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Abstract001

While large language models (LLMs) have002
achieved notable progress in multilingual set-003
tings, their performance remains uneven across004
languages as LLMs often rely on English-005
centric latent representations. In this work,006
we introduce code-switching in-context learn-007
ing (CSICL), a simple yet effective prompt-008
ing strategy that gradually transitions from a009
target language to English within demonstra-010
tions and instruction to facilitate their latent011
reasoning in English. By explicitly scaffold-012
ing the reasoning process through controlled013
code-switching, CSICL acts as an implicit lin-014
guistic bridge that enhances cross-lingual align-015
ment. We conduct extensive experiments across016
4 LLMs, 6 datasets, and 10 languages, span-017
ning both knowledge-intensive and reasoning-018
oriented domains. Our results demonstrate that019
CSICL consistently outperforms X-ICL base-020
lines, achieving 6.0%p and 4.8%p higher per-021
formance in both target and unseen languages,022
respectively. The improvement is generalized023
across diverse language families and even024
more pronounced in low-resource settings, with025
gains of 14.7%p in target and 5.3%p in un-026
seen languages. These findings establish code-027
switching as a robust and effective approach028
for overcoming the cross-lingual misalignment029
during inference, moving LLMs toward more030

equitable and effective multilingual systems. 1
031

1 Introduction032

Large language models (LLMs) have demonstrated033

remarkable multilingual capabilities, powering di-034

verse tasks such as question answering (Tjuatja035

et al., 2024), translation (Xu et al., 2024), and rea-036

soning (Shi et al., 2023) across languages. How-037

ever, recent studies reveal that this competence is038

far from language-agnostic, as LLMs typically rely039

on English-centric latent representations (Wendler040

1Code available at https://anonymous.4open.
science/r/csicl/.

Let's gradually translate this non-English query into English, 
then think in English, and finally answer the question.

(    0%) 다음 중 뇌하수체가 들어 있는 체강은 무엇입니까?
(  25%) 다음 중 pituitary gland가 들어 있는 체강은 무엇입니까?
(  50%) Which of the following 중 pituitary gland가 들어 있는 body 

cavity는 무엇입니까?
(  75%) Which of the following 중 pituitary gland를 contain하는 body 

cavity는 무엇입니까?
(100%) Which of the following is the body cavity that contains the 

pituitary gland?

The answer is 두개골 (Translation: skull).

다음 중 뇌하수체가 들어 있는 체강은 무엇입니까?
(Which of the following is the body cavity that contains the pituitary gland?)
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Figure 1: Overview of CSICL. We employ (1) gradual
code-switching few-shot demonstrations and (2) gradual
translation instruction to help the latent process of LLMs
for non-English inputs and better align cross-lingual
representations during LLM inference.

et al., 2024; Zhong et al., 2025). Consequently, 041

cross-lingual misalignment, such as failures in in- 042

ternally translating entities into English, can lead 043

to a sharp drop in non-English performance (Bafna 044

et al., 2025). This highlights that multilingual com- 045

petence in LLMs remains uneven, thereby limiting 046

the inclusive deployment of these models across 047

diverse linguistic communities around the world. 048

For robust multilingual generalization, LLMs 049

should better align English-centric latent repre- 050

sentations across languages, moving beyond im- 051

proving a single target language performance. A 052

common approach is cross-lingual in-context learn- 053

ing (X-ICL), which uses demonstrations in high- 054

resource languages (e.g., English) (Lin et al., 2022) 055

to elicit behaviors in low-resource (Cahyawijaya 056

et al., 2024) or unseen (Winata et al., 2022) lan- 057

guages. However, existing X-ICL often transfers 058

superficial task patterns (e.g., output format, label 059

mapping, etc.), employing monolingual demonstra- 060

tions without necessarily reducing the underlying 061

cross-lingual representational gap. 062

Meanwhile, code-switching, a natural alterna- 063
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tion between languages, has been shown to bene-064

fit cross-lingual transfer in training phases (Wang065

et al., 2025b; Yoo et al., 2025a; Chai et al., 2025),066

pointing its potential to improve cross-lingual align-067

ment at inference time. In this paper, we pro-068

pose code-switching in-context learning (CSICL), a069

prompting strategy that explicitly guides the reason-070

ing process of LLMs through a gradual transition071

from a target language to English during inference072

(Figure 1). Specifically, CSICL begins in the target073

language, progressively introduces English tokens074

via code-switching, and converges to a full English075

equivalent, using chain-of-thought prompting with076

few-shot demonstrations. This gradual shift acts as077

a linguistic bridge, nudging LLMs to align cross-078

lingual representations directly, rather than relying079

solely on latent translation.080

We conduct large-scale, rigorous evaluations081

across 4 multilingual LLMs in 10 languages on082

6 datasets spanning diverse tasks and knowledge083

domains. We observe that CSICL consistently out-084

performs X-ICL baselines, yielding improvements085

of 3.1%p and 1.9%p in target and unseen languages,086

respectively. We generalize this to diverse tasks and087

highlight its effectiveness, particularly in transla-088

tion and reasoning tasks. These findings position089

CSICL as a robust, effective direction for cross-090

lingual transfer, moving LLMs closer to more in-091

clusive, end-to-end multilingual systems.092

Our contributions are threefold:093

• We propose CSICL, a novel code-switching-094

based prompting strategy that gradually095

bridges target languages with English repre-096

sentations during inference.097

• We conduct a systematic evaluation of CSICL098

across 4 LLMs, 6 tasks, and 10 languages,099

demonstrating consistent improvements over100

standard X-ICL baselines.101

• We show that CSICL is effective across lan-102

guage families, particularly in unseen, low-103

resource languages.104

2 Background105

2.1 Code-switching106

Code-switching, also known as code-mixing or107

language alternation, is a common linguistic phe-108

nomenon in which a speaker interleaves two or109

more languages within a single conversational con-110

text (Auer, 1998). It occurs in various switch-111

ing levels: subwords such as at morpheme bound- 112

ary (i.e., intra-word switching), tag phrases (i.e., 113

tag-switching), words (i.e., intra-sentential switch- 114

ing), and sentences or clauses (i.e., inter-sentential 115

switching). Matrix Language Frame (MLF) model, 116

which distinguishes a grammatically dominant 117

matrix language (ML) and an inserted embed- 118

ded language (EL) (Myers-Scotton, 1997), has 119

been widely adopted as a syntactic rule for code- 120

switching. The following examples illustrate code- 121

switching, with variation in the choice of matrix 122

language and embedded language. The sentence 123

originates from Global MMLU (Singh et al., 2025): 124

“Paper will burn at approximately what temperature 125

in Fahrenheit?” 126

(1) Paper
ML

will
ML

brûler
EL

at
ML

approximately
ML

quelle
EL

température
EL

in
ML

Fahrenheit
ML

?

(ML: English, EL: French)

127

(2) En
ML

degrés
ML

Fahrenheit,
ML

à
ML

approximately
EL

what
EL

temperature
EL

le
ML

papier
ML

burn
EL

-t-il
ML

?

(ML: French, EL: English)

128

2.2 In-context learning 129

In-context learning (ICL) is a paradigm that al- 130

lows language models to learn tasks given only a 131

few examples in the form of demonstrations (Dong 132

et al., 2024). Brown et al. (2020) investigated a 133

few-shot transfer that concatenates one or more ex- 134

amples as a demonstration, and follow-up studies 135

have explored the selection (Rubin et al., 2022), for- 136

matting (Kim et al., 2022), and ordering (Lu et al., 137

2022) of the demonstration examples. As several 138

tasks require more complex reasoning, Wei et al. 139

(2022) proposed chain-of-thought (CoT) prompt- 140

ing that generates intermediate reasoning steps be- 141

tween inputs and outputs. Kojima et al. (2022); 142

Wang et al. (2022); Zhang et al. (2023b); Zhou et al. 143

(2023) further introduced zero-shot CoT, highlight- 144

ing the step-by-step reasoning in LLMs. 145
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3 Code-Switching In-Context Learning146

In this paper, we propose code-switching in-147

context learning (CSICL) for cross-lingual transfer148

of LLMs. Figure 1 illustrates an abstract example149

of CSICL. Given (1) gradual translation instruction150

and (2) gradual code-switching few-shot demon-151

strations, CSICL facilitates the latent process of152

LLMs to understand non-English input. The ex-153

act system prompts for the demonstrations and the154

instructions are in Appendix A.2.155

Instruction. We instruct LLMs to process non-156

English inputs by progressively translating them157

into English using code-switching. Following the158

few-shot demonstrations, we ask them to159

1. Repeat a short, single-sentence instruction160

that guides a model to gradual translation (i.e.,161

“Let’s gradually translate this non-English162

query into English, then think in English, and163

finally answer the question.”);164

2. Explicitly show their step-by-step, progressive165

translation process into English;166

3. Provide the final answer in the target language,167

following the specified format (e.g., “The an-168

swer is . . . ”).169

Demonstrations. We employ gradual code-170

switching as both a few-shot demonstration, which171

1. Begins with a query in a target language (i.e.,172

En 0%);173

2. Progressively transition to English by lever-174

aging code-switching whose matrix language175

is the target language and the embedded lan-176

guage is English (i.e., En 25→50→75%);177

3. Finally concludes with the full English equiv-178

alent (i.e., En 100%).179

We randomly sample 5 instances from the test sets180

as demonstrations and transform them into gradual181

inter-sentential code-switching from a target lan-182

guage into English. Figure 2 illustrates the two-step183

pipeline to construct these demonstrations in CSICL.184

Following Kim et al. (2025), we first instruct GPT-185

5 2 to generate the code-switching sentences given186

parallel inputs, by providing both a detailed de-187

scription of the MLF model and five illustrative188

examples. We then prompt GPT-5 again with the189

2Version: gpt-5-2025-08-07

(    0%) 다음 중 뇌하수체가 들어 있는 체강은 무엇입니까?
(  25%) 다음 중 pituitary gland가 들어 있는 체강은 무엇입니까?
(  50%) Which of the following 중 pituitary gland가 들어 있는 

body cavity는 무엇입니까?
(  75%) Which of the following 중 pituitary gland를 contain하는 

body cavity는 무엇입니까?
(100%) Which of the following is the body cavity that contains 

the pituitary gland?

Step 1: Generate Code-Switching 
Demonstration based on Parallel Texts

Step 2: Gradually Convert 
Code-Switching Demonstration

Given [triple sentences] and [description of MLF model], 
generate a gradual code switching demonstrations.

[Input]

[Rules]
 …

      (EN) Which of the following is the body cavity that contains 
the pituitary gland?

      (KO) 다음 중 뇌하수체가 들어 있는 체강은 무엇입니까?

Given [parallel sentences] and [description of MLF 
model], generate a code-switching sentence.

[Input]

[Rules]
Following the Matrix Language Frame (MLF) model …

      (EN) Which of the following is the body cavity that contains 
the pituitary gland?

      (KO) 다음 중 뇌하수체가 들어 있는 체강은 무엇입니까?

       (CS) Which of the following 중 pituitary gland가 들어 있는 
body cavity는 무엇입니까?

       (CS) Which of the following 중 pituitary gland가 들어 있는 
body cavity는 무엇입니까?

Figure 2: Two-step pipeline to generate gradual code-
switching few-shot demonstrations in CSICL.

generated output code-switching sentences and par- 190

allel sentences to produce gradual code-switching 191

demonstrations. To ground the system prompt, we 192

carefully curate the real-world code-switching ex- 193

amples from Finer (2014). 194

4 Experiments 195

4.1 Experimental Setup 196

4.1.1 Evaluation Setup 197

Following Lin et al. (2022), we use English 198

prompts with cross-lingual 5-shot demonstrations. 199

The samples used as few-shot demonstrations are 200

excluded from the corresponding test set to avoid 201

data leakage. For each experiment, we set 3 tar- 202

get languages in total—i.e., French (high), Korean 203

(mid), Yoruba (low)—and report performances in: 204

(1) the target language and (2) random, unseen lan- 205

guages that do not appear in the demonstrations. 206

Evaluating unseen languages is particularly impor- 207

tant, as real-world multilingual systems are often 208

deployed in settings where the test language rarely 209

appears in the training or demonstration phase. 210

We compare CSICL against five conventional X- 211

ICL baselines following Asai et al. (2024): 212

• Monolingual few-shot demonstrations in ei- 213

ther English or a target language; 214

• Parallel few-shot demonstrations concatenat- 215

ing the target language and English; 216

• Instructions to translate the target language 217

into either English or a random language, 218

given the parallel few-shots (Chai et al., 2025). 219

For ablations, we additionally employ five base- 220

lines to validate the effectiveness of both (gradual) 221

code-switching demonstrations and instructions: 222

• Inter-sentential code-switching (CS) few-shot 223

demonstrations between the English and the 224
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target language, controlling a matrix and an225

embedded language;226

• Gradual code-switching demonstrations in227

both directions (i.e., English to the target lan-228

guage and the target language to English);229

• Zero-shot gradual translation instruction230

that converts the target language query into231

English.232

4.1.2 Evaluation Models233

We use four state-of-the-art multilingual LLMs234

(i.e., two open and two proprietary models). Model235

versions and details are stated in Appendix A.1.236

• Qwen3-32B (Yang et al., 2025);237

• deepseek-chat-v3.1 (DeepSeek-AI et al.,238

2025);239

• grok-4-fast (xAI, 2025);240

• Gemini 2.5 Flash (Comanici et al., 2025).241

4.1.3 Evaluation Datasets242

For the experiments in §4.2.1–4.2.3, we construct243

a balanced set of 36,000 instances by randomly244

sampling 600 questions per subject category (six245

in total) and per language (ten in total) from246

Global MMLU (Singh et al., 2025) for general247

knowledge evaluation. The languages include En-248

glish, three target languages from three distinct249

language families, and six unseen languages across250

six different language families spanning resource251

levels—Chinese, Spanish (high); Indonesian, Turk-252

ish (mid); Swahili, Telugu (low).253

In §4.2.4, we further conduct an ablation across254

tasks and knowledge domains using 5 datasets, fix-255

ing Spanish as the target and selecting one mid- to256

high-resource unseen language per dataset (shown257

in parentheses):258

• FLORES+ (Costa-jussà et al., 2024) for ma-259

chine translation to English (Japanese);260

• MedExpQA (Alonso et al., 2024) for domain-261

specific (i.e., medical) reasoning (French);262

• PolyMath (Wang et al., 2025a) for mathemati-263

cal reasoning (Chinese);264

• BLEnD (Myung et al., 2024) for cultural265

knowledge (Korean);266

• MBBQ (Neplenbroek et al., 2024) for social267

bias (Dutch).268

For MBBQ, we randomly select ten samples (five 269

ambiguous contexts and five unambiguous con- 270

texts) per template in the MBBQ dataset, total- 271

ing 980 samples, due to limited computational re- 272

sources for processing the full 10k+ instances. For 273

the other task ablation datasets, we employ the 274

entire set for the other datasets. We use accuracy, 275

exact match (EM), and COMET (Rei et al., 2022) 276

as evaluation metrics for multiple-choice questions 277

(Global MMLU, MBBQ), short-answer questions 278

(MedExpQA, PolyMath, BLEnD), and translation 279

(FLORES+), respectively. System prompts for in- 280

ference and evaluation in each setting and dataset 281

are described in Appendix A.2. 282

4.1.4 Statistical Significance Testing 283

Due to limited computational resources, we con- 284

duct the following experiments as a single run with 285

a fixed seed. Instead, we apply bootstrap resam- 286

pling with 2,000 iterations over the evaluation set 287

to rigorously evaluate whether CSICL significantly 288

outperforms the baseline systems. In each itera- 289

tion, we compute the performance difference be- 290

tween CSICL and a given baseline and derive a 95% 291

percentile bootstrap confidence interval (CI) from 292

the resulting distribution. A difference is deemed 293

statistically significant if the lower bound of the 294

CI is greater than zero, indicating that CSICL con- 295

sistently outperforms the corresponding baseline. 296

We repeat this analysis against all baselines and 297

mark the results with an asterisk only when CSICL 298

achieves statistical significance over every baseline. 299

4.2 Results and Analyses 300

4.2.1 Main Results 301

Table 1 reports the results of CSICL on Global 302

MMLU. Table 6 in Appendix C.5 shows addi- 303

tional experimental results controlling the combina- 304

tion of demonstration and instruction settings. We 305

primarily report experimental results using Qwen 306

3 in the main text, while the full results for the 307

other three models are stated in Appendix C.5. 308

CSICL outperforms existing X-ICL baselines in 309

both target and unseen languages. Specifically, 310

CSICL produces 6.0%p higher performance than 311

monolingual demonstrations in the target language, 312

while the performance gap in English is within 313

0.2%p. In addition, CSICL shows substantial cross- 314

lingual transfer in unseen, low-resource languages 315

(+4.8%p), highlighting its practical need in mul- 316

tilingual scenarios. Interestingly, we observe that 317

monolingual demonstrations in the target language 318
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Method
X-ICL setting

En Tgt.∗
Unseen Lang.

Demonstration Instruction High∗ Mid∗ Low∗

Zero-shot learning ✗ ✗ 88.6 68.6 86.2 62.1 39.4

Few-shot learning
✓ Monolingual (En) ✗ 88.8 70.8 86.5 62.8 41.2
✓ Monolingual (Tgt.) ✗ 88.8 72.0 86.9 62.1 38.7

✓ Parallel ✗ 88.7 72.7 87.1 63.0 41.4

Zero-shot CoT
✗ ✓ Translation (Tgt.→En) 88.8 74.5 87.4 63.7 42.0
✗ ✓ Translation (Tgt.→Rnd.) 88.6 73.8 87.5 63.8 42.3

CSICL ✓ Gradual CS (Tgt.→En) ✓ Gradual Translation (Tgt.→En) 88.6 76.8 87.8 64.9 46.0

Table 1: Experimental results comparing CSICL to existing X-ICL baselines using Qwen 3. X-ICL setting describes
each method in terms of a combination of its few-shot demonstrations and instruction. CSICL outperforms X-ICL
baselines in both target and unseen languages, yielding stable results in English. Bold and underline denote the best
and the second-best results, respectively. Tgt. and Rnd. denote a target language and a random language, respectively.
Asterisk indicates statistical significance against each and every baseline within the corresponding column.

Qwen 3 *DeepSeek 3.1 * Grok 4 * Gemini 2.5 *
70

75

80 Monolingual (En)
Monolingual (Tgt.)
Parallel
Translation (Tgt. En)
Translation (Tgt. Rnd.)
CSICL (Tgt. En)

Figure 3: Experimental results of X-ICL approaches
in target languages using four models. Tgt. and Rnd.
denote a target language and a random language, respec-
tively. Asterisk indicates statistical significance against
each and every baseline within the corresponding model.

yield higher performance, whereas the benefit di-319

minishes in unseen languages. This contrast high-320

lights a key limitation of monolingual prompting: it321

overfits the demonstrated language rather than fos-322

tering cross-lingual alignment. In contrast, CSICL323

explicitly facilitates this alignment through grad-324

ual code-switching, resulting in stronger transfer to325

unseen settings. We do not observe significant dif-326

ferences in the out-of-format ratio, which remains327

below 0.05% for all X-ICL settings. Figure 6 in328

Appendix C.1 visualizes how CSICL aligns cross-329

lingual representations. We further demonstrate the330

effectiveness of CSICL on across model sizes in331

Appendix C.2 (Figure 7).332

Models. Figure 3 displays experimental results333

of each model with X-ICL approaches in target lan-334

guages on Global MMLU. All four models achieve335

similar trends across X-ICL settings, where CSICL336

significantly outperforms existing baselines.337

Subject categories. Figure 4 shows experimental338

results of X-ICL approaches using Qwen 3 for six339

Humanities*

Social Science*

Business*

STEM*

Medical*

Other*

556065707580

Monolingual (En)
Monolingual (Tgt.)
Parallel
Translation (Tgt. En)
Translation (Rnd. En)
CSICL (Tgt. En)

Figure 4: Experimental results of X-ICL approaches for
each subject category on Global MMLU using Qwen 3.
Tgt. and Rnd. denote a target language and a random
language, respectively. Asterisk indicates statistical sig-
nificance against each and every baseline within the
corresponding subject.

subject categories on Global MMLU. CSICL signif- 340

icantly surpasses baselines across all categories. 341

Languages. Figure 5 presents performance dif- 342

ferences (%p) of each X-ICL setting compared to 343

zero-shot learning, where their target languages are 344

French, Korean, and Yoruba, respectively. CSICL 345

outperforms X-ICL baselines, particularly in target 346

languages and mid- to low-resource unseen lan- 347

guages, while English performance remains stable. 348

Interestingly, the benefits of CSICL extend beyond 349

script similarity or language family, implying that it 350

fosters language-agnostic cross-lingual alignment 351

rather than relying on superficial linguistic overlap. 352

4.2.2 Ablation Study 353

Table 2 shows the experimental results of the ab- 354

lation study. We observe that both gradual code- 355

switching demonstrations and translation instruc- 356

tion contribute to cross-lingual transfer, by yield- 357
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Method
X-ICL setting

En Tgt.
Unseen Lang.

Demonstration Instruction High Mid Low

Few-shot learning

✓ CS (En+Tgt.) ✗ 88.6 73.6 87.1 62.9 43.3
✓ CS (Tgt.+En) ✗ 88.7 73.7 87.0 62.8 43.1

✓ Gradual CS (En→Tgt.) ✗ 88.7 74.0 87.6 63.8 44.5
✓ Gradual CS (Tgt.→En) ✗ 88.6 74.2 87.7 64.3 45.7

Zero-shot CoT ✗ ✓ Gradual Translation (Tgt.→En) 88.7 74.6 87.2 63.8 42.0

CSICL
✓ Gradual CS (En→Tgt.) ✓ Gradual Translation (En→Tgt.) 88.7 75.0 87.6 64.0 45.2
✓ Gradual CS (Tgt.→En) ✓ Gradual Translation (Tgt.→En) 88.6 76.8 87.8 64.9 46.0

Table 2: Ablation results to verify the effectiveness of both (gradual) code-switching demonstrations and translation
instruction in CSICL. Both components contribute to improved cross-lingual transfer. Bold and underline denote the
best and the second-best results, respectively. Tgt. denotes a target language.

X-ICL setting En Tgt.∗
Unseen Lang.

High∗ Mid∗ Low∗

Paraphrasing (En) 88.9 71.0 86.6 63.2 41.6
Paraphrasing (Tgt.) 88.8 72.3 87.0 62.6 39.3

CSICL (Tgt.→En) 88.6 76.8 87.8 64.9 46.0

Table 3: Experimental results comparing CSICL to para-
phrased, monolingual demonstrations, keeping the num-
ber of sentences per shot, using Qwen 3. Bold and under-
line denote the best and the second-best results, respec-
tively. Tgt. denotes a target language. Asterisk indicates
statistical significance against each and every baseline
within the corresponding column.

ing 3.4%p and 3.8% higher accuracy compared358

to the monolingual baseline. In particular, grad-359

ual code-switching consistently achieves higher360

performances than code-switching (+0.5%p), par-361

allel (+1.5%p), and monolingual demonstrations362

(+3.4%p). Furthermore, transitioning from a tar-363

get language to English outperforms the reverse364

direction, supporting our hypothesis that CSICL al-365

leviates the translation barrier by scaffolding the366

latent translation process of LLMs. This asymmetry367

indicates that LLMs benefit more when demonstra-368

tions converge to English representations, aligning369

with their latent space, rather than diverging away370

from it. Zero-shot and gradual translation instruc-371

tions yield minimal differences within 0.1%p in the372

target language, as the model fails to understand373

the concept of gradual translation and to follow it374

without explicit demonstrations. Specifically, zero-375

shot gradual translation instruction often collapses376

into abrupt translation, where the model outputs377

two sentences entirely in Korean, followed by three378

equivalent sentences entirely in English.379

4.2.3 CSICL vs. Paraphrasing 380

CSICL may benefit from using a larger number of 381

sentences, since CSICL includes four additional sen- 382

tences per demonstration. To control for this, we fix 383

the number of sentences per demonstration to five, 384

the same as in CSICL, and compare it against mono- 385

lingual demonstrations. Specifically, for each shot, 386

we add four paraphrased monolingual demonstra- 387

tions, generated by GPT-5 and then ask the LLMs 388

to solve the task. 389

Table 3 describes experimental results of CSICL 390

and paraphrased demonstrations on Global MMLU, 391

averaged over Qwen 3 and Gemini 2.5. Although 392

paraphrasing provides a marginal improvement in 393

cross-lingual transfer for both target (+0.2%p) and 394

unseen languages (+0.3%p) on average, its effect is 395

limited; CSICL consistently outperforms both base- 396

lines (+6.0%p and +4.8%p in the target and the un- 397

seen languages, respectively, on average). This sug- 398

gests that the gains of CSICL cannot be attributed 399

to a larger demonstration budget alone. Instead, the 400

gradual transition across languages supplies a dis- 401

tinct cross-lingual signal that paraphrasing fails to 402

capture, reinforcing the role of code-switching in 403

aligning multilingual representations. Table 5 in 404

Appendix C.4 reports an ablation study controlling 405

the language of paraphrasing demonstrations. 406

4.2.4 Task and Domain Knowledge 407

Table 4 presents experimental results of X-ICL ap- 408

proaches using Qwen 3 across five additional tasks 409

spanning translation, reasoning, and knowledge- 410

intensive evaluation. In line with earlier results, 411

CSICL consistently outperforms existing baselines 412

across settings. Following the descriptions pro- 413

vided in the original papers, we categorize tasks 414

into three types: 415
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Task type Translation
Reasoning-oriented Knowledge-intensive

Domain-specific Math Cultural Social Bias

X-ICL setting Tgt.∗ Uns.∗ En Tgt.∗ Uns.∗ En Tgt.∗ Uns.∗ En Tgt.∗ Uns.∗ En Tgt.∗ Uns.

Monolingual (En) 76.6 72.3 46.4 38.9 32.1 51.2 49.3 47.4 83.7 77.8 73.2 92.0 88.9 86.3
Monolingual (Tgt.) 75.3 71.6 45.8 38.5 30.3 50.5 49.7 46.1 83.1 78.9 71.5 91.6 89.3 85.8

Parallel 78.1 73.0 46.3 40.2 31.9 51.4 49.7 47.7 83.8 79.2 72.0 91.5 89.5 86.0

Translation (Tgt.→En) 74.8 72.1 46.1 39.6 32.3 50.8 50.8 48.2 83.3 78.5 71.7 92.1 90.1 86.4
Translation (Tgt.→Rnd.) 73.2 73.7 46.3 40.1 32.7 50.3 51.0 47.9 83.6 78.1 72.4 91.9 89.8 87.3

CSICL (Tgt.→En) 83.4 75.3 46.2 44.4 35.2 50.9 54.5 51.8 83.5 81.3 74.5 91.8 90.5 87.2

Table 4: Experimental results on 5 diverse tasks and domain knowledge using Qwen 3. CSICL achieves larger
improvements in translation and reasoning tasks. Bold and underline denote the best and the second-best results,
respectively. Tgt. and Rnd. denote a target language and a random language, respectively. Asterisk indicates
statistical significance against each and every baseline within the corresponding column.

• Machine translation (FLORES+);416

• Reasoning-oriented tasks (MedExpQA, Poly-417

Math);418

• Knowledge-intensive tasks (BLEnD, MBBQ).419

Translation. CSICL achieves the largest gains in420

the translation task—gains of +6.8%p and +3.0%p421

COMET in the target and the unseen languages, re-422

spectively, over monolingual demonstrations. This423

strong effect is expected, as progressive transition424

directly scaffolds the latent translation process,425

aligning the input with English-centric representa-426

tions. It is noteworthy that CSICL is effective even427

in a purely generative setting.428

Reasoning. Beyond translation, CSICL also im-429

proves reasoning-oriented tasks, with average gains430

of +5.4%p and +3.8%p of EM over monolingual431

baselines. We suppose that gradual transitions mit-432

igate representational interference: instead of rea-433

soning entirely in a non-English space, the demon-434

strations nudge the model to “think in English,”435

where reasoning capabilities are strongest. This436

highlights the potential of CSICL as a lightweight437

test-time alignment mechanism, complementary to438

scaling methods such as self-consistency.439

Knowledge. For cultural knowledge and social440

bias, the improvements are modest but still con-441

sistent (+2.6%p and +1.1%p in the target and the442

unseen languages, respectively, on average). This443

indicates that CSICL not only facilitates translation-444

like tasks but also improves general factual consis-445

tency across languages.446

5 Related Work 447

5.1 Cross-lingual Transfer in LLMs 448

Recent studies suggest that LLMs tend to rely 449

on English as a pivot for cross-lingual process- 450

ing. Zhao et al. (2024) showed that LLMs exhibit 451

language-specific neurons to process multilingual 452

inputs, and Schut et al. (2025) demonstrated that 453

LLMs internally translate multilingual inputs into 454

English representations and think in English. This 455

reliance on internal translation introduces a critical 456

vulnerability: translation barrier, where a failure in 457

the initial translation stage is propagated to the qual- 458

ity of the final outputs (Bafna et al., 2025). While 459

external machine translation can slightly mitigate 460

this issue (Etxaniz et al., 2024; Intrator et al., 2024), 461

it undermines the goal of using LLMs as seamless, 462

end-to-end multilingual systems. This motivates 463

the exploration of mechanisms that can directly ac- 464

tivate cross-lingual capabilities of LLMs without 465

relying on latent English translation. 466

To bridge this gap, cross-lingual transfer has 467

been widely studied (Pallucchini et al., 2025). For 468

example, Tanwar et al. (2023); Li et al. (2024); 469

Lin et al. (2025) investigated X-ICL approaches to 470

better align representations across languages. How- 471

ever, these approaches are primarily based on mono- 472

lingual demonstrations, requiring a more effective 473

signal that is multilingual itself and can mitigate 474

cross-lingual misalignment during inference. 475

5.2 Code-switching for Cross-lingual Transfer 476

Code-switching, which has been studied over 477

decades by the natural language processing commu- 478

nity (Winata et al., 2023), is a promising candidate 479

for such a direct signal. Code-switching has shown 480
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Monolingual (En)
Monolingual (Tgt.)
Parallel

Translation (Tgt. En)
Translation (Tgt. Rnd.)
CSICL (Tgt. En)

En Tgt.* Zh Es* Id* Tr* Sw* Te*

0%p

2%p

4%p

6%p

(a) Target: French (high)

En Tgt.* Zh Es Id* Tr* Sw* Te*

0%p

2%p

4%p

6%p

8%p

(b) Target: Korean (mid)

En Tgt.* Zh* Es* Id* Tr* Sw* Te*
-5%p

0%p

5%p

10%p

15%p

(c) Target: Yoruba (low)

Figure 5: Performance differences (%p) of CSICL and
X-ICL baselines compared to zero-shot learning setting
per a target language using Qwen 3. Tgt. and Rnd. de-
note a target and a random language. Asterisk indicates
statistical significance against each and every baseline
within the corresponding language.

its efficacy for cross-lingual transfer in various481

training stages, including pre-training (Wang et al.,482

2025b), continual pre-training (Yoo et al., 2025a),483

supervised fine-tuning (SFT) (Lee et al., 2024; Chai484

et al., 2025), and selective constrained decoding (Li485

et al., 2025). In particular, Chai et al. (2025) demon-486

strated that (1) SFT using inter-sentential code-487

switching data and (2) chain-of-thought prompt-488

ing, translating a non-English query into a random489

language and answering in the target language, en-490

hances cross-lingual transfer. Li et al. (2025) intro-491

duced probe-guided decoding with an additional492

classifier to enhance bilingual LLM reasoning with493

a case study of English-Chinese code-switching.494

Kang et al. (2026) suggested to selectively incorpo- 495

rate English translations into the latent reasoning 496

of LLMs using additional classifiers. 497

However, these approaches require substantial 498

additional training resources, while exploration re- 499

mains limited at the inference level, focusing only 500

on a specific task and domain knowledge. For ma- 501

chine reading comprehension, Kim et al. (2024) 502

provided a passage in English and a QA pair in a 503

target language, which is a form of intra-sentential 504

code-switching. Kim et al. (2025) showcased a case 505

study where Korean-English inter-sentential code- 506

switching can unlock Korean cultural knowledge 507

that remains inaccessible in English queries. Our 508

work, in contrast, introduces a training-free, task- 509

and language-agnostic approach that systemically 510

integrates inter-sentential code-switching into X- 511

ICL. By progressively transitioning from the target 512

language to English within demonstrations and in- 513

struction, CSICL improves cross-lingual transfer of 514

LLMs during inference. 515

6 Conclusion 516

In this work, we address cross-lingual misalign- 517

ment in multilingual LLMs—their over-reliance 518

on English-centric latent representations that often 519

leads to degraded performance in non-English. To 520

mitigate this issue, we introduce CSICL, a code- 521

switching based prompting strategy that better 522

aligns cross-lingual representations of multilingual 523

LLMs. By gradually transitioning from a target 524

language to English, CSICL serves as a linguis- 525

tic bridge that improves cross-lingual alignment 526

without requiring additional training or resources. 527

We rigorously examine CSICL across 4 multilin- 528

gual LLMs, 6 datasets, and 10 languages. CSICL 529

consistently outperforms conventional X-ICL base- 530

lines, achieving gains of 6.0%p and 4.8%p in 531

both target and unseen languages, respectively. We 532

demonstrate its pronounced improvements in low- 533

resource settings, with gains of 14.7%p in target 534

and 5.3%p in unseen languages. Beyond empirical 535

improvements, this paper positions code-switching 536

as a new lens for cross-lingual modeling during 537

LLM inference. Rather than treating language al- 538

ternation as noise, we frame it as a resource for 539

bridging linguistic gaps, opening a promising view 540

in robust and inclusive multilingual LLM research. 541
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Limitations542

In this paper, we focus on inter-sentential code-543

switching, which can occur at various switching544

levels. We consider this as a natural first step, and545

extending the approach to other switching levels is546

an important direction for future work.547

For evaluation, we largely employ automated548

metrics (i.e., accuracy, exact match, and COMET),549

which could be considered a limitation. We adopt550

automated metrics for consistency and scalability551

across multilingual settings, which is central to our552

study. Further, a small-scale human evaluation in553

Appendix C.3 shows strong agreement with the554

COMET-based results, indicating that our main555

findings are robust.556

We conduct experiments on 10 languages span-557

ning different resource levels. While this set cannot558

cover all language families, it offers a broad and559

representative sample that supports the generality560

of CSICL.561

In our task- and domain-specific evaluation562

(§4.2.4), we fix Spanish as the target language and563

vary the unseen language across datasets due to the564

limited availability of parallel data in specialized565

tasks and domains. While this design enables broad566

coverage of domains, part of the performance dif-567

ferences observed across tasks may stem from the568

choice of unseen languages rather from the tasks569

themselves. It reflects the practical challenges of570

multilingual evaluation and still provides a diverse571

and informative basis for analysis.572

Ethical Considerations573

All datasets used in this study are publicly avail-574

able and employed solely for research purposes,575

consistent with their intended licenses. We prevent576

data leakage by excluding the samples used as few-577

shot demonstrations from the corresponding test578

set. CSICL aims to improve the multilingual per-579

formance of LLMs, with the intended use for both580

research and practical applications, which is not581

used for malicious purposes. We use ChatGPT,582

Gemini, and Copilot for writing and coding assis-583

tance.584
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Appendix1008

A Reproducibility Statement1009

A.1 Evaluation Details1010

For open-source LLM inference, we use 4 H2001011

GPUs with 564 GB memory and 4 RTX 8000 GPUs1012

with 188 GB memory. For closed-source LLMs,1013

we access them via OpenRouter 3. All experiments1014

and sample selections are conducted with a random1015

seed of 42. For reliable reproduction, we use greedy1016

decoding with a temperature of 0.0, if possible.1017

All COMET scores in this paper are COMET-221018

(unbabel/wmt22-comet-da (Rei et al., 2022).1019

A.2 System Prompts1020

A.2.1 Few-shot Demonstrations Generation1021

Prompt for generating English-Korean code-
switching few-shot demonstrations

You are a bilingual rewriting assistant.

[TASK]
• Input : an English sentence (E) and its Korean translation
(K)
• Output : the code-switching version of the parallel
sentences following Matrix Language Frame (MLF) model
- Replace about 50% percent of words/phrases in E with
their Korean equivalents taken from K
- Keep the original English word order and follow English
syntax (S-V-O)
- DO NOT add explanations, examples, tags, prefix or extra
sentences
- If there is no suitable Korean equivalent, keep the English
word

[EXAMPLE]
<English> I ate dinner quickly.
<Korean>나는저녁을빨리먹었다.
<Code-Switching> I ate저녁빨리.

<English> Hana, put the toys in the basket quickly
and go home.
<Korean> 하나야, 바구니에 장난감을 빨리 넣고 집에
가자.
<Code-Switching> Hana, put장난감 in the basket quickly
and집에가자.

<English> Dad was about to throw away my tooth.
<Korean>아빠가내이빨을빼려고했어.
<Code-Switching>아빠 was about to뺄래 my이빨.

<English> I have to wash my hand.
<Korean>나는손을씻어야해.
<Code-Switching> I have to닦아 my hand.

<English> Tom thinks Bill likes himself.
<Korean>톰은빌이자기자신을좋아한다고생각한다.
<Code-Switching> Tom thinks that Bill이 자기를
좋아한다.

<English> Tom thinks Bill likes himself.
1022

3
https://openrouter.ai/

<Korean>톰은빌이자기자신을좋아한다고생각한다.
<Code-Switching> Tom이생각하기를 Bill likes himself.

[BEGIN TASK]
1023

Prompt for generating Korean-English code-
switching few-shot demonstrations

You are a bilingual rewriting assistant.

[TASK]
• Input : an English sentence (E) and its Korean translation
(K)
• Output : the code-switching version of the parallel
sentences following Matrix Language Frame (MLF) model
- Replace about 50% percent of words/phrases in K with
their English equivalents taken from E
- Keep the original English word order and follow Korean
syntax (S-O-V)
- DO NOT add explanations, examples, tags, prefix or extra
sentences
- If there is no suitable English equivalent, keep the Korean
word

[EXAMPLE]
<English> Meena, put all the toys in the basket quickly,
and go home.
<Korean>미나야,바구니에장난감을다넣고빨리집에
가자.
<Code-Switching> Meena, basket 안에다 all the toys를
빨리 put하고집에가자.

<English> Last time, by mistake, they did not re-
new my driver’s license at the DMV.
<Korean> 지난 번에 도로교통공단이 내 운전면허증을
실수로갱신하지않았어요.
<Code-Switching> 지난번에 motor vehicle department
에서내 driver’s license를 mistake로갱신하지않았어요.

<English> They often do a thing like that.
<Korean>그들이일을종종그렇게해요.
<Code-Switching>그들이일을 often그렇게해요.

<English> Tom thinks Bill likes himself.
<Korean>톰은빌이자기자신을좋아한다고생각한다.
<Code-Switching> Tom은 Bill이 himself를 좋아한다고
생각한다.

<English> John wonders what Mary bought yester-
day.
<Korean>존은메리가어제무엇을샀는지궁금해한다.
<Code-Switching> John은 Mary가 yesterday 무엇을
샀는지궁금해한다.

[BEGIN TASK]
1024

Prompt for generating gradual code-switching
(En→Ko) few-shot demonstrations
You are a bilingual rewriting assistant.
Your task is to generate five versions of a sentence that
gradually transition from English to Korean.

[INPUT]
• One English sentence (E)
• Its Korean translation (K)
• A code-switching version of the sentence (C), where
about 50% of English words are replaced by Korean

1025
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equivalents

[OUTPUT]
Generate a sequence of five sentences showing a smooth
progression from English to Korean:
1. English only (100% English, source syntax S-V-O)
2. 75% English + 25% Korean (matrix language: English,
embedded language: Korean)
3. 50% English + 50% Korean (matrix language: English,
embedded language: Korean)
4. 25% English + 75% Korean (matrix language: English,
embedded language: Korean)
5. Korean only (100% Korean, target syntax S-O-V)

[RULES]
Following the Matrix Language Frame (MLF) model,
• Preserve English word order (S-V-O) and syntax until
version 5 (full Korean).
• Use Korean equivalents from K when inserting Korean
into English sentences.
• Keep the code-switching natural and consistent, not
random.
• Do not add explanations, notes, or extra text — output
only the five sentences in order.

[EXAMPLES]

EXAMPLE 1
Input:
<English> I ate dinner quickly.
<Korean>나는저녁을빨리먹었다.
<Code-Switching> I ate저녁빨리.

Output:
1. I ate dinner quickly.
2. I ate dinner빨리.
3. I ate저녁빨리.
4.나는저녁빨리 ate.
5.나는저녁을빨리먹었다.

EXAMPLE 2
Input:
<English> Dad was about to throw away my tooth.
<Korean>아빠가내이빨을빼려고했어.
<Code-Switching>아빠 was about to뺄래 my이빨.

Output:
1. Dad was about to throw away my tooth.
2. Dad was about to throw away내이빨.
3.아빠 was about to뺄래 my이빨.
4.아빠 was about to내이빨빼려고했어.
5.아빠가내이빨을빼려고했어.

Example 3
Input:
<English> Tom thinks Bill likes himself.
<Korean>톰은빌이자기자신을좋아한다고생각한다.
<Code-Switching> Tom thinks that Bill이 자기를
좋아한다.

Output:
1. Tom thinks Bill likes himself.
2. Tom thinks Bill likes자기.
3. Tom thinks that Bill이자기를좋아한다.
4. Tom은 Bill이자기를좋아한다고 think한다.
5.톰은빌이자기자신을좋아한다고생각한다.

[BEGIN TASK]
1026

Prompt for generating gradual code-switching
(Ko→En) few-shot demonstrations
You are a bilingual rewriting assistant.
Your task is to generate five versions of a sentence that
gradually transition from Korean to English.

[INPUT]
• One English sentence (E)
• Its Korean translation (K)
• A code-switching version of the sentence (C), where
about 50% of Korean words are replaced by English
equivalents

[OUTPUT]
Generate a sequence of five sentences showing a smooth
progression from Korean to English:
1. Korean only (100% Korean, source syntax S-O-V)
2. 75% Korean + 25% English (matrix language: Korean,
embedded language: English)
3. 50% Korean + 50% English (matrix language: Korean,
embedded language: English)
4. 25% Korean + 75% English (matrix language: Korean,
embedded language: English)
5. Korean only (100% English, target syntax S-V-O)

[RULES]
Following the Matrix Language Frame (MLF) model,
• Preserve English word order (S-O-V) and syntax until
version 5 (full English).
• Use Korean equivalents from E when inserting English
into Korean sentences.
• Keep the code-switching natural and consistent, not
random.
• Do not add explanations, notes, or extra text — output
only the five sentences in order.

[EXAMPLES]

EXAMPLE 1
Input:
<Korean>미나야,바구니에장난감을다넣고빨리집에
가자.
<English> Meena, put all the toys in the basket quickly,
and go home.
<Code-Switching> Meena, basket 안에다 all the toys를
빨리 put하고집에가자.

Output:
1.미나야,바구니에장난감을다넣고빨리집에가자.
2. Meena,바구니에장난감을다 put하고빨리집에가자.
3. Meena, basket안에다 all the toys를빨리 put하고집에
가자.
4. Meena, put all the toys in the basket quickly,집에가자.
5. Meena, put all the toys in the basket quickly, and go
home.

EXAMPLE 2
Input:
<Korean> 지난 번에 도로교통공단이 내 운전면허증을
실수로갱신하지않았어요.
<English> Last time, by mistake, they did not renew my
driver’s license at the DMV.
<Code-Switching> 지난번에 motor vehicle department
에서내 driver’s license를 mistake로갱신하지않았어요.

Output:
1. 지난 번에 도로교통공단이 내 운전면허증을 실수로
갱신하지않았어요.
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2.지난번에motor vehicle department가내운전면허증을
실수로갱신하지않았어요.
3. 지난번에 motor vehicle department에서 내 driver’s
license를 mistake로갱신하지않았어요.
4. Last time, motor vehicle department에서 my driver’s
license를 mistake로 renew하지않았어요.
5. Last time, by mistake, they did not renew my driver’s
license at the DMV.

Example 3
Input:
<Korean>존은메리가어제무엇을샀는지궁금해한다.
<English> John wonders what Mary bought yesterday.
<Code-Switching> John은 Mary가 yesterday 무엇을
샀는지궁금해한다.

Output:
1.존은메리가어제무엇을샀는지궁금해한다.
2. John은메리가 yesterday무엇을샀는지궁금해한다.
3. John은Mary가 yesterday what을샀는지궁금해한다.
4. John wonders what Mary가 yesterday샀는지궁금해한
다.
5. John wonders what Mary bought yesterday.

[BEGIN TASK]
1028

A.2.2 Code-switching In-context Learning1029

Prompt for CSICL

Answer the following questions written in non-English by
explicitly showing a step-by-step translation process into
English, then provide the final answer.

**Core Behaviors**

1. Mandatory Opening Self-Instruction
- Always begin with the exact sentence: "Let’s gradually
translate this non-English query into English, then think in
English, and finally answer the question."
2. Gradual Code-Switching Output:
- Show the transformation from the original query to
English in 5 steps.
- Each step progressively replaces more non-English words
with English until the query is fully natural English.
- End with a clean, natural English rendering of the
question.
3. Answer Format:
- End with the final answer in the exact format: "The
answer is X", where ‘X‘ is a single uppercase letter of the
correct choice (e.g., A, B, C, D).
- No explanations or justifications after the answer.

Unlike hidden scratchpad reasoning, note that the
translation and reasoning process must be explicitly output.
Keep the structure identical across all responses.

{Few-shot demonstrations}
1030

A.2.3 Evaluation Experiments1031

Prompt for multiple-choice QA experiments

You will be asked to answer a multiple-choice question.
Read the following question and choices then select the
single best answer.

- Output only the single uppercase letter of the cor-
rect choice (e.g., A, B, C, D).
- Do not output anything else: no reasoning, no explanation,

1032

no restating the question, no prefixes like “Answer:”, no
punctuation, spaces, or newlines.

The final output must be exactly one letter.
1033

Prompt for short-answer QA experiments

You will be asked to answer a short-answer question. Read
the following question and provide a single answer without
any explanations.

- Output only the single answer.
- Do not output anything else: no reasoning, no explanation,
no restating the question, no prefixes like “Answer:”, no
punctuation, spaces, or newlines.

1034

Prompt for machine translation experiments

You will be asked to translate a {target language} text.
Read the following sentence and translate it into English
without any explanations.

- Output only the English equivalent.
- Do not output anything else: no reasoning, no explanation,
no restating the question, no prefixes like “Answer:”, no
punctuation, spaces, or newlines.

1035

A.3 Licenses 1036

All datasets used in this paper are publicly available. 1037

Global MMLU (Singh et al., 2025) is released un- 1038

der the Apache-2.0 license. BLEnD (Myung et al., 1039

2024), FLORES+ (Costa-jussà et al., 2024), and 1040

MedExpQA (Alonso et al., 2024) are distributed 1041

under the CC-BY-SA-4.0 and CC-BY-4.0 licenses, 1042

respectively. The licenses of MBBQ (Neplenbroek 1043

et al., 2024) and PolyMath (Wang et al., 2025a) are 1044

not explicitly specified. 1045

B Additional Related Work 1046

In this section, we provide further discussions on 1047

prior studies related to code-switching. 1048

Code-switching Text Generation. Only a lim- 1049

ited number of code-switching corpora and labeled 1050

datasets exist for specific language pairs, and code- 1051

switching among non-English languages is hardly 1052

available (Winata et al., 2023). Hence, the synthetic 1053

generation of code-switching has become the pri- 1054

mary strategy. Early efforts such as Jayanthi et al. 1055

(2021); Rizvi et al. (2021) proposed toolkits for 1056

Hindi-English, although they lack generalizability 1057

across languages. More recently, prompting LLMs 1058

(i.e., GPT-4) has been widely adopted for synthetic 1059

data generation (Yoo et al., 2025a,b; Kim et al., 1060

2025; Yang and Chai, 2025). In particular, Yoo et al. 1061

(2025a) further provided quantitative and quali- 1062

tative analyses comparing LLM-generated code- 1063

switching text with human bilingual data, showing 1064
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that such text largely follows natural switching pat-1065

terns with one distinctive feature—redundant syn-1066

onyms appearing in both languages—which may1067

actually help LLMs by providing explicit lexical1068

alignment cues. Therefore, a slight “unnaturalness”1069

of synthetic code-switching may not be a weakness1070

but rather a source of beneficial noise that facilitates1071

multilingual transfer. In addition, Xie et al. (2025)1072

introduced LinguaMaster, a LLM multi-agent col-1073

laboration framework specifically designed for con-1074

trolled code-switching generation.1075

Code-switching for Multilingual Evaluations.1076

As the multilingual capabilities of LLMs ad-1077

vance, recent benchmarks range from broad NLP1078

tasks (Yang and Chai, 2025; Abdaljalil et al.,1079

2025; Mohamed et al., 2025) to domain-specific1080

evaluations, including translation (Huzaifah et al.,1081

2024; Zhang et al., 2025), dialogue summariza-1082

tion (Suresh et al., 2025), and red-teaming (Song1083

et al., 2025; Yoo et al., 2025b). Despite these ef-1084

forts, Zhang et al. (2023a) reported that LLMs still1085

struggle with code-switching, sometimes underper-1086

forming compared to smaller, fine-tuned systems.1087

This suggests that code-switching remains an un-1088

solved challenge for multilingual evaluation, rather1089

than a solved proxy task.1090

C Additional Results & Discussions1091

C.1 Layer-wise Visualization of CSICL1092

We analyze whether CSICL helps an LLM resolve1093

cross-lingual misalignment by explicitly facilitat-1094

ing an earlier transition to English latent representa-1095

tions. Using Qwen3-32B on the randomly sampled1096

Global-MMLU, we evaluate three input conditions:1097

the Korean original (Ko), a parallel English trans-1098

lation as an anchor (En), and CSICL applied to the1099

same Korean set (CSICL). For each condition, we1100

run forward passes and extract hidden representa-1101

tions from every layer, focusing on the test query1102

span (excluding few-shot context) via span-based1103

pooling to obtain a single vector per layer per ex-1104

ample. We then visualize how these representations1105

evolve across depth by projecting layer-wise vec-1106

tors with PCA, plotting matched triples (i.e., En,1107

Ko, CSICL) in a shared space. Figure 6 visualizes1108

the representations of Qwen3-32B with CSICL on1109

Global MMLU, compared to English results and1110

Korean results as anchors. We reveal that CSICL1111

systematically shifts the non-English inputs toward1112

the English anchor.1113

C.2 Scalability of CSICL 1114

We examine the effectiveness of CSICL on small 1115

language models (SLMs), which fall behind larger 1116

models in instruction-following performance. We 1117

test different sizes of Qwen 3 (i.e., 0.6B, 1.7B, 4B, 1118

8B, 14B, and 32B) on the sampled set of Global 1119

MMLU in Korean as a target language. Figure 7 1120

reports the target language performance of X-ICL 1121

baselines and CSICL across model sizes, shown 1122

in a log scale. While the gap between CSICL and 1123

X-ICL baselines is particularly pronounced when 1124

the model size is larger than 4B, we observe that 1125

CSICL consistently outperforms all X-ICL base- 1126

lines across model sizes. 1127

C.3 Human Validation on COMET 1128

We additionally conduct a pairwise human evalu- 1129

ation to validate the experimental results obtained 1130

with COMET. We randomly sample 200 FLORES+ 1131

examples and compare CSICL against the best- 1132

performing baseline for each source language (i.e., 1133

Parallel for target language translation and Transla- 1134

tion (Tgt.→Rnd.) for unseen language translation, 1135

respectively). Following the WMT practice, one au- 1136

thor, who are native in Korean and fluent in English, 1137

are shown two anonymized translations (CSICL vs. 1138

baseline) and asked to choose “A wins / B wins / tie” 1139

based on overall adequacy and fluency. CSICL is 1140

preferred in 63% of cases (and 16% ties) on target- 1141

language performance, and in 68% of cases (and 1142

9% ties) on unseen-language performance, respec- 1143

tively. These results confirm that CSICL produces 1144

more natural and rational translations, as measured 1145

by both automatic metrics and human preference. 1146

C.4 Ablation Study on Paraphrasing 1147

We conduct an ablation study on Section 4.2.3 1148

by controlling the number of English and Korean 1149

few-shot demonstrations. Table 5 shows experimen- 1150

tal results on Global MMLU using Qwen 3 under 1151

different combinations of paraphrasing baselines. 1152

We observe mixed results across the paraphrasing 1153

baselines for target language and for unseen lan- 1154

guages in high- and mid-resource languages. In- 1155

terestingly, we find that increasing English demon- 1156

strations helps only in unseen low-resource lan- 1157

guages. However, CSICL consistently outperforms 1158

all paraphrasing baselines across target and unseen 1159

languages. 1160
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Figure 6: PCA visualizations of Qwen 3 with CSICL on Global MMLU, compared to English results and Korean
results as anchors.
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Figure 7: Experimental results of X-ICL approaches in
the target language (Ko) on Global MMLU using differ-
ent sizes of Qwen 3. X-axis is on a log scale. Tgt. and
Rnd. denote a target language and a random language,
respectively.

# En # Tgt. En Tgt.∗
Unseen Lang.

High∗ Mid∗ Low∗

5 0 88.9 71.0 86.6 63.2 41.6
4 1 88.6 71.3 86.8 63.2 41.0
3 2 88.9 71.7 86.9 62.7 40.7
2 3 88.7 72.0 87.1 63.0 40.2
1 4 88.7 72.5 86.7 62.7 39.5
0 5 88.8 72.3 87.0 62.6 39.3

CSICL 88.6 76.8 87.8 64.9 46.0

Table 5: Experimental results comparing CSICL to para-
phrasing baselines, controlling the number of English
and target language few-shot demonstrations.# En and
# Tgt. denote the number of English demonstrations
and the number of target language demonstrations, re-
spectively. Bold and underline denote the best and the
second-best results, respectively. Asterisk indicates sta-
tistical significance against each and every baseline with
the corresponding column.

C.5 Full Results1161

Table 6 reports experimental results on Qwen3-32B1162

using other X-ICL baselines, controlling the com-1163

binations of few-shot demonstrations setting and 1164

instruction setting, where CSICL outperforms all 1165

X-ICL baselines. 1166

Tables 7, 8, 9, and 10 present experimental re- 1167

sults of X-ICL approaches on Global MMLU using 1168

Qwen 3, DeepSeek 3.1, Grok 4, and Gemini 2.5. 1169
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Method
X-ICL setting

En Tgt.∗
Unseen Lang.

Demonstration Instruction High∗ Mid∗ Low∗

Few-shot learning
✓ Monolingual (Tgt.) ✓ Translation (Tgt.→En) 88.8 75.3 87.2 63.3 41.8
✓ Monolingual (Tgt.) ✓ Translation (Tgt.→Rnd.) 88.6 74.8 87.5 63.5 42.0

✓ Parallel ✓ Translation (Tgt.→En) 88.7 75.0 87.4 64.0 43.2

CSICL ✓ Gradual CS (Tgt.→En) ✓ Gradual Translation (Tgt.→En) 88.6 76.8 87.8 64.9 46.0

Table 6: Ablation results of other X-ICL baselines using Qwen 3, controlling the few-shot demonstrations setting
and the instruction setting. Bold and underline denote the best and the second-best results, respectively. Tgt. and
Rnd. denote a target language and a random language, respectively. Asterisk indicates statistical significance against
each and every baseline within the corresponding column.

X-ICL setting En Tgt.∗ Zh Es∗ Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.6 83.5 89.5 83.2 64.8 60.5 44.6 38.2
Monolingual (Tgt.) 88.7 83.3 90.3 83.8 64.3 59.9 42.8 36.9

Parallel 88.5 83.7 90.4 82.9 65.1 60.6 44.7 38.0

Translation (Tgt.→En) 88.7 83.6 90.5 83.6 65.5 61.1 45.3 38.8
Translation (Rnd.→En) 88.7 83.8 90.2 83.7 66.0 61.2 45.1 39.0

CSICL (Tgt.→En) 88.5 84.9 90.5 83.9 66.6 61.8 48.4 42.8

(a) Target: French (high)

X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.9 75.4 89.3 83.7 65.1 60.8 44.2 37.9
Monolingual (Tgt.) 88.7 77.2 90.0 83.0 64.8 61.3 42.3 35.7

Parallel 88.9 75.6 89.7 83.6 64.9 61.5 44.4 37.6

Translation (Tgt.→En) 88.9 79.4 90.2 84.1 65.5 61.4 44.8 38.6
Translation (Rnd.→En) 88.5 79.1 90.0 84.3 65.2 61.2 45.1 38.3

CSICL (Tgt.→En) 88.6 80.6 90.3 84.4 67.4 62.8 48.5 41.7

(b) Target: Korean (mid)

X-ICL setting En Tgt.∗ Zh∗ Es∗ Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.9 53.5 89.8 83.5 64.8 60.8 44.6 37.7
Monolingual (Tgt.) 89.0 55.5 87.9 86.4 63.9 58.4 43.5 31.0

Parallel 88.7 58.8 90.4 85.6 64.2 61.7 48.8 34.9

Translation (Tgt.→En) 88.8 60.5 90.3 85.7 64.9 63.8 50.0 34.5
Translation (Rnd.→En) 88.6 58.5 90.6 86.2 65.0 64.2 44.9 41.4

CSICL (Tgt.→En) 88.7 64.9 90.8 86.9 66.1 64.7 51.2 43.4

(c) Target: Yoruba (low)

Table 7: Full experimental results comparing CSICL to X-ICL baselines using Qwen3-32B. Bold and underline denote
the best and the second-best results, respectively. Tgt. and Rnd. denote a target language and a random language,
respectively. Asterisk indicates statistical significance against each and every baseline within the corresponding
column.
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X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 89.6 84.6 91.2 84.3 66.2 61.5 45.3 38.8
Monolingual (Tgt.) 89.5 84.4 91.8 84.9 65.7 61.0 43.6 37.5

Parallel 89.4 84.7 92.0 84.0 66.5 61.7 45.4 38.6

Translation (Tgt.→En) 89.6 84.8 92.1 84.8 66.8 62.1 46.0 39.2
Translation (Rnd.→En) 89.6 85.0 91.9 84.9 67.2 62.2 45.8 39.3

CSICL (Tgt.→En) 89.4 86.0 92.3 85.1 68.0 62.9 49.1 43.1

(a) Target: French (high)

X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 89.8 77.3 91.0 84.6 66.4 61.8 45.0 38.6
Monolingual (Tgt.) 89.6 79.1 91.6 83.9 66.0 62.3 43.2 36.5

Parallel 89.8 77.5 91.4 84.5 66.1 62.5 45.2 38.3

Translation (Tgt.→En) 89.8 81.1 91.8 85.0 66.7 62.4 45.6 39.0
Translation (Rnd.→En) 89.4 80.8 91.5 85.1 66.4 62.2 45.9 38.7

CSICL (Tgt.→En) 89.5 82.4 92.0 85.3 68.6 63.6 49.2 41.7

(b) Target: Korean (mid)

X-ICL setting En Tgt.∗ Zh Es∗ Id∗ Tr Sw∗ Te∗

Monolingual (En) 89.8 55.3 91.5 84.7 66.3 61.9 45.2 38.2
Monolingual (Tgt.) 89.9 57.3 89.6 87.4 65.5 59.5 44.1 32.0

Parallel 89.7 60.6 92.0 86.6 65.8 62.7 49.3 35.9

Translation (Tgt.→En) 89.8 62.3 91.9 86.7 66.6 64.5 50.5 35.6
Translation (Rnd.→En) 89.6 60.2 92.3 87.2 66.7 65.0 45.4 42.2

CSICL (Tgt.→En) 89.7 66.7 92.5 87.8 67.7 65.4 51.6 44.2

(c) Target: Yoruba (low)

Table 8: Full experimental results comparing CSICL to X-ICL baselines using DeepSeek-chat-v3.1. Bold and
underline denote the best and the second-best results, respectively. Tgt. and Rnd. denote a target language and a
random language, respectively. Asterisk indicates statistical significance against each and every baseline within the
corresponding column.
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X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.3 83.0 89.8 83.6 65.0 60.3 44.0 37.5
Monolingual (Tgt.) 88.1 82.9 90.5 84.1 64.6 60.6 42.2 36.2

Parallel 88.2 83.3 90.6 83.4 65.2 60.9 44.2 37.2

Translation (Tgt.→En) 88.3 83.2 90.7 84.0 65.6 61.3 44.7 37.9
Translation (Rnd.→En) 88.1 83.5 90.4 84.1 65.7 61.3 44.6 38.1

CSICL (Tgt.→En) 88.0 84.5 90.8 84.3 66.5 61.9 47.7 41.7

(a) Target: French (high)

X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.4 74.6 89.6 83.9 65.3 60.6 43.7 37.2
Monolingual (Tgt.) 88.2 76.4 90.2 83.2 65.0 61.1 41.9 35.1

Parallel 88.4 78.6 89.9 83.8 65.1 61.3 44.0 36.9

Translation (Tgt.→En) 88.4 74.8 90.4 84.2 65.7 61.2 44.3 37.8
Translation (Rnd.→En) 88.1 78.3 90.1 84.4 65.4 61.1 44.6 37.5

CSICL (Tgt.→En) 88.2 79.7 90.6 84.6 67.1 62.3 47.8 40.8

(b) Target: Korean (mid)

X-ICL setting En Tgt.∗ Zh Es∗ Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 88.4 52.7 90.1 83.8 65.1 60.7 43.9 36.9
Monolingual (Tgt.) 88.5 54.6 88.2 86.7 64.2 58.2 42.8 30.2

Parallel 88.2 59.5 90.7 85.9 64.7 61.4 47.9 34.3

Translation (Tgt.→En) 88.3 57.8 90.6 86.0 65.4 63.5 49.1 34.0
Translation (Rnd.→En) 88.1 57.6 90.9 86.5 65.5 63.8 44.0 40.6

CSICL (Tgt.→En) 88.2 63.7 91.0 87.0 66.5 64.2 50.3 42.5

(c) Target: Yoruba (low)

Table 9: Full experimental results comparing CSICL to X-ICL baselines using grok-4-fast. Bold and underline
denote the best and the second-best results, respectively. Tgt. and Rnd. denote a target language and a random
language, respectively. Asterisk indicates statistical significance against each and every baseline within the corre-
sponding column.
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X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 90.2 85.6 91.5 85.1 67.2 62.7 46.1 39.6
Monolingual (Tgt.) 90.0 85.4 92.1 85.7 66.7 62.3 44.3 38.3

Parallel 90.1 85.8 92.2 84.9 67.5 63.0 46.3 39.4

Translation (Tgt.→En) 90.2 85.9 92.3 85.6 67.9 63.4 46.9 40.1
Translation (Rnd.→En) 90.1 86.1 92.1 85.7 68.3 63.5 46.8 40.3

CSICL (Tgt.→En) 90.0 87.3 92.5 85.9 69.2 64.1 49.9 44.3

(a) Target: French (high)

X-ICL setting En Tgt.∗ Zh Es∗ Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 90.3 79.3 91.3 85.5 67.6 63.0 45.8 39.4
Monolingual (Tgt.) 90.1 81.1 91.9 84.8 67.2 63.5 44.0 37.3

Parallel 90.3 79.5 91.6 85.4 67.3 63.7 46.0 39.1

Translation (Tgt.→En) 90.3 83.0 92.0 85.9 67.9 63.6 46.4 39.9
Translation (Rnd.→En) 90.0 82.7 91.7 86.1 67.6 63.5 46.7 39.6

CSICL (Tgt.→En) 90.1 84.3 92.2 86.4 69.7 64.8 50.1 42.8

(b) Target: Korean (mid)

X-ICL setting En Tgt.∗ Zh Es Id∗ Tr∗ Sw∗ Te∗

Monolingual (En) 90.3 56.8 91.8 85.4 67.4 63.1 46.0 39.0
Monolingual (Tgt.) 90.4 58.9 89.8 88.3 66.6 60.8 44.9 31.7

Parallel 90.2 62.1 92.4 87.5 66.9 63.8 50.1 35.6

Translation (Tgt.→En) 90.3 63.9 92.3 87.6 67.7 65.7 51.3 35.3
Translation (Rnd.→En) 90.1 61.8 92.6 88.1 67.8 66.2 46.3 42.0

CSICL (Tgt.→En) 90.2 66.2 92.8 88.6 68.9 66.6 52.5 44.8

(c) Target: Yoruba (low)

Table 10: Full experimental results comparing CSICL to X-ICL baselines using Gemini 2.5 Flash. Bold and
underline denote the best and the second-best results, respectively. Tgt. and Rnd. denote a target language and a
random language, respectively. Asterisk indicates statistical significance against each and every baseline within the
corresponding column.
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