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Abstract
Cross-lingual in-context learning (XICL)001
shows promise for adapting large language002
models (LLMs) to low-resource languages. Pre-003
vious methods rely on off-the-shelf retrievers004
or task-specific retrievers based on feedback005
signals from LLM for demonstration selec-006
tion, they often overlook important factors be-007
yond semantic similarity or can be resource-008
costly. To address these challenges, we propose009
a novel approach called Topic-XICL, which010
leverages a latent topic model to select demon-011
strations across languages. We assume that012
latent topic variables incorporate additional in-013
formation beyond semantics, such as syntax014
and task structure. By training this topic model015
on rich-resource language data with a small016
parameter LLM, we obtain more informative017
demonstrations by topic inference and utilize018
them for in-context learning across various019
LLMs. Our method is tested on three multi-020
lingual tasks (XNLI, XCOPA, and TydiQA-021
GoldP) using three different-size BLOOMZ022
models and three models with approximately023
7 billion parameters (BLOOM, XGLM, and024
Llama2). Comparative evaluations against ran-025
dom selection, semantic similarity selection,026
and clustering-based selection baselines show027
consistent improvements in multilingual aver-028
age performance with our approach.029

1 Introduction030

Large Language Models (LLMs) have exhibited031

exceptional natural language understanding capa-032

bilities across diverse NLP tasks. However, their033

training data is predominantly English-centric, pos-034

ing challenges for cross-lingual generalization (Lai035

et al., 2023; Bang et al., 2023; Zhang et al., 2023).036

In-context learning (ICL) (Brown et al., 2020)037

presents a promising solution for LLMs in low-038

resource language settings, as demonstrated by the039

strong ICL performances of models like BLOOM040

(Scao et al., 2022) and XGLM (Lin et al., 2022) in041

various multilingual tasks.042

Figure 1: Accuracy scores for 7 languages from the
XNLI dataset (Conneau et al., 2018) based on the
BLOOMZ-1b7 model (Muennighoff et al., 2023) (with
1.7 billion parameters). "sem" denotes semantic-based
demonstration selection, while "random" denotes ran-
dom selection. k represents the number of demonstra-
tions for ICL.

The impressive comprehension abilities of 043

LLMs in English have sparked interest in Cross- 044

lingual In-Context Learning (XICL). This approach 045

utilizes demonstrations from rich-resource lan- 046

guages to guide learning tasks in low-resource lan- 047

guages. However, the effectiveness of XICL de- 048

pends heavily on the selection of demonstration 049

examples (Zhao et al., 2021; Perez et al., 2021). 050

Researchers have proposed two main approaches 051

to select demonstration: leveraging off-the-shelf re- 052

trievers (Nie et al., 2023; Chang and Fosler-Lussier, 053

2023; Winata et al., 2023; Li et al., 2023), such as 054

BM25 or Sentence-BERT (Reimers and Gurevych, 055

2019), and training task-specific retrievers (Shi 056
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et al., 2022) by a specially designed task signal,057

such as the feedback signals from LLMs. The lat-058

ter approaches may yield better results for specific059

LLMs, but they often require access to model pa-060

rameters or detailed output distributions, which can061

be costly and are typically unavailable for black-062

box LLMs (Sun et al., 2022). In contrast, the for-063

mer methods can lightweightly exploit semantic064

similarity input-label pairs, but they overlook task-065

specific information or diversity.066

As noted in Qin et al. (2023), the choice be-067

tween similarity and diversity in demonstrations068

varies depending on the task: diversity suits tasks069

like commonsense reasoning question answering,070

while similarity is preferable for text classification.071

Fig.1 demonstrates the challenge of balancing these072

two dimensions across different languages. Seman-073

tically similar examples lead to better results for074

Hindi (hi) and Greek (el), while randomly selected075

diversity examples lead to better performance for076

Chinese (zh) and Arabic (ar). When selecting077

demonstrations across languages, it is crucial to078

consider not only semantic similarity but also fac-079

tors such as syntactic structure, task structure, and080

domain information. We collectively refer to these081

factors as topic information, which is multidimen-082

sional and may enhance demonstration choices for083

cross-lingual in-context learning.084

Xie et al. (2022) examined in-context learning085

from a Bayesian Inference perspective, while Wang086

et al. (2023) treated LLMs as topic models, which087

proved efficacious in demonstration selection for088

classification tasks. Inspired by this, we extended089

Wang et al. (2023)’s approach to cross-lingual in-090

context learning, proposing a demonstration se-091

lection algorithm based on topic inference (Topic-092

XICL). It comprises a latent topic learning phase093

and a demonstration selection phase. In the la-094

tent topic learning phase, data from a rich-resource095

language are clustered into several topics by the096

K-means algorithm with multilingual representa-097

tions, and a topic model trained based on LLM by098

absorbing nuanced topic information. Specifically,099

we introduce c new tokens for each topic to enrich100

the LLM’s vocabulary. These tokens, concatenated101

with the input, are used to predict the output and102

guide the LLM in updating the embedding of these103

new tokens. Before demonstration selection, for104

each target language input, we identify its topic by105

calculating semantic similarity with training data.106

Then, the latent topic model is used to predict the107

probability that source language examples contain108

the topic of target input, with the top-k examples 109

by probability serving as demonstrations. 110

We trained the latent topic model on BLOOMZ- 111

1b7 (Muennighoff et al., 2023) (with 1.7 billion pa- 112

rameters) and conducted cross-lingual demonstra- 113

tion selection on two multilingual sentence-level 114

tasks and one cross-lingual reading comprehension 115

task. The constructed dataset is designed to gener- 116

alize across various LLMs. Our contributions are 117

summarized as follows: 118

• We propose a cross-lingual demonstration se- 119

lection algorithm based on topic inference 120

(Topic-XICL), which extends Bayesian infer- 121

ence theory to practical applications of cross- 122

lingual in-context learning. 123

• We compare our method with three demon- 124

stration selection baselines on six LLMs for 125

three cross-lingual tasks (XNLI, XCOPA, and 126

TydiQA-GoldP). The results demonstrate that 127

our demonstration selected by topic informa- 128

tion significantly outperforms existing strong 129

baselines. 130

2 Related Work 131

Cross-lingual In-context learning The cross- 132

lingual nature of multilingual language models 133

further enables the possibility of learning from a 134

different language in-context without parameter 135

updates, such as the XICL method (Winata et al., 136

2021; Lin et al., 2022). Winata et al. (2021) first 137

show that, given a few English examples as con- 138

text, multilingual pre-trained language models (like 139

GPT (Radford et al., 2019) and T5 (Raffel et al., 140

2020)) can predict not only English test samples but 141

also non-English ones. (Lin et al., 2022) also found 142

their XGLM demonstrates strong cross-lingual ca- 143

pability where using English prompts together with 144

non-English examples yields competitive zero- and 145

few-shot learning performance. 146

Cross-lingual Demonstration Selection Different 147

choices of rich-resource language demonstrations 148

can yield varying outcomes for the target languages. 149

Existing approaches for cross-lingual retrieval- 150

augmented demonstrations generally fall into two 151

categories: those based on off-the-shelf multilin- 152

gual representations and those leveraging feedback 153

signals from LLMs. For example, Nie et al. (2023) 154

conducts cross-lingual retrieval from labeled or un- 155

labeled high-resource languages, which is based on 156

the semantic similarity of multilingual embedding. 157
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Figure 2: An overview of our proposed cross-lingual demonstration selection algorithm with topic inference.①
Latent topic embedding is learned for the clustered English candidates using LLM, and probabilities of inferring
n topics are calculated for each candidate example. ② For each target input, its topic classification is determined,
denoted as ai. Then, compute topic inference conditional probabilities for candidate examples classified as ai and
output the top-k examples with high probability for in-context learning in any generative LLM.

Li et al. (2023) extended the PARC framework to158

focus exclusively on zero-shot settings, revealing159

that it may not always be optimal for more com-160

plex generation tasks. Tanwar et al. (2023) aug-161

mented prompts with cross-lingual semantic simi-162

larity demonstration and additional task-specific de-163

tails. Additionally, Winata et al. (2023) emphasized164

semantic similarity in XICL by selecting the near-165

est example from various sub-datasets to construct166

a prompt. In contrast, Shi et al. (2022) proposed a167

novel retrieve-rerank framework for cross-lingual168

Text-to-SQL, utilizing a bi-encoder architecture169

to identify relevant exemplars initially and then170

training a retriever by distilling the LLM’s scoring171

function.172

Training retrievers on specific task data and173

LLMs may seem advantageous, but dealing with174

inaccessible parameters of black-box models can175

be challenging. Our proposed method trains solely176

based on accessible LLMs. Moreover, semantic177

similarity demonstration alone may not suffice for178

complex tasks, we integrate semantics, syntax, and179

structure into "latent topics". Leveraging LLMs180

to mine the latent topic information, and select181

demonstrations from topic dimension to enhance182

cross-lingual in-context learning.183

In-Context Learning with Bayesian inference184

Xie et al. (2022) presented a significant finding by185

providing a latent topic interpretation for explain-186

ing in-context learning. They demonstrated that187

the in-context learning predictor approaches the188

Bayes optimal predictor as the number of demon-189

strations approaches infinity, assuming both pre-190

training and task-specific data distribution follow 191

Hidden Markov Models (HMM). However, the 192

Markovian assumption about the data-generating 193

process raises questions about its applicability to 194

natural language and confines empirical validation 195

to synthetic data with toy models. To bridge the 196

theoretical understanding and real-world LLM al- 197

gorithms, Wang et al. (2023) developed a practical 198

demonstration selection algorithm for real-world 199

LLMs. Our method extends Wang et al. (2023) 200

to an XICL setting. Unlike their approach, which 201

treats each classification data as a topic and learns 202

topic variables, we conduct semantic clustering on 203

each task’s data to obtain topics. This allows our 204

approach to apply to a wider range of tasks. 205

3 Method 206

Based on the theoretical understanding and practi- 207

cal algorithm of Bayesian inference in in-context 208

learning, we proposed a cross-lingual demonstra- 209

tion selection algorithm with topic inference to 210

improve the performance of XICL. First, we in- 211

troduce the notations of problem setting and theo- 212

retical analysis of the problem. Then we describe 213

the pipeline to learn latent topic embedding in Sec- 214

tion 3.2 and the algorithm of demonstration selec- 215

tion in Section 3.3. The framework of our method 216

is shown in Fig. 2. 217

3.1 Notations and Problem Setting 218

In cross-lingual in-context learning, the prompt 219

w1:t comprises several rich-resource language 220

demonstrations and a low-resource target language 221
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test input. For the only-decoder model, the gener-222

ated tokens wt+1:T represent the prediction of test223

input X , and the gold truth is Y ∈ Y. Y is the224

space of gold truth, and for the generation-form225

task, it is the space of all possible token sequences.226

θ ∈ Θ is a high dimensional latent topic variable227

continuously distributed over Θ, where Θ is the228

space of the variable. Following Wang et al. (2023),229

we posit the existence of an underlying causal re-230

lation between X , Y , and θ, directly named as231

X → Y ← θ, which can be represented mathemat-232

ically as the following structural equation:233

Y = f(X, θ, ϵ), (1)234

where ϵ is an independent noise variable.235

To perform in-context learning with an LLM236

(denoted by M ), we condition on a fixed set of k237

demonstrations (Xa
1 , Y

a
1 ), (X

a
2 , Y

a
2 ), ..., (X

a
k , Y

a
k )238

for a topic a ∈ T, where T is the space of all topics239

in a task. The generation process of an instance in240

topic a can be written as:241

Y a
i = f(Xa

i , θ
a, ϵ), (2)242

where θa ∈ Θ is the value of the topic variable243

corresponding to topic a. The in-context learning244

output probability of LLM for an input Xa,l classi-245

fied to a topic in target language l can be denoted246

by P a,l
M , and the solution can be defined as:247

argmax
y∈Y

P a,l
M (Y a,l = y|Xa

1 , Y
a
1 , ..., X

a
k , Y

a
k , X

a,l).

(3)248

It always lower or equal to the Bayes optimal249

decoder argmaxy∈Y P a,l
M (Y a,l = y|θa, Xa,l).250

Equality only holds when251

P a,l
M (θa|Xa

1 , Y
a
1 , ..., X

a
k , Y

a
k , X

a,l) = 1 (4)252

Following Wang et al. (2023), we focus on es-253

timating an optimal value of θ corresponding to254

a topic a. Then, we will discuss how to select an255

optimal set of demonstrations by using the learned256

optimal latent concept variable value.257

3.2 Latent Topic Learning258

As shown in Fig.2, we first cluster the source259

language task dataset into several topics {ai|i =260

1, 2, ..., n} by the multilingual embedding with261

K-means algorithm, the number of topic n is262

a hyper-parameter. For a topic ai, we assume263

that X → Y ← θ and argmaxy∈Y P ai
M (Y =264

y|θai , X) is the Bayes optimal decoder to mini-265

mize EX,Y,ai [−logP
ai
M (Y |θai , X)].266

In practice, we try to align θa to the token embed- 267

ding space by adding new tokens to the vocabulary 268

of LLM. Then, the learned new tokens of θa are 269

used as regular tokens in the vocabulary. Specifi- 270

cally, to represent each specific topic ai, c new topi- 271

cal tokens (denoted as θ̂ai) are added to the original 272

vocabulary. c is also a hyper-parameter, and corre- 273

sponding c topical tokens are appended to the input 274

X as demonstrated, like "<t1_1><t1_2>...<t1_c>X" 275

for the topic a1. The new topical token can be any- 276

thing as long as it does not overlap with the original 277

vocabulary of LLM. 278

Subsequently, the embedding of these new to- 279

kens E(θ̂ai) is fine-tuned while freezing the re- 280

maining parameters of LLM. The fine-tuning ob- 281

jective is to minimize loss: 282

L(θ̂ai) = EX,X [−logP ai
M (Y |θ̂ai , X)] (5) 283

and the fine-tuned LLM denoted as M ′. To obtain 284

the topical tokens for all topics in a task, we fine- 285

tune all data together with the loss
∑n

i=1 L(θ̂ai). 286

For the setting of n, the estimated conditional 287

probability of θ̂ai would be: 288

P̂ ai
M ′(θ̂

ai |w1:t) =
P ai
M ′(θ̂ai |w1:t)∑n

j=1 P
aj
M ′(θ̂aj |w1:t)

(6) 289

3.3 Demonstration Selection 290

About the topic of target instance (X l, Y l), we 291

embed the input X l and measure its semantic simi- 292

larity with all source input embeddings. Then, we 293

statistic the topic category of the top-10 seman- 294

tic similar source examples and choose the most 295

frequent topic as the target language topic a. 296

According to the analysis in Section 3.1, for the 297

target instances with topic a, our goal becomes 298

selecting demonstrations that can best infer the 299

topic for all inputs: 300

argmax
Xa

1 ,Y
a
1 ,...,Xa

k ,Y
a
k

EX [P a
M (θa|Xa

1 , Y
a
1 , ..., X

a
k , Y

a
k , X)]

(7) 301

As test examples are sampled independently of 302

the demonstrations and each demonstration is also 303

sampled independently, the goal can be: 304

argmax
Xa

1 ,Y
a
1 ,...,Xa

k ,Y
a
k

P a
M (θa|Xa

1 , Y
a
1 , ..., X

a
k , Y

a
k )

=

∏k
i=1 P

a
M (θa|Xa

i , Y
a
i )

P a
M (θa)k−1

(8) 305

Assuming that θ has a uniform prior, then our goal 306

becomes finding the top k demonstrations that max- 307

imize P̂ a
M ′(θ̂a|Xa

i , Y
a
i ). 308
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Figure 3: Average accuracy scores of XNLI (Conneau et al., 2018).

We mainly focus on the fundamental effects of309

topic inference on multilingual demonstration se-310

lection, without discussion on the mutual influence311

between demonstrations and the impact of order.312

4 Experiments313

4.1 Dataset314

This paper presents experiments conducted on three315

datasets: XNLI (Conneau et al., 2018), XCOPA1,316

and TyDiQA-Gold (Clark et al., 2020). Cross-317

lingual Natural Language Inference dataset (XNLI)318

is a sentence-pair classification task involving319

15 languages, which is translated from English320

SNLI (Bowman et al., 2015) dataset. XCOPA is321

designed to assess the causal commonsense rea-322

soning capabilities of multilingual language mod-323

els. It is an extension and re-annotation of the En-324

glish COPA dataset (Gordon et al., 2012) where the325

validation and test set examples are carefully trans-326

lated to and annotated in 11 typologically diverse327

languages. Since existing work mainly discusses328

demonstration selection methods on classification329

tasks, we added exploration on Question Answer330

task in our experiments. TyDiQA-Gold is the gold331

passage task in TyDiQA (Clark et al., 2020) cover-332

ing 9 typologically diverse languages, a challeng-333

ing multilingual machine reading comprehension334

benchmark.335

1https://github.com/cambridgeltl/xcopa

4.2 Experimental Setting 336

For each dataset, the English training set D serves 337

as the pool of candidate demonstrations, evalu- 338

ated across all test sets in each language. We em- 339

ploy the K-means algorithm with random initial 340

center points to cluster the training set D, utiliz- 341

ing three seed values [32, 44, 100] for experimen- 342

tation and reporting the average results per lan- 343

guage or dataset. The representation of each train- 344

ing data is obtained using multilingual Sentence- 345

BERT (Reimers and Gurevych, 2019). To accom- 346

modate various context length settings for different 347

LLMs, we set k = [2, 3, 4]. As for hyperparame- 348

ters, the number of cluster classes n = 20 and the 349

length of each topic token sequence c = 10 are 350

used for XNLI, and n = 20 and c = 15 are for 351

TyDiQA-Gold, while n = 5 and c = 15 are set for 352

XCOPA (with only 500 English training dataset). 353

We leverage the Bloomz-1b72 model to learn the 354

topic token embeddings and compute the probabil- 355

ity of each candidate demonstration example. The 356

same set of demonstrations selected by BLOOMZ- 357

1b7 is used for all other LLMs. Greedy Search is 358

employed for decoding answers in each task. The 359

utilized prompt is detailed in Appendix A. 360

Base Model } The BLOOMZ-1b7 (Muennighoff 361

et al., 2023) is a multilingual supervised fine-tuning 362

version of BLOOM, which may be more efficient 363

2https://huggingface.co/bigscience/bloomz-1b7
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Figure 4: Average accuracy scores of XCOPA.

for learning the topic of a task than the origi-364

nal version. We use the same set of demonstra-365

tions selected by BLOOMZ-1b7 to three sizes366

of BLOOMZ models, including BLOOMZ-1b7,367

BLOOMZ-3b, and BLOOMZ-7b1. Moreover, we368

test the demonstrations selected by our method on369

more LLMs (BLOOM, XGLM, and LLama-2) with370

about 7 billion parameter sizes.371

4.3 Baselines372

We consider the following baselines:373

Random: We random select k demonstrations374

from D for each test example. We also set three375

seeds to obtain the average results.376

Semantic Similarity (sem): Demonstrations se-377

mantically similar to the test example would378

help. We apply the same multilingual Sentence-379

BERT (Reimers and Gurevych, 2019) as we used380

to calculate the cosine similarity between the in-381

puts of the source language and target language.382

We choose the top k similar demonstrations from383

D for each test example.384

Cluster: As our method initially clusters D and385

subsequently selects demonstrations, we randomly386

sample k instances from each category of the clus-387

tered data as demonstrations for all test examples388

within that category. This also serves as an ablation389

baseline for our approach.390

4.4 Main Results 391

Fig.3, 4, and 5 show our main results for three 392

datasets averaged over all languages on six LLMs. 393

The detailed results can be found in Appendix B. 394

For sentence-level tasks, XNLI and XCOPA, our 395

method almost always significantly outperforms 396

baselines on six models. Notably, on XNLI, our 397

approach achieves an average improvement of 2.8% 398

over the best baseline across three different scales 399

of BLOOMZ models with just two demonstrations. 400

For the XCOPA dataset, the performance im- 401

provement is more pronounced on the four 7B- 402

parameter models, with average improvements of 403

2.26% and 1.67% on Llama-2-7b and BLOOMZ- 404

7b, respectively. From a monolingual perspective 405

(see Table 7 in the appendix), our method achieves 406

the best scores based on the Llama-2-7b model, 407

with improvements of 1.4% and 2.2% on the low- 408

resource languages Haitian Creole (ht) and Tamil 409

(ta) compared to the best baseline. 410

Our method also shows significant improve- 411

ments in average performance for more complex 412

QA tasks. However, in the BLOOMZ series of 413

models, the improvement mainly comes from sev- 414

eral low-resource languages. For instance, on the 415

BLOOMZ-7b1 model, our best results in Finnish 416

(fi) and Korea (ko) surpass the best baseline by 417

6.4% and 11%, respectively. It may be the case 418

that the TydiQA task training set is already en- 419

compassed within the instruction tuning process 420
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Figure 5: Average F1 scores of Tydiqa-GoldP.

of BLOOMZ, hence requiring only a few random421

demonstrations to stimulate its learning capacity.422

Nonetheless, for low-resource languages exhibit-423

ing poorer performance, a more tailored demon-424

stration selection remains imperative, underscoring425

the significance of our method. Our approach no-426

tably enhances performance across the other three427

7B models as well, particularly on BLOOM-7b1,428

where the mean improvement is 4.6%.429

Experimental results demonstrate that although430

our method only trains the topic model on431

BLOOMZ-1b7 and performs demonstration selec-432

tion, choosing appropriate contextual data can lead433

to performance improvements across LLMs of dif-434

ferent sizes or architectures. Our method consis-435

tently outperforms the cluster baseline, indicating436

that our approach’s superiority isn’t solely derived437

from simple semantic clustering.438

5 Analysis439

In theory, our method aims to select optimal demon-440

strations based on the semantic cluster distribution.441

However, our approach employs a straightforward442

K-means clustering method, where parameters like443

the number of clusters and topic sequence lengths444

can influence demonstration selection. We conduct445

a basic exploration (on XNLI) by experimenting446

with different numbers of topics and topic tokens447

sequence lengths and assessing if our approach ef-448

fectively captures useful topic information.449

5.1 The number of topics 450

Based on the experiences of Wang et al. (2023), we 451

initially set the length of the topic sequence to 10 452

and conducted ablation experiments on the number 453

of topic categories n. We cluster the training data 454

into 5, 10, 15, 20, and 30 topic categories, then 455

train the topic model and select demonstrations for 456

the target data. The results on BLOOMZ-1b7 are 457

shown in the table 1. The results indicate that the 458

optimal performance is achieved when the num- 459

ber of topics gradually increases to 20. Further 460

increases of n may result in overly similar char- 461

acteristics within each topic category, leading to a 462

loss of diversity of demonstrations and a decrease 463

in performance. 464

5.2 The length of topic token sequence 465

The topic token sequence contains information 466

about the topics. Intuitively, longer sequences can 467

capture more topic information, but excessively 468

long sequences may introduce irrelevant informa- 469

tion. Assuming we have determined the number of 470

topics to be 20, we set c to four different lengths: 471

5, 10, 15, and 20, for learning the topic sequence. 472

Then, we concatenate the topic token sequence di- 473

rectly with the input and predict the results. Their 474

experimental results are shown in table 2, which 475

yields better results than the original input based 476

on BLOOMZ-1b7. It indicates that the token se- 477

quence has learned useful topical information and 478
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XNLI (acc.)

BLOOMZ-1b7 en ar bg de el es fr hi ru sw th tr ur vi zh AVG

k=2

n=5 52.22 45.74 37.00 39.38 37.31 46.36 46.90 43.03 41.39 39.28 34.46 35.11 39.42 45.64 45.98 41.95
n=10 52.02 46.67 38.20 39.48 37.47 47.22 47.17 42.69 40.52 39.39 34.20 34.64 39.64 45.48 45.54 42.02
n=15 52.64 46.51 38.59 39.96 36.99 47.91 47.65 44.06 41.98 39.76 35.35 35.23 39.66 46.56 46.62 42.63
n=20 53.17 46.83 40.20 41.14 40.04 47.92 48.72 45.09 42.46 43.87 36.85 36.39 42.81 48.84 46.73 44.07
n=30 52.04 46.87 38.34 39.70 39.14 47.27 47.72 44.31 41.78 40.62 33.89 35.21 40.32 46.75 45.99 42.66

k=3

n=5 51.55 45.72 37.59 39.33 36.43 47.34 47.31 42.70 40.70 40.86 33.96 34.85 39.62 45.75 45.73 41.96
n=10 51.69 46.85 38.15 39.14 36.52 46.99 47.55 42.55 41.74 40.59 33.73 34.74 40.37 47.12 45.87 42.24
n=15 52.70 46.50 38.66 39.91 37.68 47.42 47.76 43.60 42.14 40.74 34.01 34.95 41.24 48.17 46.14 42.78
n=20 52.71 46.97 39.44 41.08 38.22 48.36 49.06 43.95 42.63 42.32 35.05 37.05 41.76 48.88 46.89 43.62
n=30 52.04 46.79 38.48 39.70 39.42 47.56 47.98 45.29 41.80 41.54 33.87 35.15 41.44 48.62 46.39 43.07

k=4

n=5 52.05 46.44 37.96 39.16 36.93 46.83 47.69 42.75 41.02 38.34 34.14 34.79 39.98 46.40 45.93 42.03
n=10 51.60 46.90 38.17 40.03 36.76 47.41 48.01 44.40 42.20 40.84 34.06 34.54 39.83 46.77 46.46 42.53
n=15 52.70 46.73 38.79 39.76 37.21 47.70 48.11 44.14 42.52 42.12 34.90 35.41 42.00 48.69 46.87 43.18
n=20 53.25 47.17 39.96 41.40 38.42 48.68 49.20 44.85 42.85 42.97 35.05 36.73 42.34 49.68 47.37 43.99
n=30 52.34 47.09 39.04 40.82 37.35 47.54 47.92 44.43 42.36 42.10 34.09 35.05 41.76 48.58 46.67 43.14

Table 1: In-context learning accuracy of our method in XNLI with different topices n based on BLOOMZ-1b7
model.

XNLI (acc.)

BLOOMZ-1b7
en ar bg de el es fr hi ru sw th tr ur vi zh AVG

48.5 41.7 36.4 37.9 35.7 42.7 42.4 39.7 38.4 36.8 33.7 34.4 36.7 41.8 41.8 39.2

c=20 51.7 44.2 38.6 39.9 37.1 44.9 44.6 40.5 40.2 38.2 33.9 35.1 37.3 42.9 44.0 40.9
c=15 51.1 45.2 38.1 39.9 37.4 44.9 44.5 41.8 40.2 39.0 34.3 35.1 38.4 45.5 43.7 41.3
c=10 52.3 45.4 38.6 40.7 37.5 46.0 45.7 42.2 40.9 39.0 34.4 35.1 38.9 44.7 44.5 41.7
c=5 51.6 44.2 37.6 40.1 37.2 45.2 45.0 39.8 40.2 37.8 34.2 34.9 37.1 43.1 43.5 40.8

Table 2: Accuracy of our method in XNLI with different length of topic token sequence c based on BLOOMZ-1b7
model.

Figure 6: t-SNE plot of the learned topic tokens for
XNLI task.

c = 10 is a suitable choice for XNLI.479

5.3 Visualization of topic token embedding480

From Table 2, it is evident that the topic tokens in-481

deed learn information beneficial for in-context482

learning. As the topic categories are obtained483

through clustering, to learn about the relationships484

between each category, we visualize the embed-485

dings of the topic tokens. As shown in Fig.6, in the486

topic model trained on the XNLI dataset, the em-487

beddings of topic tokens are distributed in several 488

regions, where semantically similar topics are con- 489

centrated in the same area (e.g., the centroids of t2 490

and t15 are very close). This indicates that the topic 491

tokens indeed capture similarities or characteristics 492

among different topic categories, providing more 493

diverse information for demonstration selection. 494

6 Conclusion 495

In this work, we explore cross-lingual demonstra- 496

tion selection from a more informative latent topic 497

perspective. We propose a demonstration selection 498

algorithm based on topic inference (Topic-XICL) 499

for cross-lingual in-context learning. Our approach 500

requires learning the latent topic model on less 501

parameters LLMs and selecting appropriate rich- 502

resource language demonstrations for each topic 503

of the target input by computing topic inference 504

probabilities. One-time demonstration selection 505

for a task can be generalized across various LLMs. 506

We validate the effectiveness of our method on 507

three task categories and six models and analyze 508

that the latent topic variables indeed capture useful 509

diversity information for cross-lingual in-context 510

learning. 511
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Limitations512

Due to the computation constraints, we were not513

able to experiment with our framework on larger514

LLMs or on other task. The experiments confirm515

that different clustering parameter choices yield di-516

verse outcomes. However, as we did not prioritize517

exploring the selection of clustering methods, we518

leave it for future iterations of our method to delve519

into and explore this aspect further.520
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Dataset Prompt

XNLI <premise> question: <hypothesis>. True, False, or Inconclusive?
Answer: [True/False/Inconclusive]

XCOPA

Question: What might be the cause of / What might have happened as a result of "<premise>"?
Options:
1-<Choice1>
2-<Choice2>
Answer: [1/2]

TydiQA-GoldP
Passage: <passage>
question: <question>
Answer: [a span in passage]

Table 3: Prompt template for three tasks.

B Detailed Results 702

XNLI(acc.)

Model en ar bg de el es fr hi ru sw th tr ur vi zh AVG

BLOOMZ-1b7 48.5 41.7 36.4 37.9 35.7 42.7 42.4 39.7 38.4 36.8 33.7 34.4 36.7 41.8 41.8 39.2

k=2

random 52.9 46.8 38.5 40.8 37.1 48.2 48.1 42.7 42.2 40.8 34.1 35.4 40.3 46.5 46.3 42.7
sem 51.5 45.5 38.0 40.1 37.8 46.2 46.9 43.3 41.1 40.7 34.1 35.2 39.9 46.7 45.0 42.1
cluster 52.0 45.9 37.6 40.1 36.4 47.1 47.3 42.2 41.1 39.9 33.7 35.0 39.2 45.9 45.0 41.9
Ours 53.2 46.8 40.2 41.1 40.0 47.9 48.7 45.1 42.5 43.9 36.9 36.4 42.8 48.8 46.7 44.1

k=3

random 52.6 46.5 38.0 40.3 36.2 47.7 47.9 42.4 41.4 40.2 33.9 35.3 39.9 46.2 45.8 42.3
sem 51.4 45.4 37.8 39.7 37.8 46.4 46.9 43.7 41.3 41.1 34.2 35.4 40.6 47.0 44.9 42.2
cluster 51.9 46.2 37.7 40.1 35.9 47.3 47.8 42.6 41.1 40.4 33.7 35.1 40.0 46.6 45.5 42.1
Ours 52.7 47.0 39.4 41.1 38.2 48.4 49.1 44.0 42.6 42.3 35.1 37.1 41.8 48.9 46.9 43.6

k=4

random 52.5 46.6 37.9 40.6 35.7 47.8 48.1 42.8 41.7 40.6 33.8 35.4 40.3 46.7 46.2 42.4
sem 51.6 45.6 37.7 40.1 38.1 46.3 47.3 44.0 41.4 41.4 34.2 35.6 41.1 46.9 44.9 42.4
cluster 52.2 45.9 37.3 40.0 36.0 47.3 48.0 42.6 41.0 39.9 33.8 35.0 39.8 46.3 45.1 42.0
Ours 53.3 47.2 40.0 41.4 38.4 48.7 49.2 44.9 42.9 43.0 35.1 36.7 42.3 49.7 47.4 44.0

BLOOMZ-3b 54.8 47.8 38.6 41.0 38.4 50.6 50.4 46.5 43.4 40.1 37.3 34.9 42.3 47.7 49.1 44.2

k=2

random 56.2 50.8 40.2 43.1 40.6 53.3 52.8 47.7 44.7 43.8 38.7 35.1 45.0 50.6 52.0 46.3
sem 55.5 50.4 40.0 42.8 40.2 52.5 52.1 47.6 44.0 43.0 37.8 35.3 44.3 50.3 51.2 45.8
cluster 55.8 50.5 40.0 42.7 40.2 52.9 52.2 47.4 44.7 42.4 37.6 35.0 44.0 50.2 51.3 45.8
Ours 56.9 51.7 41.0 44.1 41.9 53.9 53.6 49.1 45.9 45.1 39.8 36.2 45.8 51.9 52.9 47.3

k=3

random 56.1 50.7 40.3 42.9 40.6 53.2 52.4 47.5 45.1 42.8 38.8 34.9 44.4 50.6 51.8 46.1
sem 55.6 50.3 40.2 42.8 40.3 52.5 52.0 47.5 43.9 42.8 37.6 35.4 44.4 50.4 50.8 45.8
cluster 55.8 50.4 40.1 42.8 40.3 52.7 52.3 47.2 44.5 42.8 37.3 35.0 44.0 50.6 51.4 45.8
Ours 57.0 51.2 40.8 43.4 41.1 53.6 53.1 48.3 45.8 43.9 38.8 36.3 45.1 51.5 52.3 46.8

k=4

random 55.8 50.4 40.0 42.3 40.3 52.5 52.2 47.8 44.6 42.4 37.5 35.3 44.5 50.0 50.9 45.8
sem 55.1 50.1 40.0 42.4 40.3 52.3 51.9 47.6 43.8 42.9 37.3 35.6 44.3 49.6 50.6 45.6
cluster 55.2 49.9 39.7 42.1 39.4 52.0 51.7 46.5 44.1 41.6 36.2 35.1 43.2 49.5 50.4 45.1
Ours 56.6 51.2 40.9 43.3 40.8 53.7 53.2 48.2 45.8 42.7 38.6 36.2 45.0 50.7 52.2 46.6

BLOOMZ-7b1 57.6 49.0 26.0 42.2 13.4 50.3 50.4 47.5 30.6 41.1 8.3 32.5 43.3 48.6 50.2 39.4

k=2

random 57.9 49.4 37.8 45.3 35.4 52.0 52.6 47.7 43.2 41.1 34.2 35.4 43.5 49.2 50.1 45.0
sem 57.1 48.7 37.9 44.4 35.1 51.0 51.4 48.4 42.8 41.3 33.1 35.4 43.8 49.9 49.5 44.7
cluster 57.3 48.9 37.8 44.2 35.7 51.3 51.8 47.8 42.5 41.4 34.5 35.4 43.4 49.5 49.5 44.7
Ours 58.2 50.3 39.7 45.7 37.6 52.6 53.1 49.1 44.8 43.6 36.0 36.4 45.1 51.0 50.9 46.3

k=3

random 57.2 48.4 37.3 44.6 35.0 51.1 51.6 47.1 42.6 40.2 34.1 35.2 42.7 48.5 49.0 44.3
sem 56.3 48.6 38.0 44.4 35.7 50.7 51.0 48.3 42.7 41.4 34.0 35.6 43.9 49.9 49.0 44.6
cluster 56.7 48.7 37.8 44.1 35.8 50.9 51.2 48.1 42.6 41.4 34.6 35.3 43.4 49.9 49.1 44.6
Ours 58.1 49.9 38.2 45.4 36.9 52.2 52.7 48.3 44.9 42.8 34.6 35.6 44.4 50.1 50.2 45.6

k=4

random 56.0 47.2 36.6 43.6 34.7 49.7 50.0 45.8 41.6 39.2 34.0 34.9 42.0 47.6 47.7 43.4
sem 56.2 48.5 38.1 44.4 36.0 50.5 50.8 48.6 42.9 41.5 34.5 35.5 43.9 50.1 49.0 44.7
cluster 56.0 48.0 37.3 43.5 35.3 50.0 50.4 46.8 42.0 40.3 34.3 35.1 42.6 48.7 48.1 43.9
Ours 57.8 49.3 38.0 44.9 36.6 51.5 51.8 48.4 43.6 42.6 34.6 35.6 44.4 50.1 50.1 45.3

Table 4: Accuracy of XNLI in 15 languages based on BLOOMZ models
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XNLI(acc.)

Model en ar bg de el es fr hi ru sw th tr ur vi zh AVG

BLOOM-7b1 34.1 33.6 33.7 33.1 33.4 35.8 36.5 31.0 33.4 32.9 21.2 33.6 33.3 33.1 32.7 32.8

k=2

random 34.2 33.4 33.7 33.9 34.4 34.7 33.9 33.4 33.9 34.5 33.3 33.5 33.3 33.5 33.3 33.8
sem 37.9 35.9 36.3 35.8 36.1 38.0 37.6 36.2 36.2 38.8 35.3 36.5 34.7 38.6 35.1 36.6
cluster 35.7 33.8 34.9 34.3 35.0 35.3 35.5 32.5 35.5 36.1 33.9 33.7 33.2 33.5 33.7 34.4
Ours 38.7 38.1 37.8 37.0 35.2 37.0 37.1 36.8 39.0 39.2 36.7 36.0 37.4 37.6 36.8 37.4

k=3

random 35.8 32.7 34.4 33.8 37.8 35.3 35.3 32.7 33.4 33.3 34.2 33.2 33.0 32.6 32.8 34.0
sem 38.3 37.6 36.7 35.7 36.6 37.6 37.7 36.4 37.3 37.7 34.1 36.6 36.2 38.1 36.2 36.9
cluster 36.4 35.6 35.7 35.2 34.2 36.2 36.3 34.9 35.9 38.0 33.4 34.5 34.1 33.8 33.8 35.2
Ours 41.1 35.2 37.2 36.8 36.7 39.8 39.9 35.8 37.7 41.1 37.8 34.1 37.8 39.8 37.2 37.9

k=4

random 35.0 35.2 33.9 35.2 33.7 34.1 34.5 38.8 36.7 34.7 33.4 33.5 35.5 40.5 38.6 35.6
sem 38.9 37.8 35.8 36.3 36.5 39.0 39.3 36.3 37.3 38.1 34.1 36.1 36.6 38.1 37.4 37.2
cluster 36.6 36.3 35.1 36.0 33.9 36.7 36.7 37.7 36.4 36.2 33.8 34.0 36.6 39.2 36.9 36.1
Ours 37.6 40.6 37.2 36.5 35.7 38.3 37.5 34.6 37.6 36.5 34.6 35.4 38.5 40.7 39.2 37.4

XGLM-7.5b 32.1 37.1 34.8 34.3 32.4 33.1 32.4 31.8 32.8 31.8 30.5 28.3 33.2 31.8 28.6 32.3

k=2

random 33.3 35.6 33.5 34.3 33.4 33.6 33.3 33.4 33.5 33.4 33.3 33.3 34.4 33.3 33.2 33.6
sem 35.5 39.0 34.6 37.8 34.6 37.2 37.1 32.9 37.8 33.4 32.7 37.0 34.5 33.8 34.8 35.5
cluster 34.8 38.2 34.0 36.4 36.4 35.9 35.6 33.6 34.9 33.2 37.0 38.7 33.9 36.4 35.7 35.6
Ours 34.9 38.1 36.5 37.4 36.7 35.4 34.7 34.4 35.1 33.9 35.8 35.1 35.6 35.0 37.1 35.7

k=3

random 33.1 36.5 33.9 35.1 33.9 33.7 33.3 33.3 33.7 33.3 33.2 33.3 34.1 33.6 33.8 33.8
sem 35.3 38.9 35.6 37.7 37.5 38.1 37.2 33.0 37.3 34.4 33.5 36.9 32.3 34.9 34.7 35.8
cluster 34.4 39.0 34.3 37.4 36.4 37.0 36.8 33.4 36.4 33.2 35.6 38.8 34.0 35.4 35.8 35.9
Ours 34.5 39.5 33.8 38.7 36.4 37.2 38.3 35.0 37.4 34.1 36.3 36.5 35.5 35.9 36.4 36.4

k=4

random 30.3 35.4 34.0 35.0 34.6 34.0 33.5 32.8 33.7 33.4 32.9 33.0 30.5 33.5 33.3 33.3
sem 36.0 39.0 34.8 38.0 37.0 37.9 36.8 32.0 37.0 32.2 33.0 37.5 30.8 32.8 35.5 35.4
cluster 35.2 38.8 36.1 38.3 38.1 37.3 36.2 34.6 37.0 34.0 34.7 37.4 35.3 35.8 36.6 36.4
Ours 35.8 39.7 34.6 38.2 37.7 39.7 36.9 34.3 37.2 35.0 34.0 37.4 36.8 35.1 36.3 36.6

Llama-2-7b 48.1 37.2 41.9 41.0 37.1 43.6 42.1 37.8 43.3 32.2 34.4 37.0 35.9 40.2 41.8 39.6

k=2

random 51.9 38.5 43.2 45.2 37.4 46.3 47.2 39.4 44.9 32.1 35.6 38.1 36.1 43.2 44.5 41.6
sem 52.3 38.6 44.8 46.5 37.5 47.3 47.8 38.4 46.5 32.5 35.7 38.2 36.0 44.1 43.8 42.0
cluster 50.2 37.7 43.6 46.1 36.1 46.1 47.8 39.1 44.9 33.3 34.3 37.8 34.8 43.4 43.7 41.3
Ours 52.7 38.7 43.5 46.6 37.8 47.9 47.8 43.0 45.4 34.3 36.2 38.6 38.4 46.5 44.3 42.8

k=3

random 50.8 38.1 44.3 46.2 37.1 46.0 48.0 38.6 44.9 32.7 34.6 37.4 36.1 43.0 41.9 41.3
sem 53.2 39.7 45.9 47.8 38.3 49.8 49.6 38.4 46.9 32.8 36.7 39.0 36.2 45.0 44.8 42.9
cluster 50.4 39.3 44.7 47.3 37.5 46.2 47.2 38.5 44.6 33.6 34.4 38.2 36.1 43.6 42.5 41.6
Ours 54.1 39.5 45.6 46.3 37.6 49.3 49.9 40.9 48.4 33.6 36.5 39.2 36.9 46.5 46.4 43.4

k=4

random 51.1 37.1 43.9 47.2 37.2 46.7 48.0 39.0 45.5 32.5 34.8 37.4 35.7 42.5 41.9 41.4
sem 54.0 40.7 46.7 48.6 38.7 50.3 50.6 38.4 47.9 33.0 37.1 40.2 36.6 45.3 45.7 43.6
cluster 51.5 38.1 44.6 46.6 37.0 46.9 48.0 37.8 45.5 32.6 34.8 37.1 35.0 42.2 42.8 41.4
Ours 54.4 40.0 46.1 47.6 38.7 50.1 51.0 42.4 49.3 34.6 37.6 39.8 39.3 45.8 46.6 44.2

Table 5: Accuracy of XNLI in 15 languages based on BLOOM-7b1, XGLM-7.5b and Llama-2-7b models.
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XCOPA(acc.)

Model en et ht id it qu sw ta th tr vi zh AVG

BLOOMZ-1b7 37.2 25.4 35.6 55.6 30.8 26.8 37.8 60.6 50.0 25.8 58.0 54.8 41.5

k=2

random 62.6 49.8 50.0 59.9 46.1 48.5 52.0 58.1 50.0 47.9 59.5 64.3 54.1
sem 61.2 50.6 46.6 61.8 47.6 46.6 51.4 57.0 50.0 50.0 55.2 67.6 53.8
cluster 61.9 51.7 48.2 61.3 47.4 47.8 51.4 57.7 49.9 49.1 59.8 65.9 54.3
Ours 67.6 51.4 51.8 62.8 52.8 50.2 53.0 62.4 50.0 49.6 64.0 69.8 57.1

k=3

random 65.0 51.1 48.1 61.9 48.0 49.1 51.7 58.6 50.5 48.7 61.5 66.4 55.0
sem 59.6 52.6 51.0 60.0 44.8 44.6 51.8 56.2 49.8 48.8 57.6 60.4 53.1
cluster 60.9 51.3 49.4 59.5 49.3 48.4 51.5 59.0 51.1 46.9 60.4 62.1 54.2
Ours 69.2 51.2 50.4 61.6 52.8 50.6 52.4 62.4 50.4 49.4 63.0 69.6 56.9

k=4

random 62.1 49.3 49.1 59.1 49.1 49.5 50.7 58.9 49.8 49.3 60.7 67.1 54.6
sem 58.0 49.6 50.6 61.4 49.2 45.8 52.2 59.2 50.8 51.0 58.6 57.6 53.7
cluster 63.2 49.7 48.9 59.5 50.9 50.5 50.8 59.6 50.3 50.1 61.0 63.5 54.8
Ours 66.8 53.0 52.0 61.6 50.4 49.8 51.4 60.6 50.6 49.4 61.2 66.4 56.1

BLOOMZ-3b 42.2 10.8 32.8 59.2 27.2 22.2 31.6 53.2 51.2 16.0 59.8 80.8 40.6

k=2

random 47.3 32.1 40.8 60.7 37.6 32.1 42.5 58.5 47.7 31.4 60.5 67.8 46.6
sem 68.2 48.0 47.2 63.2 48.0 47.6 49.4 56.6 50.8 48.4 62.2 71.2 55.1
cluster 65.9 49.1 48.8 64.4 47.3 48.7 50.3 59.7 50.7 46.8 63.5 70.1 55.4
Ours 69.4 49.6 51.0 65.0 47.6 48.8 51.2 60.8 50.0 46.4 66.8 72.2 56.6

k=3

random 59.5 38.9 43.6 63.4 43.2 38.5 46.3 60.7 49.3 38.9 63.1 71.5 51.4
sem 68.0 49.2 50.0 64.6 46.8 48.2 52.0 58.2 48.4 47.4 63.8 69.2 55.5
cluster 68.5 48.8 50.0 63.3 46.5 50.5 51.4 59.3 51.1 45.8 64.6 70.7 55.9
Ours 68.9 50.0 51.2 64.6 47.0 50.0 53.2 59.6 51.0 46.2 65.2 71.6 56.5

k=4

random 70.9 49.1 49.5 63.1 48.3 48.8 50.4 59.3 50.9 48.0 63.6 68.8 55.9
sem 68.0 49.2 53.0 63.8 48.2 46.0 51.0 58.0 48.0 49.8 64.6 66.4 55.5
cluster 70.0 48.8 50.4 63.4 49.6 50.1 51.5 57.5 49.5 48.9 63.7 69.9 56.1
Ours 68.4 49.2 52.6 62.6 46.8 49.4 51.6 59.8 52.8 46.8 64.0 70.6 56.2

BLOOMZ-7b1 60.2 49.4 48.6 74.0 48.2 46.8 55.0 72.2 49.8 44.2 71.0 77.2 58.1

k=2

random 66.3 48.7 49.3 71.8 54.7 51.1 57.3 69.1 51.2 49.5 71.1 77.4 59.8
sem 73.4 48.4 48.4 72.6 53.4 50.2 58.0 67.2 50.6 50.4 68.6 75.8 59.8
cluster 76.8 48.3 49.0 72.0 54.1 51.1 54.6 66.5 51.2 50.4 71.5 75.7 60.1
Ours 78.4 50.8 51.2 73.6 57.6 52.8 59.8 71.2 52.2 52.4 74.4 79.9 62.9

k=3

random 73.1 48.6 49.0 72.9 56.5 52.0 57.7 70.2 51.1 50.7 73.3 80.2 61.3
sem 75.6 50.4 49.4 69.4 54.2 52.2 54.8 66.8 50.0 46.2 71.0 74.2 59.5
cluster 77.3 49.7 49.0 72.3 56.0 50.0 54.3 66.7 50.7 49.4 69.9 75.6 60.1
Ours 79.8 51.8 51.2 73.2 58.4 53.2 57.6 70.8 52.3 54.8 74.6 79.8 63.1

k=4

random 78.7 48.0 48.1 69.8 56.6 51.4 58.9 71.1 51.5 50.5 72.9 79.9 61.5
sem 74.8 50.2 49.4 70.6 55.8 49.8 54.6 68.0 48.8 52.0 72.4 75.6 60.2
cluster 77.2 49.5 49.8 71.1 56.3 52.3 56.1 67.5 50.5 50.9 70.5 75.3 60.6
Ours 81.0 50.9 52.0 74.6 57.3 52.8 57.1 70.0 53.6 51.8 72.6 81.6 62.9

Table 6: Accuracy of XCOPA in 12 languages based on BLOOMZ models

13



XCOPA(acc.)

Model en et ht id it qu sw ta th tr vi zh AVG

BLOOM-7b1 30.6 56.4 47.8 50.2 49.8 49.2 49.8 49.4 11.8 59.4 44.6 46.8 45.5

k=2 random 50.5 49.5 49.6 49.8 50.1 50.9 49.6 49.3 50.3 49.9 50.9 49.6 50.0
sem 49.2 49.0 44.8 52.2 47.0 52.6 50.2 48.4 50.2 49.6 49.2 49.0 49.3
cluster 50.3 49.5 50.5 50.5 49.8 49.9 50.5 50.3 50.1 50.1 51.0 50.5 50.3
Ours 50.4 51.0 50.0 50.6 50.8 52.4 51.2 51.0 51.0 49.6 52.2 52.3 51.0

k=3 random 49.5 51.1 49.4 49.9 50.3 51.9 50.4 50.5 50.3 50.4 49.5 49.9 50.3
sem 47.4 50.0 51.0 52.8 46.8 48.2 47.8 51.4 48.2 48.6 46.6 47.6 48.9
cluster 49.1 48.6 49.7 49.3 48.2 49.4 50.3 48.9 50.2 49.5 50.7 48.5 49.4
Ours 51.8 49.6 50.8 50.8 50.6 52.0 50.2 50.6 51.8 51.2 50.8 51.2 51.0

k=4 random 50.4 49.6 49.1 49.2 50.8 50.9 50.0 50.3 50.5 50.7 49.8 49.9 50.1
sem 45.0 49.0 51.4 51.8 49.0 46.6 49.2 50.8 48.2 51.8 50.0 47.4 49.2
cluster 50.2 49.7 50.3 50.1 50.0 51.3 50.3 50.4 50.1 50.3 49.9 50.6 50.3
Ours 52.0 50.6 50.4 50.6 50.8 51.0 52.6 51.4 51.6 53.3 50.0 53.4 51.5

XGLM-7.5b 34.2 45.4 48.6 48.6 49.4 47.4 50.2 47.0 51.6 50.0 50.0 49.2 47.6

k=2 random 49.8 50.5 49.7 50.3 54.6 50.1 49.2 50.3 49.7 51.7 50.5 50.5 50.6
sem 48.6 52.2 46.0 51.2 49.2 53.0 50.4 46.2 51.4 50.2 46.2 50.4 49.6
cluster 49.2 49.1 49.2 50.4 50.3 48.9 46.5 48.9 49.9 50.6 50.3 49.5 49.4
Ours 50.2 54.8 51.6 54.6 53.6 51.4 51.6 54.0 51.6 50.8 51.6 53.0 52.4

k=3 random 50.4 52.9 49.0 50.9 58.9 50.0 48.7 51.1 49.8 53.4 50.5 50.8 51.4
sem 48.6 53.2 52.0 53.8 53.2 49.6 47.4 54.6 49.2 54.0 50.6 49.4 51.3
cluster 50.5 51.5 50.1 51.3 56.2 50.2 48.9 48.7 49.7 53.5 49.7 49.8 50.8
Ours 53.2 55.6 52.2 53.4 56.6 50.8 51.4 50.6 51.0 55.0 50.0 53.1 52.7

k=4 random 49.8 52.8 50.0 50.1 54.7 50.3 48.9 49.7 50.3 51.7 50.0 50.3 50.7
sem 47.6 50.6 51.6 52.4 52.0 47.0 50.6 51.4 48.4 52.6 49.4 47.0 50.1
cluster 51.8 51.9 48.9 50.3 55.5 50.0 49.1 49.8 50.6 52.6 49.3 50.3 50.9
Ours 52.0 54.0 52.0 54.6 55.8 51.4 51.0 51.4 50.8 53.2 51.5 51.0 52.4

Llama-2-7b 48.6 18.4 16.0 15.4 29.0 23.2 20.6 23.8 39.0 15.6 15.8 26.2 24.3

k=2 random 82.0 49.0 48.3 61.1 68.8 50.3 49.4 48.6 51.5 54.4 57.8 64.2 57.1
sem 79.6 50.2 46.8 59.4 68.2 48.8 49.4 48.8 54.6 54.0 63.2 65.4 57.4
cluster 80.7 50.0 50.6 59.8 69.0 50.4 50.3 48.9 52.1 53.3 57.8 66.1 57.4
Ours 84.0 51.0 51.8 63.4 72.6 52.0 52.4 51.2 54.4 55.6 62.0 67.2 59.8

k=3 random 77.6 48.9 49.9 62.4 68.4 50.5 48.7 47.5 52.1 55.3 60.2 64.0 57.1
sem 78.8 50.6 52.2 62.4 71.0 50.6 47.6 49.2 51.4 56.0 62.2 67.2 58.3
cluster 81.9 48.8 51.3 63.0 70.3 49.8 49.9 49.1 54.3 54.0 59.3 67.1 58.2
Ours 84.4 52.0 53.6 64.0 72.8 51.8 51.6 51.4 53.8 56.1 62.0 69.8 60.3

k=4 random 79.3 50.1 51.2 60.2 69.3 50.4 51.9 49.0 53.5 54.0 59.0 64.1 57.7
sem 80.8 52.0 47.0 61.6 69.6 51.2 51.4 47.4 51.2 54.0 60.6 65.4 57.7
cluster 81.4 50.5 49.5 60.9 69.9 51.7 50.5 48.5 52.5 54.5 59.0 66.1 57.9
Ours 84.4 51.6 52.4 64.6 72.2 52.2 52.8 49.6 54.2 54.6 64.4 70.6 60.3

Table 7: Accuracy of XCOPA in 12 languages based on BLOOM-7b1, XGLM-7.5b and Llama-2-7b models.
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Model ar bg en fi id ko ru sw te AVG

BLOOMZ-1b7 76.1 80.5 65.9 4.0 79.0 4.6 27.4 76.2 85.8 55.5

k=2

random 81.4 86.7 71.2 8.2 83.0 6.4 39.9 81.1 87.6 60.6
sem 79.0 84.8 71.8 7.7 82.1 5.8 39.9 79.2 87.2 59.7
cluster 81.5 85.5 71.2 8.4 82.3 7.0 39.1 79.6 87.5 60.2
Ours 79.8 85.7 72.5 21.6 80.9 21.7 42.1 81.6 88.1 63.8

k=3

random 81.0 87.3 71.9 9.6 83.0 5.8 39.9 81.3 87.5 60.8
sem 80.3 86.4 71.2 8.0 81.8 6.7 39.8 80.2 87.1 60.2
cluster 80.8 86.5 71.1 8.2 81.7 6.3 38.8 79.6 87.6 60.1
Ours 79.6 87.1 73.0 21.9 81.1 22.2 42.2 81.4 87.4 64.0

k=4

random 81.2 87.2 73.1 10.2 83.2 6.4 39.8 81.2 87.7 61.1
sem 79.3 87.1 72.1 6.9 82.6 7.4 39.7 79.9 87.4 60.3
cluster 80.7 86.4 70.8 9.1 81.8 6.5 39.0 79.2 87.4 60.1
Ours 79.8 85.7 72.5 21.6 80.9 21.7 42.1 81.6 88.1 63.8

BLOOMZ-3b 79.6 88.4 74.5 10.5 81.0 11.0 36.8 76.5 88.3 60.7

k=2

random 82.6 89.0 77.4 13.3 83.7 12.1 43.1 82.7 89.0 63.7
sem 82.1 89.0 77.8 14.2 83.0 12.7 43.1 82.6 89.4 63.8
cluster 82.4 88.3 76.9 13.5 82.7 11.8 42.7 82.4 89.1 63.3
Ours 82.8 90.7 78.6 27.0 83.2 27.2 45.0 82.1 89.5 67.3

k=3

random 82.8 88.5 78.0 14.9 83.0 11.7 43.5 82.4 89.3 63.8
sem 82.6 88.4 78.8 13.9 82.4 12.7 43.9 82.2 89.3 63.8
cluster 82.2 88.3 77.1 13.7 82.1 11.4 42.3 81.7 89.2 63.1
Ours 82.8 89.7 78.9 27.5 82.7 27.1 45.2 82.2 89.5 67.3

k=4

random 82.5 89.0 77.8 16.1 83.5 13.1 44.3 83.5 89.3 64.3
sem 82.1 88.7 78.8 14.3 83.5 12.5 42.3 81.8 89.4 63.7
cluster 82.3 89.0 77.5 13.8 82.7 12.2 42.0 82.4 89.2 63.5
Ours 82.6 89.4 78.5 27.8 82.5 27.4 45.8 81.5 89.2 67.2

BLOOMZ-7b1 77.6 86.8 70.8 8.8 67.8 16.1 34.8 70.3 85.8 57.6

k=2

random 82.1 88.7 78.2 18.3 76.0 18.2 47.7 84.0 88.2 64.6
sem 81.4 89.2 77.1 20.0 75.6 18.7 44.0 81.1 88.2 63.9
cluster 81.9 88.8 71.8 18.7 74.4 18.7 45.8 82.1 88.2 63.4
Ours 79.5 87.7 77.9 30.2 73.2 30.0 46.5 82.1 88.3 66.1

k=3

random 81.8 88.4 79.1 21.4 75.7 18.2 46.8 84.2 88.3 64.9
sem 80.0 89.1 78.5 20.1 74.4 18.7 45.9 81.8 87.8 64.0
cluster 81.6 89.4 72.1 19.6 73.9 18.1 45.1 81.9 88.1 63.3
Ours 80.2 88.5 77.2 30.1 74.1 30.5 46.6 81.5 88.1 66.3

k=4

random 82.3 88.9 80.3 23.9 76.0 20.0 47.4 84.4 87.9 65.7
sem 79.3 88.0 77.3 19.4 74.2 17.2 45.2 81.0 88.2 63.3
cluster 81.3 88.0 71.9 19.1 73.4 18.3 45.6 81.5 88.0 63.0
Ours 79.2 86.7 78.1 30.2 72.6 31.0 46.6 80.6 87.8 65.8

Table 8: F1 scores of TydiQA-GoldP in 9 languages based on BLOOMZ models.
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TydiQA-GoldP(F1)

Model ar bg en fi id ko ru sw te AVG

BLOOM-7b1 26.7 21.3 20.9 5.9 26.9 3.8 12.9 20.0 16.4 17.2

k=2

random 29.0 24.6 22.5 5.5 28.2 3.8 12.6 18.7 12.7 17.5
sem 30.0 24.1 23.9 5.6 29.3 3.9 15.7 20.7 13.3 18.5
cluster 30.3 24.2 23.7 5.5 28.9 3.7 15.3 19.9 12.9 18.3
Ours 30.2 28.7 26.8 19.0 28.8 19.3 18.2 19.7 17.7 23.1

k=3

random 27.8 24.0 22.5 6.7 27.3 3.2 13.2 20.4 15.5 17.8
sem 30.5 26.5 23.9 5.4 28.9 3.9 15.9 20.2 13.3 18.7
cluster 30.0 24.3 23.6 5.5 28.2 3.8 14.6 20.0 13.4 18.2
Ours 30.4 28.4 26.6 18.8 28.4 19.2 18.2 20.5 17.6 23.1

k=4

random 30.4 25.9 23.2 5.5 29.2 4.1 15.8 20.0 13.4 18.6
sem 31.0 24.5 24.0 5.6 28.7 3.7 15.6 20.9 13.1 18.6
cluster 30.4 24.9 23.8 5.3 28.9 3.8 14.8 20.4 13.3 18.4
Ours 30.7 29.4 27.3 19.5 28.5 19.6 18.5 19.9 18.2 23.5

XGLM-7.5b 23.6 18.7 8.5 12.6 10.8 8.7 7.9 25.2 25.8 15.8

k=2

random 26.1 20.3 13.2 15.6 18.8 14.1 11.6 21.7 27.8 18.8
sem 27.0 21.6 17.1 17.6 21.5 16.1 13.4 23.8 28.2 20.7
cluster 26.7 17.6 15.4 16.6 18.7 13.6 12.1 20.9 27.3 18.8
Ours 27.4 24.6 21.9 20.0 20.3 19.1 17.6 22.7 28.1 22.4

k=3

random 25.9 20.0 13.6 16.7 18.5 13.7 12.0 20.9 27.3 18.7
sem 26.4 19.5 18.0 19.1 21.1 15.3 12.6 23.5 27.2 20.3
cluster 26.4 19.2 16.7 18.5 19.4 13.4 12.2 22.1 28.0 19.5
Ours 25.6 24.4 21.9 20.8 21.0 19.9 18.3 22.9 27.4 22.5

k=4

random 26.7 20.1 16.1 18.4 20.4 14.1 12.9 21.4 27.7 19.8
sem 25.7 20.0 20.2 19.2 21.9 15.9 12.6 24.4 27.4 20.8
cluster 26.4 20.0 18.3 18.1 20.0 13.9 12.5 22.1 26.6 19.8
Ours 26.6 25.5 22.8 21.6 21.2 20.3 18.5 24.1 27.2 23.1

Llama-2-7b 7.1 4.6 40.7 36.2 30.8 7.5 20.2 17.3 0.4 18.3

k=2

random 11.3 2.2 60.3 43.9 43.9 16.5 28.2 24.5 4.6 26.2
sem 14.7 2.1 61.7 45.4 43.9 21.7 29.5 27.4 6.5 28.1
cluster 15.8 2.5 63.2 44.1 44.4 20.1 29.6 26.7 3.2 27.7
Ours 16.9 3.2 69.2 50.3 51.7 21.9 34.9 37.7 10.4 32.9

k=3

random 13.8 2.5 64.1 46.6 47.7 19.0 29.9 32.4 10.1 29.6
sem 15.4 3.5 65.2 47.0 47.1 20.2 31.8 30.6 8.5 29.9
cluster 14.8 2.2 65.9 45.4 45.2 20.4 30.4 27.8 7.5 28.8
Ours 16.6 4.6 68.8 52.1 52.2 24.5 35.2 39.4 8.6 33.5

k=4

random 13.9 2.4 66.9 49.5 50.1 21.8 32.7 36.0 10.1 31.5
sem 14.3 3.3 66.6 48.4 47.2 18.2 32.7 29.9 11.0 30.2
cluster 14.6 2.8 66.0 48.3 47.4 21.8 31.3 32.2 8.6 30.3
Ours 16.8 5.5 64.9 52.3 54.6 28.9 33.7 39.8 12.0 34.3

Table 9: F1 score of TydiQA-GoldP in 9 languages based on BLOOM-7b1, XGLM-7.5b and Llama-2-7b models.
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