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Abstract

Recent advancement in code understanding
and generation demonstrates that code LLMs
fine-tuned on a high-quality instruction dataset
can gain powerful capabilities to address wide-
ranging code-related tasks. However, most pre-
vious existing methods mainly view each pro-
gramming language in isolation and ignore the
knowledge transfer among different program-
ming languages. To bridge the gap among dif-
ferent programming languages, we introduce
a novel multi-agent collaboration framework
to enhance multilingual instruction tuning for
code LLMs, where multiple language-specific
intelligent agent components with generation
memory work together to transfer knowledge
from one language to another efficiently and ef-
fectively. Specifically, we first generate the
language-specific instruction data from the
code snippets and then provide the generated
data as the seed data for language-specific
agents. Multiple language-specific agents dis-
cuss and collaborate to formulate a new in-
struction and its corresponding solution (A new
programming language or existing program-
ming language), To further encourage the cross-
lingual transfer, each agent stores its genera-
tion history as memory and then summarizes
its merits and faults. Finally, the high-quality
multilingual instruction data is used to encour-
age knowledge transfer among different pro-
gramming languages to train Qwen2.5-xCoder.
Experimental results on multilingual program-
ming benchmarks demonstrate the superior per-
formance of Qwen2.5-xCoder in sharing com-
mon knowledge, highlighting its potential to
reduce the cross-lingual gap.

1 Introduction

Recent advancements (OpenAl, 2023; Gunasekar
et al., 2023; Li et al., 2023b; Roziere et al., 2023;
Lozhkov et al., 2024; Hui et al., 2024) in code
understanding and synthesis have seen a transfor-
mative shift from small machine learning or deep
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Figure 1: An example of Qwen2.5-xCoder. The Code
LLM solves the code generation question by “translat-
ing” the pseudocode description (Universal Code) into
executable code of the target programming language.

learning models toward large language models
(LLMs) based on the Transformer architecture. The
emergence of code LLMs equipped with instruc-
tion tuning has advanced a revolutionary step in
many code downstream tasks, where LLMs are first
trained on massive codebases with autoregressive
objectives and then aligned to human preferences
and downstream tasks. Code LLMs can understand
complex programming problems and produce code
closely mirroring user intents.

In the landscape of Al-driven code-related tasks,
proprietary models such as ChatGPT and GPT-4
have gained dominance. The open-source commu-
nity is making strides to narrow this gap, where
Self-Instruct (Wang et al., 2023b) enhances the
instruction-following capabilities of open-source
LLMs. Code Alpaca (Chaudhary, 2023) uses Chat-
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GPT to synthesize instructions with Self-Instruct.
Further, Evol-Instruct evolves Code Alpaca by at-
tempting to make code instructions more complex
and fine-tune the code LLM with the evolved data.
A series of instruction data construction methods
are proposed to generate diverse, high-quality in-
struction data from code snippets. However, these
methods mainly focus on each programming lan-
guage in isolation, ignoring the knowledge transfer
among different programming languages.

To minimize the gap among different program-
ming languages, we propose a novel multi-agent
collaboration framework to generate the high-
quality instruction dataset X-INSTRUCT of multilin-
gual programming languages, which is used to fine-
tune our proposed model Qwen2.5-xCoder. Specif-
ically, we employ a multi-agent system where each
agent is specialized in a different programming
language to facilitate efficient and effective knowl-
edge transfer across languages. Initially, we gen-
erate language-specific instruction data from code
snippets, with each sample serving as the basis
for an individual language-specific agent. These
agents then engage in a collaborative discussion to
synthesize new instructions, applicable to either a
new or an existing programming language, along
with their corresponding solutions. To enhance
cross-lingual learning, each agent retains a record
of its generation history, using this memory to as-
sess its strengths and weaknesses. This iterative
process results in high-quality, multilingual instruc-
tion data that is instrumental in training our method
and fostering knowledge exchange among diverse
programming languages.

Qwen2.5-xCoder is evaluated on the Python
benchmark, including HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021), and the
extended multilingual benchmark MultiPL-E, com-
prised of Python, Java, CPP, C-sharp, Typescript,
PHP, and Bash. The Experimental results demon-
strate that Qwen2.5-xCoder consistently outper-
forms the previous baselines. Empirical studies
show that Qwen2.5-xCoder can effectively transfer
knowledge of data in different languages to each
other and thus help to alleviate the negative lan-
guage interference among various languages. The
contributions are summarized as follows:

* We introduce a multilingual multi-agent
framework, where multiple agents participate
in a collaborative discussion to synthesize new
instructions and the corresponding answers.

These cooperative agents work together to-
wards a shared goal, typically exchanging in-
formation to enhance a collective solution.

* Based on the code snippets extracted from
the open-source code, we leverage the mul-
tilingual multi-agent framework to create a
multilingual programming instruction dataset
X-INSTRUCT to improve the cross-lingual ca-
pabilities of the code LLM.

* To validate the effectiveness of our method,
we introduce a series of Qwen2.5-xCoder
models fine-tuned on our data generation strat-
egy based on Code Llama, and Deepseek-
Coder.

2 Qwen2.5-xCoder
2.1 Model Overview

In Figure 2, we develop a multi-agent framework
to construct a multilingual instruction dataset from
code snippets. Each agent in the framework spe-
cializes in a different programming language, fa-
cilitating effective knowledge transfer between lan-
guages. The code snippets are assigned to the re-
spective language-specific agents, who then gen-
erate individual instructions. These agents collab-
orate, leveraging their expertise to create new in-
structions that can be applied to various program-
ming languages, along with corresponding solu-
tions. To enhance cross-lingual learning, agents
keep a record of their generated instructions to
identify their strengths and areas for development.
This collaborative approach allows us to produce
a high-quality multilingual instruction dataset that
can be used for instruction tuning.

2.2 Seed Instruction Dataset

Instruction from Code Snippet. For the unsu-
pervised data (code snippets) massively existing in
many websites (e.g. GitHub), we try to construct
the supervised instruction dataset. Specifically, we
use the LLM to generate the instruction g from
the code snippets within 1024 tokens and then we
use the code LLM to generate the response a. Fi-
nally, we use the LLM scorer in Figure 4 to filter
the low-quality ones to obtain the final pair (q, a).
Given the code snippets of different programming
languages Ly € {Lj}X_ |, we construct instruction
dataset D, = {DI*}5 | from the code snippets.
(K is the number of programming languages)
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Figure 2: Overview of multilingual multi-agent data generation framework. we first construct the multilingual
instruction dataset from the code snippets. We introduce a multi-agent framework, with each agent possessing
expertise in a different programming language, allowing for efficient knowledge transfer across various languages.
“R-Generator” generates the responses based on the instruction while “I-Generator” generates the instruction based
on the responses. Each snippet is assigned to a language-specific agent who uses it to create individual instructions.
The agents then collaborate, using their specialized knowledge to create new instructions that can be applied to
either a new or existing programming language, along with the appropriate solutions. To improve cross-lingual
learning, agents maintain a history of their generated instructions, allowing them to identify their strengths and areas
for improvement. Through this collaborative process, we produce high-quality multilingual instruction data for
instruction tuning.

Response from Code Snippet. To increase the
diversity of the instruction dataset. Conversely, we
first generate the responses from the code and then

questions and GPT4o generates the responses.

2.3 Language Agent

prompt the LLLM to generate instructions. Then
we use the LLM scorer to filter the low-quality
to obtain the final pair (¢,a). Similarly, given
the code snippets of different programming lan-
guages Ly € {L;}X |, we can construct instruc-
tion dataset Dy, = {DI+}5 | from the code snip-
pets. To fully unleash the potential of our proposed
method, we combine two parts instruction dataset
Dg, U Dy, as the seed data for multi-agent data
generation framework.

LLM Adoptation for Data Generation We use
the Qwen2.5-Coder-Instruct for the generation of
the instruction q from the code snippet, considering
both the quality and the price of the open-source
models and closed-source models (e.g. GPT4o).
For response generation, we adopt the more pow-
erful LLM GPT4o for high-quality response gen-
eration. To ensrue the high-quality data and low
cost, we choose Qwen2.5-Coder to generate the

Figure 2 shows the overall framework of the multi-
agent framework to generate the new samples.

Instance-level Agent. Given the seed instruc-
tion dataset Dj, each instance (¢,a) € Dy is
used to initialize the agent A {p,m,r, O},
where A contains the pre-defined agent profile p
(task definition), the agent operation o € O =
{01 ...,04}, the memory of the generated his-
tory m = {mi,...,mr}, the reflection r =
{r1,...,7c}. O contains different evolution op-
erations, such as increasing difficulty and adding
more reasoning steps. m is comprised of 7" history
generated samples, where m; = (¢;,a;) € m (g;
and a; are the question and answer generated by
the agent A).

Memory Initialization and Update. The mem-
ory module m is essential for the abilities of an
agent to gather, retain, and apply knowledge gained
from interactions. Initially, the agent A does not
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You are a programming expert, very good at designing
high-quality engineering problems and algorithmic
problems.

[Memory]:

Here are the algorithmic problems and solutions you've
generated in the past:

{Sample 1}

{Sample T}

[Reflection]:

Here are the merits and faults of each sample in [memory]
you've generated in the past:

{Sample 1}

{Sample T}
[Communication]:
{Agent 1}

{Agent M}

[Goal]:

Please rewrite the problem to specify a programming
language {target language}.

The created problem ({target language}) needs to fulfill
the following requirements compared to the given
problem.

[Guidelines]

* Please create a new prompt based on the given prompts
in [Communication]

* Please increase the difficulty by proposing higher time
or space complexity requirements.

* Please try to avoid generating new questions that are
similar to the original questions.

* Please avoid creating the same problem description as
in [memory] and generating more novel problems based
on previous generation history.

[Created Prompt]:

Figure 3: Prompt of the multilingual multi-agent frame-
work for the centralized and parallel discussion. The
prompt is used to generate one new sample from the
given agents, which is a communication prompt between
agent A; and A;. Therefore, the prompt can be used for
both parallel discussion and centralized discussion.

generate any samples, and thus the memory is ini-
tialized by the seed data (m = {q¢s, as}). Memory
updating is the process of recording new informa-
tion, thereby updating the knowledge base of the
agent with fresh insights or observations. When
the agent generates the new sample (g, a), the pair
is added into the memory m, where the similarity
between (g, a) and the samples already in m is less
than a certain threshold to prevent duplicates. m is
a priority queue with capacity size 7. When the ca-
pacity is full, the sample with the lowest evaluated
score is first removed from the queue.

Memory Relfection. The goal is to equip agents
with the ability to autonomously generate sum-

As a code expert, your task is to evaluate the provided
data based on specific criteria. Please generate a JSON
list that includes the scores for the data, following the
given guidelines.

Return Format:
[{"expert": "", "score": ""
Scoring Range:

1.0: very bad, 2.0: bad, 3.0: Neutral, 4.0: good, 5.0:
very good, N/A: Not applicable

, nreasonn: ml}]

Experts of different aspects:

* Question&Answer Consistency: Whether Q&A are
consistent and correct for fine-tuning.

* Question&Answer Relevance: Whether Q&A are
related to the computer field.

* Question&Answer Difficulty: Whether Q&A are
sufficiently challenging

* Code Exist: Whether the code is provied in question
or answer.

* Code Correctness: Evaluate whether the provided
code is free from syntax errors and logical flaws.
Consider factors like proper variable naming, code
indentation, and adherence to best practices.

* Code Clarity: Assess how clear and understandable
the code is. Evaluate if it uses meaningful variable
names, proper comments, and follows a consistent
coding style.

* Code Comments: Evaluate the presence of
comments and their usefulness in explaining the code's
functionality.

* Easy to Learn: determine its educational value for a
student whose goal is to learn basic coding concepts
* Total Score: Give a final rating based on the quality
of the data.

Please score the following Q&A (score the data as
strictly as possible and identify errors):

[Question]:
{question}
[Answer]:

{response}

Figure 4: Prompt of evaluation.

maries of their experiences and draw inferences
that reach beyond simple data processing. After
the agent A synthesizes one new sample (¢, a), we
use the LLM scorer to evaluate the sample in many
aspects and obtain the reflection 7 in Figure 4.

2.4 Cross-lingual Discussion

The communication between agents in our pro-
posed multi-agent framework is the critical infras-
tructure supporting collective intelligence. We in-
troduce two types of communication structures, in-
cluding centralized communication and distributed
communication. When multiple agents try to syn-
thesize new samples, each agent will randomly
select a sample from its memory for further data
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synthesis. For the first data synthesis, the agents
uses the provided seed data Dg, U Dss to synthe-
size new samples.

Centralized Discussion. Centralized communi-
cation involves a central agent coordinating the
communication, with other agents primarily in-
teracting through this central node. Given d
agents {A1,..., A4} (A1 is the main agent and
others are auxiliary agents), the prompt F is
used to generate the new sample (¢,a) mainly
based on A;, where the process can be described
as F(Ay; Ag, ..., Ay). Specifically, given the
agents Ay, ..., Ay, we first use the prompt in Fig-
ure 3 to separately generate the different samples
f(AL .. Ag) = f(ALA2), ..., f(AL, Ag) =
(q1,--.,q94). Then, the LLM summarizes the
(¢q1,--..,qq) into a new question g. Therefore, for
centralized discussion, the main agents will sepa-
rately disscuss with each other agents indentpently
and finally summarizes all generated samples to
produce a new question.

Parallel Discussion. Parallel discussion equally
regards all agents A;,..., A4, the prompt is
used to consider all agents and generate a
new sample, where the process is described as
F(A1, Ag, ..., Ag). For the parallel centralized
discussion, we can directly use prompt 3 to gen-
erate the final question, which is denoted as ¢ =
f(Ay; Ag, ..., Ag), and q is directly generated by
all agents equally. Therefore, for centralized discus-
sion, the generated sample is a more challenging
new question mainly derived from .4;, while for
parallel discussion, the generated sample is equally
from A4,..., Ay.

Data Generation. Based on the seed instruction
dataset Dg, we adopt the multilingual agent frame-
work to create the multilingual instruction dataset
D = {DL}E | (K is the number of languages).
Finally, the generated multilingual data from differ-
ent agents comprise the corpus Dg,.

2.5 Multilingual Code Instruction Tuning
Given the multilingual corpora D = {D%+} K |

the training objective of the Lgpr can be described:

K

Lspr = — ZEq,aNDLk [log P(alg; M)] (1)
k=1

where ¢ and a are the question and answer pair.
Lsrr is the instruction fine-tuning objective.

2.6 Multilingual Code DPO

mo(ytle)  ma(y”|w)
m(ytle)  m(y~|x)

Loro = =B, 4 = up [loga(B( )| @
where (y™,y7) is the positive and negative pair. o
denotes the sigmoid function. After generating the
SFT data, we further leverage the multi-agent col-
laboration data generation framework to synthesize
the DPO data. For the sample query, we prompt the
SFT model to sample 128 responses and use the
code execution to verify the correctness of the gen-
erated code snippet. The samples passing the unit
tests are used as positive samples while others are
used as negative samples. We feed generated test
cases from LLM into the code snippet to verify the
correctness of the function under the multilingual
environment. The DPO data is denoted as the D, .
Finally, we use Dg, U Dy, U Dy, for supervised
fine-tuning and D, for preference learning.

3 Experiments

3.1 Implementation Details

For the code snippets collected from GitHub, we
choose nearly 100K code snippets from differ-
ent languages (Python, Java, CPP, C-sharp, Type-
script, PHP, and Bash) to construct the synthetic
instruction dataset. Finally, we obtain the instruc-
tion dataset X-INSTRUCT containing nearly 95K
training samples. We utilize Qwen2.5-Coder as
the foundational code LLMs for supervised fine-
tuning. We fine-tune these foundation LLMs on X-
INSTRUCT. Qwen2.5-xCoder (32B) is fine-tuned
on the 128 NVIDIA H800-80GB GPUs'. The
learning rate first increases into 5e-5 with 100
warmup steps and then adopts a cosine decay sched-
uler. We adopt the Adam optimizer with a global
batch size of 1024 samples, truncating sentences to
2048 tokens.

3.2 Evaluation Metrics

Pass@k. We adopt the Pass@k metric (Zheng
et al., 2023) for evaluation by using test cases to
verify the correctness of the generated code. For
the fair comparison, we report the greedy Pass@ 1
scores for all LLMs in our work.

3.3 Instruction Dataset

We use the created instruction dataset we combine
three parts instruction dataset Dy, U Dy, U D, for

"https://github.com/QwenLM/Qwen2 .
5-Coder/tree/main/finetuning/sft
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supervised fine-tuning, comprising nearly 97.3K in-
struction samples. The created samples Dy, U D,
from code snippets contain 30K samples. The cre-
ated instruction dataset D, from the multi-agent
framework contains nearly 67K samples. The data
used for DPO is comprised of 133K samples (for
each query, it includes multiple positive and nega-
tive responses).

3.4 Baselines

Proprietary Models. GPT-40 (OpenAl, 2023)
and o1 series are both LLMs developed by OpenAl
based on a neural architecture known as generative
pre-trained Transformers (GPT) (Radford et al.,
2018). They are both trained on massive datasets
of text and code, allowing them to generate human-
quality text, translate languages, and write different
kinds of creative content. Claude3.5 and GPT4o0
achieve excellent performance in various code un-
derstanding and generation tasks.

Open-Source Models. To narrow the gap be-
tween open-source and closed-source models, a se-
ries of open-source models and instruction datasets
are proposed to improve the code foundation LLMs
and bootstrap the instruction-following ability of
code LLMs. We compare the following code
LLMs: Qwen-Coder (Hui et al., 2024), Code
Llama (Roziere et al., 2023), and DeepSeek-
Coder (Guo et al., 2024b) with different model
sizes are introduced into the based model.

3.5 Evaluation Benchmark

EvalPlus. The HumanEval test set (Chen et al.,
2021) is a crafted collection of 164 Python pro-
gramming problems to test the abilities of code
generation models. For each problem, there are
roughly 9.6 test cases to check whether the gener-
ated code works as intended. Humaneval has be-
come the most popular benchmark to measure how
well these code-writing AI models perform, mak-
ing it a key tool in the field of Al and machine learn-
ing for coding. The MBPP dataset (Austin et al.,
2021), comprising approximately 1,000 Python
programming challenges sourced from a crowd of
contributors, is tailored for beginners in program-
ming, focusing on core principles and the usage of
the standard library. The MBPP test set comprised
of 500 problems is selected to evaluate the few-shot
inference of the code LLMs.

MultiPL-E. The MultiPL-E test set (Cassano
et al., 2023) translates the original HumanEval test

set to other languages and we report the scores
of the languages Python, Java, CPP, Typescript,
Javascript, PHP, and Bash. We adopt the open-
source script® for multilingual evaluation.

4 Base Models

Qwen2.5-Coder. The Qwen2.5-Coder (Guo
et al., 2024b) series contains a range of open-source
code models with sizes from 0.5B to 32B, pre-
trained on 5.5 trillion tokens from the Qwen2.5
base model. These models are fine-tuned on a high-
quality code corpus, using a 32K token window for
a fill-in-the-middle task to improve code generation
and completion.

4.1 Main Results

Python Code Generation. Table 1 illustrates
that Qwen2.5-xCoder significantly outperforms the
many previous strong open-source baselines, such
as DS-Coder and StarCoder, minimizing the gap
with GPT-40. Particularly, Qwen2.5-xCoder out-
performs the CodeLlama-70B-Instruct. We can
see that Qwen2.5-xCoder can further enhance the
model performance by +1 ~ 2 points on EvalPlus.

Multilingual Code Generation. For the multi-
lingual code generation task, our proposed model
Qwen2.5-xCoder is evaluated on the MultiPL-
E, including Python, Java, CPP, C-sharp, Type-
script, Javascript, PHP, and Bash. The experi-
mental results in Figure 1 show that DS-Coder
and Qwen2.5-Coder significantly outperform other
baselines across all languages. The enhanced
version, Qwen2.5-xCoder, further improves the
multilingual performance of LLM, rivaling the
CodeLlama-70B-Instruct model with only 14B pa-
rameters. Remarkably, we introduce the language-
specific multi-agent framework to compose new
samples for enhancing cross-lingual transfer among
different programming languages. Since the ef-
fectiveness of the multilingual transfer, some data
from X-INSTRUCT is incorporated into code in-
struction data to enhance the Qwen2.5-Coder-
Instruct (Hui et al., 2024).

Multilingual Code Understanding. Given the
multilingual correct code snippet, the code LLM is
tasked to generate an explanation of the code and
then regenerate the code only based on its own ex-
planation. For the different backbones Code Llama
2https://github.com/QwenLM/Qwen2.

5-Coder/tree/main/gwencoder—-eval/
instruct/multipl_e
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Model Size | HE HE+ MBPP MBPP+ | Python Java C++ C# TS JS PHP Bash | Avg.
Closed-APIs
Claude-3.5-Sonnet-20240620 & 890 81.1 876 72.0 89.6 86.1 826 854 843 845 80.7 48.1 | 809
Claude-3.5-Sonnet-20241022 a 921 860 91.0 74.6 939 867 882 873 8381 913 826 525|845
GPT-40-mini-2024-07-18 a | 87.8 848 86.0 72.2 87.2 759 77.6 797 792 814 752 437 | 77.6
GPT-40-2024-08-06 &) 921 860 868 72.5 909 835 764 81.0 83.6 90.1 789 48.1 | 80.8
ol-mini a 976 902 939 78.3 95.7 905 938 77.2 912 925 845 55.1 | 86.7
ol-preview & 951 884 934 77.8 96.3 88.0 919 842 90.6 93.8 90.1 47.5 | 86.3
0.5B+ Models
Qwen2.5-Coder-0.5B-Instruct 0.5B | 61.6 573 524 43.7 61.6 573 524 437 503 503 528 27.8 | 509
Qwen2.5-xCoder (SFT) 0.5B 69.5 665 52.6 45.5 689 57.6 534 677 635 665 57.8 335 | 58.6
Qwen2.5-xCoder (DPO) 0.5B 726 67.1 519 45.2 72.0 582 54.0 684 667 640 57.8 36.7 | 58.0
1B+ Models
DS-Coder-1.3B-Instruct 13B | 659 604 653 54.8 652 519 453 551 59.7 522 453 127 | 52.8
Yi-Coder-1.5B-Chat 1.5B | 69.5 64.0 659 57.7 67.7 519 49.1 57.6 579 596 522 19.0 | 56.0
Qwen2.5-Coder-1.5B-Instruct 1.5B | 70.7 66.5 69.2 59.4 712 557 509 64.6 610 62.1 59.0 29.1 | 599
Qwen2.5-xCoder (SFT) 1.5B 854 799 69.3 59.5 70.1 684 665 684 71.1 727 702 443 | 68.8
Qwen2.5-xCoder (DPO) 1.5B 652 604 709 61.6 744  69.6 67.7 709 755 745 69.6 449 | 67.1
3B+ Models
Qwen2.5-Coder-3B-Instruct 3B | 84.1 805 736 62.4 835 747 683 785 799 752 733 430 | 72.1
Qwen2.5-xCoder (SFT) 3B 848 799 693 61.1 67.7 57.6 398 285 434 553 385 31.6 | 54.8
Qwen2.5-xCoder (DPO) 3B 854 805 757 66.7 80.5 584 702 804 824 826 745 437|734
6B+ Models
CodeLlama-7B-Instruct 7B | 409 335 540 444 348 304 31.1 21.6 327 - 28.6 10.1 -
DS-Coder-6.7B-Instruct 6.7B | 744 713 749 65.6 78.6 684 634 728 672 727 689 367 | 679
CodeQwen1.5-7B-Chat 7B | 835 78.7 777 67.2 84.1 734 745 778 7177 752 708 392 | 72.8
Yi-Coder-9B-Chat 9B | 823 744 820 69.0 854 760 677 76.6 723 789 721 456 | 73.5
DS-Coder-V2-Lite-Instruct 2.4/16B | 81.1 75.6 82.8 70.4 81.1 76.6 758 76.6 80.5 77.6 745 43.0 | 74.6
Qwen2.5-Coder-7B-Instruct 7B | 884 84.1 835 71.7 87.8 765 756 803 81.8 832 783 487 | 783
OpenCoder-8B-Instruct 8B | 83.5 78.7 79.1 69.0 83.5 722 615 759 780 795 733 443 | 732
Qwen2.5-xCoder (SFT) 7B 8.0 799 812 67.2 84.1 392 789 79.7 81.8 789 683 462 | 72.6
Qwen2.5-xCoder (DPO) 7B 86.0 799 82.3 69.3 82.3 234 770 81.6 81.1 820 658 475|715
13B+ Models
CodeLlama-13B-Instruct 13B | 40.2 323 603 51.1 427 405 422 240 390 - 323 139 -
Starcoder2-15B-Instruct-v0.1 15B | 67.7 604  78.0 65.1 689 538 509 62.7 579 59.6 534 247 | 58.6
Qwen2.5-Coder-14B-Instruct 14B | 89.6 87.2 86.2 72.8 89.0 79.7 85.1 842 86.8 845 80.1 475 | 81.1
Qwen2.5-xCoder (SFT) 14B 884 835 84.1 73.3 89.0 81.0 752 81.6 843 851 752 468 | 78.6
Qwen2.5-xCoder (DPO) 14B 89.0 84.8 83.1 72.0 91.5 81.0 789 829 855 851 77.0 48.1 | 799
20B+ Models
CodeLlama-34B-Instruct 34B | 48.2 402 61.1 50.5 41,5 437 453 31.0 403 - 36.6 19.6 -
CodeStral-22B-v0.1 22B | 81.1 732 782 62.2 81.1 633 652 43.7 68.6 - 68.9 424 -
DS-Coder-33B-Instruct 33B | 81.1 75.0 804 70.1 79.3 734 689 741 679 739 727 430 | 71.6
CodeLlama-70B-Instruct 70B | 720 659 77.8 64.6 67.8 582 534 367 390 - 584 29.7 -
DS-Coder-V2-Instruct 21/236B | 854 823 894 75.1 90.2 823 84.8 823 83.0 845 795 525|809
Qwen2.5-Coder-32B-Instruct 32B | 92.7 872 90.2 75.1 92.7 804 795 829 868 857 789 48.1 | 81.7
Qwen2.5-32B-Instruct 32B | 87.8 829 86.8 70.9 884 804 81.0 745 835 824 783 468 | 78.6
Qwen2.5-72B-Instruct 32B | 854 793 90.5 71.0 829 81.0 80.7 81.6 8l.1 820 77.0 487 | 789
Qwen2.5-SynCoder 32B | 92.7 87.8 86.2 74.7 92.1 804 80.7 81.6 830 857 77.6 494 | 81.0
Qwen2.5-xCoder (SFT) 32B 87.8 84.1 849 74.9 89.6 747 733 79.1 824 814 783 462 | 78.1
Qwen2.5-xCoder (DPO) 32B 89.0 86.0 854 74.9 909 766 727 79.1 83.6 814 789 494 | 79.0

Table 1: The performance of different instruction LLMs on EvalPlus and MultiPL-E. “HE” denotes the HumanEval,
“HE+" denotes the plus version with more test cases, and “MBPP+" denotes the plus version with more test cases.
Avg. denotes the average score of EvalPlus and MultiPL-E.

and Deepseek-Coder, our method beats most previ-
ous methods, especially in other languages, which
demonstrates that X-INSTRUCT can bring multi-
lingual agreement for different programming lan-

guages.

5 Analysis

Ablation Study. Given the synthetic instruc-
tion dataset, we can obtain the fine-tuned model
Qwen2.5-xCoder based on the Qwen2.5-Coder-7B
denoted as @. Our multilingual instruction dataset
contains four parts { Dy, , Ds,, Ds,, D, }. Ds, is
created from the code snippets by first generating
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ID ‘ Methods Python Java C++ C# Avg.
@® | Qwen2.5-xCoder | 909 76.6 72.7 79.1 79.8
@ ®- D, 89.6 747 733 79.1 792
® @ - D, 829 69.6 683 703 728
® | @-D,, (D) 799 67.1 658 684 70.3

Table 2: Ablation study of our proposed method.
Qwen?2.5-xCoder is fine-tuned on the combination of all
generated instruction datasets.

S o =
3 &y 3

Accuracy (%)

o
a5

10K 20K 30K 40K 50K 60K 70K 80K 90K ALL
Size of Tuning Data

Figure 5: Evaluation results (average scores of 8 pro-
gramming languages) of Pass@ 1 on the MultiPL-E with
different training sizes by randomly down-sampling.

instructions and then outputting the response while
Dy, is developed from the code snippets by first
generating responses and then synthesizing the in-
structions. Dy, is derived from our multilingual
multi-agent framework. D, is derived from the
temperature-based sampling for DPO training. Spe-
cially, we can observe that @ drops a lot compared
to @. It indicates the significance of the dataset D,
from the multi-agent data generation framework.
Table 2 summarizes the results of the ablation study
of these datasets, which shows that our multilingual
multi-agent framework can leverage code snippets
and existing instruction datasets to transfer knowl-
edge from Python to other languages.

Effect of Instruction Data Size. To discuss the
effect of the size of our created instruction dataset
X-INSTRUCT (nearly 97.3K sentences), we plot
evaluation scores with different training data sizes
in Figure 5. We randomly sample {1K,..., ALL}
sentences from the whole corpora to fine-tune the
base Qwen2.5-Coder. With the training data size
increasing, the fine-tuned model gets better perfor-
mance. Surprisingly, only 50K pseudo annotated
sentences bring large improvement to the multi-
lingual code generation, which benefits from the
knowledge transfer of the multilingual agents.

Token Count Distribution. Figure 6 illustrates
the distribution of lengths for both the generated
problems and their corresponding solutions. On the

,,,,,,,,,,

(a) Problem (SFT) (b) Solution (SFT)

Numberof Tokens

(c) Problem (DPO) (d) Solution (DPO)

Figure 6: Length distribution of problem and solution
for the SFT data and DPO data.

horizontal axis, we quantify length in terms of the
number of tokens comprising each problem or solu-
tion. The solution has a similar length distribution
to the distribution of the problem.

6 Related Work

Code-related Tasks. Pre-training has signifi-
cantly enhanced the model capabilities of code
understanding and synthesis in downstream var-
ious tasks, such as CodeBERT (Feng et al., 2020)
and CodeT5 (Wang et al., 2021). The model ar-
chitecture and pre-training objectives originating
from natural language processing (NLP) (Lu et al.,
2021; Yan et al., 2023; Liu et al., 2023; Xie et al.,
2023) have been increasingly adopted to synthe-
size programs from human language and perform
code infilling, effectively addressing a multitude of
software engineering challenges, such as code sum-
marization, code refinement, and code translation.

Code-specific Large Language Model. Code-
specific large language models (LLMs) (Li et al.,
2023a; Roziere et al., 2023; Guo et al., 2024a; Yang
et al., 2024a,b) trained on large-scale code corpora
show remarkable performance across a diverse set
of software engineering tasks. Code LLMs culmi-
nate in a foundational competence in general code
generation and understanding, such as CodeGen
(Nijkamp et al., 2023) and Code Llama (Roziere
et al., 2023), which enables them to tackle code-
related tasks with better performance. Inspired by
the success of multi-agent collaboration in other
fields (Guo et al., 2024¢c; Wang et al., 2023a), we
introduce the language-specific agent to formulate
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a multilingual instruction dataset.

Multilingual Code Instruction Tuning. Instruc-
tion tuning is a powerful paradigm enhancing the
performance of LLMs by fine-tuning them with
the instruction dataset (Ouyang et al., 2022; Zhang
et al., 2023; Wang et al., 2023b). Instruction tun-
ing enables LL.Ms to generalize better and follow
instructions more directly. The previous works
(Wang et al., 2023b; Chaudhary, 2023) use a foun-
dation LLM to generate the instruction data and
then refine the model through instruction tuning
with the synthetic data. To further enhance Self-
Instruct, WizardCoder (Luo et al., 2023) introduces
code Evol-Instruct to produce more high-quality
data by using heuristic prompts to increase the com-
plexity and diversity of synthetic data. Recently,
OSS-Instruct (Wei et al., 2023) and CodeOcean (Yu
et al., 2023) leveraged real-world code snippets to
inspire LLMs to generate more controllable and re-
alistic instruction corpora. A series of multilingual
benchmarks (Cassano et al., 2023; Chai et al., 2024;
Liu et al., 2024a,b; Zhuo et al., 2024) (e.g. MultiPI-
E, McEval, and MdEval) are proposed to evaluate
the multilingual capabilities of code LLMs.

7 Conclusion

In this work, we propose a novel multilingual multi-
agent collaboration framework to bridge the lan-
guage divide in programming by generating a com-
prehensive and high-quality multilingual instruc-
tion dataset X-INSTRUCT for fine-tuning Qwen2.5-
xCoder. Our proposed model leverages the exper-
tise of individual agents, each fluent in a different
programming language, to achieve effective knowl-
edge transfer. The collaborative efforts among mul-
tiple agents, informed by their individual gener-
ation histories, enable the synthesis of versatile
programming instructions and solutions. This en-
riches the instruction dataset and bolsters the capa-
bility of our model to generalize across languages,
promising significant advancements in the field of
multilingual programming development.

Limitations

We acknowledge the following limitations of this
study: (1) This work focuses on exploring instruc-
tion tuning for multilingual code-related works.
The investigation of this paradigm on other multi-
lingual tasks has not been studied yet. (2) While
our approach aims to facilitate knowledge transfer

across multiple programming languages, it may not
be equally effective for all languages, potentially
leading to a bias towards more commonly used or
better-represented languages in the dataset.

Ethics Statement

Qwen2.5-xCoder, as a novel multi-agent collabora-
tion framework, enhances multilingual instruction
tuning for code LLMs, where multiple language-
specific intelligent agent components with genera-
tion memory work together to transfer knowledge
from one language to another efficiently and ef-
fectively. Qwen2.5-xCoder effectively enhances
the multilingual code generation capabilities of the
LLMs but the constructed SFT and DPO data may
contain unsafe queries and thus lead to unsafe code
generation and execution. Therefore, to ensure the
security and reliability of the code execution, we
filter the unsafe queries with an LLM filter and sug-
gest the users should run the code under a sandbox
to verify the safety of the generated code.
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