 ICL cluster 36.6£1.61 363:1.79 351183 360£163 3392033 367+148 367:083 377+151 3644184 3624268 3384171 340051 3668261 3924322 369207 | 36.1+1.59
Topic-XICL(ours) | 410£101 4062051 3812134 3652045 40.7:3.00 3832065 389:0.61 4195346 37.6:0.25 3884223 38.1+188 3542038 38.5:0.94 40.7:3.14  39.6x117 | 39.02091
Llama-3.1-88 | 523 368 455 457 414 514 50.9 44.0 46.2 38.6 46.6 445 313 413 94 | us
ICL random 475935 43.682.86 4268765 4782293 452+787 4142516 434:462 4062603 4224682 38.1£1.95 3704317 41045890 374298 398346 409741 | 4192516
ICL sem 60.5 516 523 540 522 548 488 53.0 46.5 479 SL1 46.0 518
k=2 ICL_cluster S8.9+1.86 5178095 5248252 5412082 447743 532322 514263 5158203 4432083 4708346 5162210 4454476 5112108
Topic-XICL(ours) | 6132020 5322077 54.6:0.18 55.8:0.83 56.1+0.30 564111 5262011 5428027 4833093 527:195 526:0.64 51.1:248 54.420.80
ICL_random 6404249 5354211 5634178 5204280 5745431 SLI262 5314256 4626290 4824376 5344238 4634155 S544+452 525306 | 5344212
ICLsem 624 526 55.1 2 E 56.0 510 545 463 494 524 465 519 53.0
k=3 ICLcluster 6134150  52.4+0.60 5464102 5504154 5614049 S48:0.67 5212206 5068206 443+148 4814339 5304074 4544425 516112 5258210 | 5234061
Topic-XICL(ours) | 6362024 53.64053 56.740.61 56.3£0.38 5620.40 5 5744054 54.6+0.68 55.2:0.43 49.1:0.31 5242008 5384041 50.640.28 56.6+0.84 55.120.17 | 55.340.17
ICL-random 5944406 5284022 5084348 S63:131 487:174 5532327 5704292 4844298 498:496 4533058 4638239 5094201 4534202 5174218 5122160
ICL_sem 629 526 540 548 533 564 56.0 512 553 459 509 526 46.7 518 532
k=4 ICL_cluster 62.9+0.92  52.1£0.51 54.0£1.23 54.8+0.76 55.6x1.71 56.4£0.73 54.5x0.56 52.6£1.26 52.0+1.82 45.0£1.64 50.0£2.39 527045 46.2+3.63 54.7x0.44 53.1£0.66

52.3£2.26
Topic-XICL(ours) | 63.8£0.42 53.4+0.26 55.7+0.04 555+0.22 56.2+0.22 56.3:0.44 56.2+0.50 544043 56.0£0.30 48.1x0.44 52.3+0.31 53.3x0.20 50.4x0.46 56.0+0.47 54.6x0.13 | 54.8+0.13

Table 7: Accuracy of XCOPA in 12 languages based on BLOOM-7b1, Qwen1.5-7B and Llama-3.1-
8B models.
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xcopa | en et ht id it qu SW ta th tr vi zh | AVG
Qwenl.5-7B ‘ 86.8 54.8 47.6 70.4 71.0 51.2 53.8 2.0 59.2 61.4 68.2 62.8 ‘ 57.9
ICL random 89.2+0.59 55.0£1.61 49.9+0.25 69.24£0.59 70.842.63 51.6+0.57 51.5£1.32 27.747.74 59.2#229 58.0+0.59 66.7+£3.58 69.1£5.75 | 59.8+0.58
ICL_sem 914 52. 64.4 70.8 532 52.6 484 62.4 542 63.0 71.6 61.5

k=2 ICL cluster 88.6+2.04 48.6£1.42  66.1£2.53  71.3%x1.39  51.3£0.68 5244099 42.1+1.89 61.243.77 57.3x1.75 70.742.23 68.6+3.68 | 61.1+0.64
Topic-XICL(ours) | 91.4£0.16 53.4£0.47  70.0£0.09 73.8+0.28 54.4£0.50 53.6£0.50 47.6+0.90 64.8+0.47 58.4+0.57 72.0+0.81 77.6+2.36 | 64.6+2.36
ICL_random 91.3£0.50 56.3x1.82 48.7x1.11 71.3£1.33 754+3.69 54.0£1.56 52.1£1.82 47.0£540 63.9+0.50 59.9£0.66 70.5+3.17 77.1%2.65 | 63.9+1.01
ICL _sem 90.6 54.0 52.6 70.4 71.6 524 51.0 46.2 64.2 57.8 70.8 752 63.1
k=3 ICL_cluster 89.9+1.09 54.4+2.72 49.7+1.09 69.7£1.72 75.8+1.02 51.5+1.33 51.5£2.61 50.0+0.75 64.5£0.62 57.1x0.94 72.4%1.13 7424254 | 63.4+0.70
Topic-XICL(ours) | 91.6+0.09 57.8+0.33 52.6+0.71 71.4+0.25 76.4%0.41 56.2+1.09 57.2+1.70 51.240.34 67.6£0.98 62.8+0.82 76.2+0.66 82.0£0.96 | 66.9+0.96
ICL _random 91.1£1.05 554%1.14 49.5+1.06 69.840.59 76.5+4.30 52.1x1.23 51.7#1.27 50.7¢1.52 64.8+3.02 59.9+1.05 70.7¢3.62 80.1£0.82 | 64.3+0.68
ICL sem 92.0 51.8 452 71.4 73.6 538 50.6 50.4 65.2 56.6 72.4 752 63.2
k=4 ICL_cluster 90.9£1.59 53.8+1.77 50.0£1.23 69.6£0.59 77.7+¢1.75 50.1x1.31 51.9£237 50.9+0.52 65.241.66 58.4+229 71.7+1.48 78.9+2.07 | 64.1+0.81
Topic-XICL(ours) | 92.2¢£0.09 59.2+1.06 51.6£0.33 70.6+0.25 77.8+0.38 55.4£1.55 54.8+0.75 52.2+0.74 69.4£1.09 62.6+0.59 75.6x0.50 83.2+0.09 | 67.1£0.09
BLOOM-7b1 | 458 49.8 49.6 49.8 494 502 49.6 49.4 50.4 50 51 504 | 496
ICL _random 56.4£0.93  49.5+0.34 49.6x1.31 51.6£0.9 50.1x0.33 50.9+1.33 49.6£1.75 51.620.75  52.8#0  53.2#0.68 50.9+0.82 49.6+0.43 | 51.3x0.4
ICL sem 552 49 44.8 524 47 52.6 50.2 54.2 53 524 49.2 49 50.8
k=2 ICL_cluster 57.4£0.65 49.5+0.82 50.5+0.9 52.3+0.57 49.8+0.29 49.9+0.84 50.5£0.29 53.1+0.82 52.6£1.02 53.0£1.72 51.0%1.72 50.5£0.62 | 51.7+0.09
Topic-XICL(ours) | 58.0+0  53.8+0.82 50.4£0.66 53.6+1.36 50.8+0.9 52.4+0.19 55.0+1.32 53.6x1.43 53.8£0.93 54.0+1.71 56.84#1  54.8+0.62 | 53.9+0.13
ICL random 56.6£0.34  51.120.49  49.4+0.93 51.9+0.81 50.3+0.47 51.9+1.52 50.4+0.52 50.5+0.78 52.4+0.98 53.3+0.34 49.5+0.19 49.9+0.62 | 51.4+0.21
ICL_sem 56 50 51 52.2 46.8 482 478 514 53.6 53.8 46.6 47.6 504
k=3 ICL cluster 5824029 48.6x0.43 49.7+0.52 52.640.16 4824047 49.4+1.16 50.3+0.68 48.9+0.84 52.9+0.96 53.5+0.75 50.7x0.57 48.5+£0.38 | 51.0+0.26
Topic-XICL(ours) | 58.6+0.66  50.2+0.9 53.2£0.34 53.2+0.9 51.4%0.56 52.0£0.84 52.0+0.66 54.2+1.73 56.4£1.57 54.2+1  61.6x1.14 57.0£0.57 | 54.5+0.09
ICL_random 57.3£0.34  49.6+0.68 49.1+0.85 51.7£0.9 49.9+041 50.1£0.57 50.0£0.65 52.1+0.73 523£1.18 53.7#0.1 49.8+0.66 49.9+£0.65 | 51.3+0.29
ICL_sem 49 514 516 51 488 492 532 54.8 54.6 474 515

50
49.7+0.33  50.3£0.47 52.1x0.78 49.9+1.23 49.9+1.14 50.3x0.19  52.9+0.9  53.1£0.1 54.4%0.71 49.9+0.16 50.6+0.66 | 51.9+0.17
54.0+0.87  50.4%1 53.0£0.34 50.8+1.39 51.0+1.14 55.6+0.49 53.2+0.34 53.6+1.96 55.2+0.85 58.6+1.7 58.0+0.41 | 54.4+0.16

k=4 ICL _cluster
Topic-XICL(ours)

Llama-3.1-8B | 868 60.2 522 784 71.6 50.2 538 64.2 65.0 68.0 75.0 792 | 676
ICL_random 94.8£0.28 64.2+2.01 54.9+0.90 83.5£1.54 86.9+0.41 50.9+0.84 59.7£2.90 66.6+2.44 74.2+4.55 71.3x2.00 81.1x1.32 86.7£1.00 | 72.9£1.50
ICL_sem 95.0 62 542 80.4 854 498 61.0 67.0 70.2 69.8 79.8 83.4 71.5
k=2 ICL _cluster 94.840.59  63.3x1.52 55.9+0.41 82.4+1.66 86.3x0.41 50.5+0.57 61.6£0.59 67.3£0.50 71.5£0.90 73.5£0.52 81.1x0.38 85.9+0.74 | 72.9+0.25
Topic-XICL(ours) | 95.6+0.19  66.0£0.77 57.0£0.25 84.6+0.68 88.4+0.25 52.6+0.57 62.2+0.25 69.6+0.81 76.0+0.85 74.0+0.16 82.4+0.25 88.0+0.52 | 74.7+0.52
ICL _random 95.4+0.28 63.7¢2.32 54.9+1.48 82.6£1.31 87.8+1.34 50.9+1.05 60.1£3.13 66.51.52 74.9+420 70.9+2.71 82.4x1.70 87.3£0.90 | 73.1£1.46
ICL _sem 94.8 2.8 54.0 81.8 86.6 50.2 58.8 66.2 74.6 71.2 81.6 83.4 722
k=3 ICL_cluster 95.4+0.43  63.3x1.80 56.3+0.34 83.1+1.39 86.9+0.68 51.5+0.50 60.0+0.16 68.2+0.82 74.5+0.74 72.7+1.15 81.9+0.81 86.9+1.16 | 73.4+0.25
Topic-XICL(ours) | 96.0£0.09 65.8+0.41 56.8+0.16 84.8+0.43 88.6+0.25 52.2+0.34 62.4+0.50 70.00.43 77.6£0.71 74.2+0.81 83.4+0.38 88.8+0.41 | 75.0+0.41
ICL random 95.3+0.68 63.6+1.23 54.7+0.98 83.7£0.98 88.1+1.36 50.4+1.02 60.4%1.88 66.50.98 75.1£2.16 72.1x1.68 83.0+1.30 87.2+0.98 | 73.3£1.00
ICL_sem 95.4 62.2 53.4 82.8 86.0 512 61.0 66.8 73.6 69.6 82.4 82.8 723
k=4 ICL_cluster 95.7#0.41 63.7+1.86 55.8+0.28 83.5£1.20 87.24¢0.98 51.5£1.60 60.7£0.38 66.9+0.09 73.9£0.57 72.8+1.45 81.0x1.18 87.9£1.09 | 73.4+0.48

Topic-XICL(ours) | 96.2+0.19  66.2+0.28 56.2+0.09 85.4+0.62 89.4+0.09 53.8+0.75 62.8+0.81 71.0£0.94 76.4£0.34 74.2+0.57 84.6£0.65 89.4+0.52 | 75.5+0.52

Table 8: Accuracy of XNLI in 15 languages based on BLOOM-7b1, Qwen1.5-7B and Llama-3.1-8B
models.
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