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Abstract

Recent studies have shown that code-switching
data (CSD), in which multiple languages are
mixed within the same context, can improve
cross-lingual transfer and multilingual align-
ment in large language models (LLMs). Recent
studies on synthetic code-switching for LLMs
have primarily focused on bilingual transfer
between English and a target language, leav-
ing instruction-tuning settings that jointly mix
three or more languages within each example
largely unexplored. In this work, we investigate
multilingual code-switching instruction tun-
ing across four languages: English, Japanese,
Korean, and Chinese. We evaluate multilin-
gual understanding on Belebele and MMLU.
Our experiments show that simple sentence-
level multilingual CSD consistently improves
the four-language average accuracy across all
bilingual, trilingual, and quadrilingual settings
for Gemma-2-2B, indicating that multilingual
code-switching can be effective beyond bilin-
gual transfer settings.

1 Introduction

Recent large language models (LLMs), including
GPT-4 (Achiam et al., 2023), Gemini (Comanici
et al., 2025), Llama 3 (Grattafiori et al., 2024),
and Qwen3 (Yang et al., 2025), have demonstrated
strong multilingual capabilities across a wide range
of languages. However, while English data is
abundant in pretraining corpora, many non-English
languages remain relatively low-resource, often
leading to inconsistent performance across lan-
guages (Yoo et al., 2025; Wang et al., 2025).

To address this challenge, recent studies have
explored code-switching data (CSD), where multi-
ple languages are mixed within the same context,
to improve cross-lingual transfer and multilingual
alignment (Yoo et al., 2025; Wang et al., 2025).
Prior approaches such as CSCL (Yoo et al., 2025)
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and SynCS (Wang et al., 2025) demonstrated that
synthetic CSD effectively improves bilingual trans-
fer between English and a target language. How-
ever, existing LLM studies primarily focus on bilin-
gual settings involving only two languages, such as
English-Korean or English-Chinese transfer. As a
result, it remains unclear whether CSD remains ef-
fective during LLM instruction tuning when three
or more languages are jointly mixed within the
same training example.

Moreover, prior work mainly investigates CSD
during pretraining settings (Yoo et al., 2025; Wang
et al., 2025). However, instruction tuning also plays
an important role in multilingual capabilities (Wei
et al., 2022; Ouyang et al., 2022; Chung et al.,
2024). Despite this, multilingual CSD during in-
struction tuning remains underexplored.

In this work, we investigate multilingual code-
switching instruction tuning across four languages:
English, Japanese, Korean, and Chinese. We ex-
tend prior bilingual CSD approaches to multilin-
gual settings and study whether CSD improves mul-
tilingual performance during instruction tuning. To
evaluate multilingual understanding, we conduct
experiments on the multilingual multiple-choice
benchmarks Belebele (Bandarkar et al., 2024) and
MMLU (Hendrycks et al., 2021).

For Gemma-2-2B, multilingual CSD consis-
tently outperforms simple multilingual concate-
nation in average performance across bilingual,
trilingual, and quadrilingual instruction-tuning set-
tings on Belebele, with improvements also ob-
served in trilingual and quadrilingual settings on
MMLU. These results suggest that multilingual
code-switching remains effective even in more
complex multilingual settings beyond pairwise
bilingual transfer. Our contributions are twofold.
First, we extend synthetic code-switching during
LLM instruction tuning beyond bilingual language
pairs by jointly mixing three or more languages
within the same example. Second, we show that
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Context: Oakfield police warn the public
to remain vigilant after an attempted
child abduction. An 11-year-old boy was
riding his bike when a blue sedan pulled
up next to him. A man got out and
ordered him inside. Fortunately, the boy
quickly escaped and ran home safely.
Police are now searching for the
suspect. Anyone with information should
contact them.

Question: What happened to the boy
while he was riding a bicycle?

Options:

A. He fell off his bicycle and got injured.
B. He was approached by a man.

C. He met a friend from primary school.
D. He was hit by a blue sedan.

Context: Oakfield police warn the public
to remain vigilant after an attempted
child abduction. RO P EHNEEREIT
FoTWdE, FLWEF UHEICE

F >fco A man got out and ordered
him inside. EWCH, DEEFT TR
IFHU. BELCRANEED R .
Police are now searching for the
suspect. AMERZBR/RLDAIE. B
RITER/RL TS W,

Question: What happened to the boy
while he was riding a bicycle?

Options:

A BIZBEENSES TEHZ U,
B. RIFRHSHEICE LT Shic,
C. BITNEREDERANICE > oo
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Context: Oakfield police warn the public
to remain vigilant after an attempted
child abduction. 1D P EN HERE T
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otoz S0{Qetn HHICE FEHE, 5
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now searching for the suspect. Al H\E#R
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Options:

A EMBITE EETHZGT .
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Answer: B Answer: B

Answer: B

(a) Monolingual instruction data

(b) Bilingual CSD

(c) Multilingual CSD

Figure 1: Illustration of (a) monolingual instruction data, (b) bilingual sentence-level code-switching data (CSD),
and (c) multilingual sentence-level CSD used in our work. Sentence-level CSD is constructed by combining sentence
units from parallel multilingual instruction examples. Despite its simple construction process, sentence-level CSD
remains effective for multilingual instruction tuning. In CSD examples, different background colors indicate

different languages.

simple sentence-level CSD is effective for multilin-
gual instruction tuning across four languages.

2 Related Work

Recent studies have explored code-switching data
(CSD) to improve multilingual alignment and
cross-lingual transfer in large language models
(LLMs) (Winata et al., 2023; Yoo et al., 2025;
Wang et al., 2025). Prior work showed that multi-
lingual language models can implicitly learn cross-
lingual alignment through shared multilingual rep-
resentations (Pires et al., 2019). Recent studies fur-
ther investigated synthetic code-switching, where
multiple languages are mixed within the same con-
text, to improve multilingual transfer and align-
ment.

CSCL (Yoo et al., 2025) introduced curricu-
lum learning with synthetic code-switching data
and demonstrated improved bilingual transfer be-
tween English and a target language. Similarly,
SynCS (Wang et al., 2025) investigated synthetic
code-switching during multilingual pretraining and
showed improved cross-lingual alignment across
several languages. However, SynCS constructs
code-switching data only from bilingual language
pairs between English and each target language,
rather than jointly mixing three or more languages
within the same example.

Earlier work such as CoSDA-ML (Qin et al.,
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2020) explored multilingual code-switching data
augmentation for fine-tuning mBERT on zero-shot
cross-lingual NLP tasks. Our work focuses on the
empirical evaluation of code-switching involving
three or more languages within individual exam-
ples during LLM instruction tuning, a setting that
remains underexplored. While prior studies include
token-, phrase-, and sentence-level code-switching
strategies, we focus on simple sentence-level mix-
ing that is easy to construct yet remains effective
for multilingual instruction tuning.

3 Multilingual Code-Switching

We first generate English instruction data, trans-
late the generated instruction examples into mul-
tiple languages, and then construct multilingual
sentence-level CSD for instruction tuning.

3.1 Multilingual Instruction Data

Construction

We use Dolma v1.6 (Soldaini et al., 2024), a large-
scale open pretraining corpus, as the source of En-
glish text data for instruction generation, following
the setup of CSCL (Yoo et al., 2025). We sample
50K English texts from Dolma while excluding the
code-related The Stack subset.

Using gpt-40-mini (OpenAl, 2024), chosen for
its favorable balance between cost and generation
quality, we generate multiple-choice instruction



data from sampled English texts. For each in-
struction example, we generate a multiple-choice
question-answering pair consisting of a context
snippet selected from the text, a question, four an-
swer options, and the correct answer. We generate
3-5 instruction examples for each text. The prompt
used for instruction data generation is provided in
Table B.

Through this process, we construct approxi-
mately 200K English instruction examples compris-
ing roughly 25M tokens. The resulting instruction
examples contain 127.6 tokens on average, with
lengths ranging from 57 to 586 tokens. Figure 1(a)
illustrates an example of the generated English in-
struction data.

We then translate the generated instruction ex-
amples into Japanese (JA), Korean (KO), and Chi-
nese (ZH) using gpt-40-mini, resulting in parallel
multilingual instruction data across four languages,
including English (EN). The prompt used for trans-
lation is provided in Table C.

3.2 Sentence-Level Code-Switching Data

Following prior work on synthetic code-switching
data (CSD) (Yoo et al., 2025), we construct
sentence-level multilingual CSD for instruction tun-
ing. Unlike prior bilingual settings that mainly
focus on transfer between English and a target lan-
guage, our setting jointly mixes three or more lan-
guages within the same instruction example.

We generate sentence-level multilingual CSD by
selecting and combining sentence units from par-
allel instruction examples in different languages.
We construct each context by mixing sentences
from different language versions of the same ex-
ample. The question and answer options are also
selected from different language versions of the
same example. To maintain answer consistency
and readability, all answer options within a single
example are written in the same language.

To determine the language order, we cycle
through all permutations of the selected languages
across examples: 3! = 6 permutations in the trilin-
gual setting and 4! 24 permutations in the
quadrilingual setting. Within each example, we
repeatedly follow the assigned language order for
the context sentences, the question, and the answer
options, treating the entire set of answer options as
a single unit and preserving the original sentence
order.

Figures 1(b) and (c) show examples of bilin-
gual and multilingual sentence-level CSD, respec-
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tively. Sentence-level CSD is simpler to construct
than more fine-grained token-level code-switching
while remaining effective for multilingual instruc-
tion tuning.

4 Experiments and Analysis

4.1 Implementation Details

Model Setup. We use the pretrained Gemma-2-
2B (Gemma Team et al., 2024) as our main model.
We additionally evaluate the pretrained Qwen?2-
1.5B (Yang et al., 2024) in trilingual and quadrilin-
gual settings on Belebele, with results reported
in Table A in the appendix. Our training setup
is based on the supervised fine-tuning (SFT) im-
plementation in Hugging Face’s TRL (von Werra
et al., 2020) library. We train for one epoch with a
learning rate of 5 x 1075, batch size 32, and a co-
sine learning rate scheduler. We employ parameter-
efficient fine-tuning using LoRA (Hu et al., 2022)
with rank 16.

Computational Resources and Training Time.
All experiments are conducted using four NVIDIA
A100 GPUs with a batch size of 32. Each model
is trained for one epoch, which requires approxi-
mately one hour.

Comparison Methods. We compare multilin-
gual CSD with concatenation baselines without
code-switching to analyze the effectiveness of mul-
tilingual code-switching during instruction tuning.
We construct bilingual, trilingual, and quadrilin-
gual versions of CSD that always include English:
(EN-JA, EN-KO, EN-ZH), (EN-JA-KO, EN-JA-
ZH, EN-KO-ZH), and (EN-JA-KO-ZH). For com-
parison, we also construct concatenation baselines
without code-switching. For controlled compari-
son, all settings use the same number of training
examples (200K); only the way in which languages
are combined differs. For example, in the EN-
JA-KO-ZH concatenation baseline, the first SOK
samples are in English, followed by 50K samples
each in Japanese, Korean, and Chinese.
Evaluation Data. For evaluation, we use Bele-
bele (Bandarkar et al., 2024), a multilingual
multiple-choice reading comprehension benchmark
in which the same questions are translated into
multiple languages by experts fluent in English
and the target language. We use 900 parallel test
samples across EN, JA, KO, and ZH, enabling di-
rect multilingual comparison across the four lan-
guages. An example of the Belebele test data
is shown in Figure C. We additionally evaluate



Setting ~ Method EN JA KO 7ZH Avg.
Baseline Gemma-2-2B 34.4 27.4 29.7 27.8 29.8
Concat 82.8+28 699+23 694+19 755+£33 T44+26
E+]J CSD 83.4+09 726+14 T715+£04 T774+£1.0 76.2£0.9
A +0.74+2.1 +27+12 +204+16 +19+24 +1.8+1.7
Concat 81.4+£0.8 706+1.2 T706+£1.0 76.2+£1.1 74.7+1.0
E+K CSD 836+1.1 724+09 721+11 773+£14 764+0.9
A +23+1.8 +19+14 +15+£18 +1.1+25 +1.7+1.8
Concat 83.7+15 705+12 71.2+04 775+14 T757+1.0
E+Z CSD 84.3+15 71.0£09 71.1+£0.8 781+£0.8 76.2+£0.5
A +0.5+04 +05+19 00%+09 +0.7+14 +04+0.9

Table 1: Results of bilingual training settings on Belebele for Gemma-2-2B (mean =+ standard deviation over three
runs). Concat denotes multilingual concatenation without code-switching, and CSD denotes code-switching data.
A denotes the performance difference between CSD and Concat (CSD — Concat). Positive improvements are
highlighted in green. E, J, K, and Z denote English, Japanese, Korean, and Chinese, respectively.

Setting Method EN JA KO ZH Avg.
Baseline Gemma-2-2B 34.4 27.4 29.7 27.8 29.8
Concat 80.6 3.5 70.3+24 69.2+22 73.8+33 73.5+28
E+J+K CSD 84.0+13 733+£14 725408 780£12 77.0x1.1
A +34+22 +30+14 +32+14 +42+22 +35+1.8
Concat 81.9+20 703£27 698+19 77.1+£14 748+19
E+J+Z CSD 83.44+1.1 727+06 729+05 785+1.2 769+04
A F1.5+£3.0 +244+25 432422 +14+24 2.1 4+2.3
Concat 79.0+1.8 676+16 67.1+1.2 734+08 71.8+1.3
E+K+Z CSD 83.9+0.2 729+03 724409 785+0.3 769+02
A 4+49+£17 +53+£17 +534+21 +51£07 +52+1.5
Concat 80.1+1.0 701+14 68.7+07 753+1.1 73.5+04
E+J+K+Z CSD 85.0+1.0 747+02 73.0+04 79.7+1.2 781+0.2
A +49+14 +47+15 +43+04 +444+1.3 +46+05

Table 2: Results of multilingual training settings on Belebele. E, J, K, and Z denote English, Japanese, Korean, and

Chinese, respectively.

our method on MMLU (Hendrycks et al., 2021)
across EN, JA, KO, and ZH. We use cais/mmlu!
for English and the professionally translated ver-
sions from openai/MMMLU? for J apanese, Korean,
and Chinese. We use the full test set of 14,042
questions per language.

Evaluation Metric. For each fine-tuned setting,
we perform three runs with different random seeds.
We compute accuracy (%) on the full evaluation
set for each run and report the mean and standard
deviation across the three runs. Avg. denotes the
arithmetic mean of accuracy across the four evalua-
tion languages. Following the EleutherAl LM Eval-

"https://huggingface.co/datasets/cais/mmlu
https://huggingface.co/datasets/openai/MMMLU
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uation Harness (Biderman et al., 2024; Gao et al.,
2024), we adopt likelihood-based multiple-choice
evaluation instead of free-form generation for more
stable multilingual evaluation. We compute the
conditional likelihood of each answer choice and
select the choice with the highest likelihood as the
prediction.

4.2 Results on Bilingual Settings

Table 1 presents the results of bilingual training
settings on Belebele. Overall, CSD consistently
improves average performance compared to con-
catenation baselines across all bilingual settings.
English, Japanese, and Chinese improve across
all bilingual settings. Korean improves in the E+J


https://huggingface.co/datasets/cais/mmlu
https://huggingface.co/datasets/openai/MMMLU

Setting Method EN JA KO ZH Avg.
Baseline Gemma-2-2B 29.2 24.3 24.4 24.0 25.5
Concat 50.84+2.0 39.5+13 37.8+£0.7 41.0£1.8 423+1.5
E+J+K CSD 52.2+0.4 40.5+0.2 389+0.2 423+0.3 43.5+0.3
A F14+15 +1.04+1.2 +1.14+06 +12+15 +1.24+1.2
Concat 520+ 0.6 40.3+0.4 38.5+0.3 421+0.3 43.2+£0.2
E+J+Z CSD 52.84+ 0.5 40.84+0.5 39.6+£0.2 43.0+£0.3 44.1+0.2
A +0.8+0.3 +04+£0.7 +1.1+£0.2 +09£0.1 +08+£0.2
Concat 49.7+06 383+1.0 37309 403+09 414409
E+K+Z CSD 52.2+04 40.4+0.1 39.3+£0.2 424+04 43.6=£0.2
A 254+04 +21409 +194+410 421405 +2.240.7
Concat 50.5+0.8 39.6+09 378+£09 41.2+1.1 423+£0.9
E+J+K+Z CSD 52.7+0.2 40.9+04 394+03 428+0.3 44.0+0.2
A +22+0.7 +13+07 +1.7+£07 +1.7£09 +1.74+0.7

Table 3: Results of multilingual training settings on MMLU.

and E+K settings and remains nearly unchanged in
the E+Z setting. These results suggest that code-
switching is more effective than simple concatena-
tion for multilingual transfer.

These trends are consistent with prior studies on
bilingual CSD. In particular, prior work such as
CSCL and SynCS also reported improved multi-
lingual transfer in EN+KO and EN+ZH settings,
respectively. However, unlike prior work that
mainly investigated bilingual CSD during large-
scale pretraining settings (e.g., 1B tokens in CSCL
and a 60B-English/600M-Chinese-token pretrain-
ing corpus with up to 2B additional synthetic code-
switching tokens), our results show that bilingual
CSD is also effective during instruction tuning with
substantially smaller training data (approximately
25M tokens in the English source data).

4.3 Results on Multilingual Settings

Tables 2 and 3 present the results of trilingual
and quadrilingual training settings on Belebele and
MMLU, respectively. Compared to bilingual set-
tings, multilingual CSD remains effective even
when three or more languages are mixed within
the same instruction example.

On Belebele, the quadrilingual setting
(E+J+K+Z) achieves the highest average accuracy
of 78.1%, improving over its concatenation base-
line by 4.6 percentage points. Japanese improves
by 4.7 percentage points in this setting. The largest
average improvement occurs in the trilingual
E+K+Z setting (+5.2 percentage points). These
results suggest that the benefits of code-switching
can extend beyond bilingual settings, even when
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three or more languages are jointly mixed within
the same training example.

On MMLU, CSD improves average accuracy
across all trilingual and quadrilingual settings, with
gains ranging from 0.8 to 2.2 percentage points.
The E+K+Z setting shows the largest average im-
provement, while the quadrilingual setting gains
1.7 percentage points. These results indicate that
increasing the number of training languages does
not necessarily yield larger improvements.

5 Conclusion

In this work, we investigated multilingual code-
switching data (CSD) for multilingual instruction
tuning across English, Japanese, Korean, and Chi-
nese. Our experiments with Gemma-2-2B showed
that multilingual sentence-level CSD consistently
improves average performance across the four
evaluation languages in bilingual, trilingual, and
quadrilingual settings on Belebele, and in trilingual
and quadrilingual settings on MMLU. The results
further suggest that multilingual code-switching re-
mains effective beyond bilingual transfer settings.

Additional experiments with Qwen2-1.5B (Ap-
pendix A) show smaller and less consistent gains,
suggesting that the effectiveness of multilingual
CSD depends on the underlying model and lan-
guage combination. In addition, our findings show
that simple sentence-level code-switching can pro-
vide consistent multilingual improvements during
instruction tuning. We hope these findings will in-
form future work on multilingual instruction tuning
and multilingual code-switching research.



Limitations

Our experiments focus on sentence-level code-
switching data (CSD) across English and three
East Asian languages (Chinese, Japanese, and Ko-
rean). Although we evaluate on both Belebele
and MMLU, our evaluation is limited to multiple-
choice benchmarks. Whether the observed im-
provements extend to open-ended multilingual gen-
eration remains an open question. Future work
should investigate more fine-grained token- or
phrase-level CSD, larger-scale training datasets,
and more diverse multilingual settings covering
broader language families and lower-resource lan-
guages.
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A Additional Results on Qwen2-1.5B

Table A reports the results of trilingual and
quadrilingual instruction tuning on Belebele for
Qwen2-1.5B. For Qwen2-1.5B, CSD improves av-
erage accuracy on Belebele in three of the four
multilingual settings, with the largest gain of 0.8
percentage points in the quadrilingual setting. The
E+J+Z setting shows a slight decrease of 0.1 per-
centage points. These results suggest that the ben-
efits extend beyond Gemma-2-2B, although their
magnitude and consistency depend on the model
and language combination.

B Data Examples

B.1 Instruction Data Generation

Figure A shows an example of instruction
data generation from a Dolma (Soldaini et al.,
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2024) text sample. Given a raw text passage,
gpt-4o-mini (OpenAl, 2024) generates a context
snippet selected from the text, a question, candi-
date options, and the corresponding correct answer
in a multiple-choice question-answering format.
This process enables the automatic construction
of instruction-style data from unlabeled text re-
sources.

B.2 Manual Translation Quality Check

Before creating code-switching and concatenation
datasets, we manually inspected 20 translations by
comparing them with their English sources. We
checked whether each translation preserves the
source meaning and whether the correct answer
remains valid given the translated context, ques-
tion, and answer options. This process serves as a
qualitative sanity check rather than a quantitative
assessment of translation quality.

B.3 Multilingual Code-Switching Data

Figure B illustrates examples of multilingual
sentence-level CSD used in our work. Each exam-
ple jointly mixes English, Japanese, Korean, and
Chinese within the same instruction example while
preserving the original question-answer structure.
These examples demonstrate how multilingual in-
struction examples are constructed from parallel
multilingual data.

B.4 Belebele Test Data

Figure C presents an example from the Belebele
benchmark (Bandarkar et al., 2024) used as test
data in our experiments. Belebele is a multilingual
reading comprehension benchmark consisting of
parallel question-answer pairs across multiple lan-
guages. The figure shows one example of the same
question presented in the four languages, demon-
strating the parallel structure of the benchmark and
enabling direct multilingual comparison.

C Qualitative Analysis

Figure D shows examples where multilingual CSD
correctly predicts the answer while the concatena-
tion baseline fails. These examples suggest that
multilingual code-switching can improve multilin-
gual understanding by exposing the model to more
diverse multilingual contexts during instruction tun-
ing.

Figure E presents failure cases where multilin-
gual CSD still produces an incorrect prediction.
Despite the improvements brought by multilingual
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Setting Method EN JA KO 7ZH Avg.
Baseline Qwen2-1.5B 29.1 31.0 28.6 30.7 29.9
Concat 81.5+1.1 67.1+09 686+04 781+0.8 73.8+£0.6
E+J+K CSD 81.7+0.7 686+0.6 686+0.6 785+08 74.34+0.7
A +0.2+05 +1.5+03 4+00£05 +4+04+0.2 +0.5+0.1
Concat 81.8+0.6 68.2+0.6 682+02 79.5+0.3 744+0.3
E+J+Z CSD 81.9+09 684+0.8 681+£10 79.0+0.6 744407
A +0.14+04 +02+1.1 -01+£09 -06+£06 -0.14+0.6
Concat 820+10 673+£0.8 674£08 789£08 73.9+0.7
E+K+Z CSD 82.0+0.2 68.1+0.8 684+08 79.2+0.2 744+05
A +0.0+£08 +0.7+0.5 +1.0+14 +4+03+1.0 —+0.5+0.8
Concat 81.6+0.2 68.0+0.3 678+£05 78.6+0.5 74.0+£0.1
E+J+K+Z CSD 81.8+0.7 69.3+1.7 687+£10 794+04 748+0.8
A +0.2+06 +1.3+19 +09+06 +0.8+0.3 +0.8+0.7

Table A: Results of multilingual training settings on Belebele for Qwen2-1.5B (mean =+ standard deviation over
three runs).

A cloud desktop provides you with a workspace
to run your applications that is hosted on our
servers instead of your physical PC. This allows
you to connect to your desktop and run your
applications from almost any Internet connected
device. If your PC dies or your laptop is stolen
you can simply connect from another device and
carry on working because your applications and
data are securely housed in our data centres.

©

gpt-40-mini

—_—

From the user perspective, accessing their
virtual desktop on any device means they can
use any device to access the same applications
and utilities, no matter if they prefer PC, Mac,
Linux, iOS or Android, and it will all work in the
same way.

Dolma text sample

Context: A cloud desktop provides you
with a workspace ... in our data centres.

Question: What is a primary advantage of
using a cloud desktop?

A. It requires expensive hardware to
operate.

B. It allows access to applications from
any internet-connected device.

C. It is only accessible from a physical PC
D. It does not store data securely.

Answer: B

Instruction data

Figure A: Example of instruction data generation from a Dolma text sample using GPT-40-mini.

CSD, such cases indicate that multilingual instruc-
tion tuning remains challenging, particularly for
complex multilingual reasoning scenarios.

D Prompts

We use prompts for two stages: (1) instruction
data generation from English Dolma data and (2)
translation of the generated instruction data into
Japanese, Korean, and Chinese.

First, instruction data is generated from English
Dolma data using the prompt shown in Table B.
The generated English instruction data is then trans-
lated into Japanese, Korean, and Chinese using the
translation prompt shown in Table C.
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Context: FE&H h BEMRMXTE SRR, RE-RIIETERD
ko OI2{3 B7I5ts AZ M2 UYL HE 7HAIE S st
7|H7HS0l7 HIZLIA 7131 MIEYLITE LA L. S5 DEEERIC
2T ERHORDMBMEDOEVEMERET 3 EHEETY,

Context: HRIZAE->TWZED TT ! HE 102 EH
OS5 AE AT ELN - ISERE E 8 U
A ELICE | would stay away from them.

Question: 2 ' ML IHEFFIE 22 IERAR % 7
Question: Why are health care products becoming more popular
among consumers?

A 1BAHDS
B. 108D 5
A ENEEZSHEIEPEE, C.9AH5
B. B R EBUEEM X IEERE, D. FEEH S
C. ENtEE M= RER,
D. EffIKRE &5, Answer: B
Answer: B 4CSD

4CsD

Figure B: Examples of multilingual sentence-level code-switching data (CSD) used in our work. The examples
jointly mix English, Japanese, Korean, and Chinese within the same instruction example while preserving the
original question-answer structure.

Context: Make sure your hand is as relaxed as possible while still
hitting all the notes correctly ... On the accordion, to get extra
volume, you use the bellows with more pressure or speed.

Question: According to the passage, what would not be
considered an accurate tip for successfully playing the accordion?

A. For additional volume, increase the force with which you hit the
keys

B. Keep unnecessary movement to a minimum in order to
preserve your stamina

C. Be mindful of hitting the notes while maintaining a relaxed hand
D. Increase the speed with which you operate the bellows to
achieve extra volume

Answer: A

Context: BRFEEDICIERICETHRN S, FETEER
ISy RLIERETHRDLS ... 7aA—FT1F U %#
CEFIIBER EIFBICIE. RIEEEC. FRIGSHRED
LEY

Question: BREDABICL D . EFIC7I—FTr 4%
M IHDBFYRAVELTEZISNEVDLDIEENT
&7

A BEZLITAHIC. BBEMNCHEECTS
B. (A2 RETHDIC. BHRLBHSTZR/NRICHNZ S
C.FZVSyIRALIKEBICRE BN S, BEFREDICH
KESICERTS

Bz LA oIliREEFN T REZ LTS

Answer: A

English

Japanese

Context: 2E S8 SHI27| =2 YElol M £2 Z|chst B
SLIct. .. ofZrielo| 282 o F21H ER0| &S o FoL w27
E2E AHg3HOF ELCt.

Context: BRIREIFRATREMBUR, [R5 AT SAIEBAthAEY
HRANEN—FREEREFEMASEXNNME. .. -
TIREFRENEE, FTUERNHUERIGEERNFE.

Question: X|20f o fE'I' OIRC|HE & HFo}7| 9ot Htst HOZ2 | | Question: BIBXERNTF, UWTFBMAARSIHMIANBRINES
=2 e A2 FAYLI? FXERERIRIT ?
A 282 =0/3H 7|1E 4 MAl =ECt A ARG EERREATE
B. MIEE |XI6t7| 2lsf EER%t %&%% E| At B. REMDVTUREMNFNERTIEES
C. &2 o3t mWolH| RX|SHAM Mot SHE K= o] MAS 20t C. EF PR IR ERS TSR
D. 288 FIIZ =0|HH EFE TSl £ E £0ICt D. UERHFSRERNEREASE
Answer: A Answer: A
Korean Chinese

Figure C: Example of a parallel test sample from the Belebele benchmark. The same reading comprehension
example is provided in English, Japanese, Korean, and Chinese.
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Context: The major organ of the circulatory system is the heart,
which pumps the blood. Blood goes away from the heart in tubes
called arteries and comes back to the heart in tubes called veins.
The smallest tubes are called capillaries.

Question: Which part of the circulatory system brings blood
toward the heart?

A. Arteries

B. Capillaries
C. Organs

D. Veins

Answer: D
CSD4 Prediction: D
Concat4 Prediction: A

Success case

Context: Around 60 cases of malfunctioning iPods overheating
have been reported, causing a total of six fires and leaving four
people with minor burns. Japan's Ministry of Economy, Trade and
Industry (METI) said that it had been aware of 27 accidents
related to the devices. Last week, METI announced that Apple
had informed it of 34 additional overheating incidents, which the
company called "non-serious." The ministry responded by calling
Apple's postponement of the report "truly regrettable."

Question: Who said that the overheating incidents were not very
serious?

A. METI

B. The iPod owners involved
C. Japan'’s fire department
D. Apple

Answer: D
CSD4 Prediction: D
Concat4 Prediction: A

Success case

Figure D: Examples where multilingual CSD correctly predicts the answer while the concatenation baseline fails.
CSD4 and Concat4 denote the quadrilingual multilingual CSD and concatenation settings, respectively.

Context: The Luno had 120-160 cubic metres of fuel aboard
when it broke down and high winds and waves pushed it into the
breakwater. Helicopters rescued the twelve crewmembers and
the only injury was a broken nose. The 100-metre ship was en
route to pick up its usual fertiliser cargo and initially officials
feared the vessel could spill a load.

Question: According to the passage, which of the following
statements about the Luno’s breakdown is not true?

A. The breakdown occurred prior to picking up cargo

B. The ship had 100 meters of fuel aboard at the time of the
breakdown

C. Out of twelve crew members, one suffered an injury

D. The ship was pushed into the breakwater

Answer: B
CSD4 Prediction: A
Concat4 Prediction: B

Failure case

Context: TMRI is based on a physics phenomenon called
nuclear magnetic resonance (NMR), which was discovered in the
1930s by Felix Bloch (working at Stanford University) and
Edward Purcell (from Harvard University). In this resonance,
magnetic field and radio waves cause atoms to give off tiny radio
signals. In the year 1970, Raymond Damadian, a medical doctor
and research scientist, discovered the basis for using magnetic
resonance imaging as a tool for medical diagnosis. Four years
later a patent was granted, which was the world's first patent
issued in the field of MRI. In 1977, Dr. Damadian completed the
construction of the first “whole-body” MRI scanner, which he
called the "Indomitable”.

Question: In what year was the first patent granted for medical
imaging resonance?

A 1977
B. 1974
C. 1930
D. 1970

Answer: B
CSD4 Prediction: D
Concat4 Prediction: D

Failure case

Figure E: Failure cases where multilingual CSD still produces an incorrect prediction. Despite the improvements
brought by multilingual CSD, complex multilingual reasoning and contextual understanding remain challenging.
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System message

You are creating high-quality multiple-choice reading comprehension QA data for instruction
tuning of large language models.

Requirements:

- Generate 3 to 5 diverse QA pairs from the provided raw text.

- For each QA pair, select a relevant context snippet from the raw text.

- Each QA pair should be independently understandable using its own context.

- Different QA pairs should cover different parts or ideas from the raw text when possible.

- Context snippets should typically be around 3 sentences long.

- Include enough information to answer the question naturally.

Question requirements:

- Questions must require reading and understanding the context.

- Do NOT use external knowledge.

- Avoid trivial or duplicate questions.

- Avoid questions answerable from common world knowledge alone.
- Prefer natural reading comprehension questions.

- Avoid copying sentences directly from the context.

Multiple-choice requirements:

- Each question must have exactly 4 options: A, B, C, D.

- Only one option should be correct.

- Incorrect options should be plausible and context-related.
- Avoid obviously incorrect or joke options.

- Keep option styles and lengths reasonably similar.

Return ONLY valid JSON.

n,on non nweon non

Format: [ { "context": "...", "question": "...", "options": { "A": "...", "B": "...","C": "..", "D": ".."
, "answer": "<CORRECT_OPTION>" } ]

User prompt

Generate 3 to 5 diverse multiple-choice reading comprehension QA pairs from the following raw
text.

Raw text:

{{TEXT}}

Table B: Prompt used for instruction data generation.
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System message

You are a professional translator.

Task:
Translate English multiple-choice reading comprehension QA data into natural and fluent
{language}.

Requirements:

- Translate the values of "context", "question", and all option texts.

- Do NOT translate JSON keys.

- Do NOT translate the answer option letter.

- Keep the JSON structure exactly unchanged.

- Do NOT remove, add, or alter newline characters ("\n").

- Preserve all option keys exactly as A, B, C, D.

- Do NOT reorder, remove, merge, or split options.

- Do NOT reorder, remove, merge, or split QA pairs.

- The output array length MUST exactly match the input array length.
- Ensure that the translated options remain consistent with the correct answer letter.
- Preserve factual meaning, numbers, dates, URLSs, names, and entities.
- Do NOT use external knowledge.

- Return ONLY valid JSON.

Output format: [ { "context": "...", "question": "...", "options": { "A": "...", "B": "..", "C": "...",
"D": "..." }, "answer": "<CORRECT_OPTION>" } ]

User prompt

Translate the following English multiple-choice QA data into {language}.
Input JSON:
{{QA_JSON}}

Table C: Prompt used for translating instruction data into Japanese, Korean, and Chinese.
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