XXXX XXXX

ZIERAFHARS MRS

KABR ', eI 2, BEERRR Y, (RER(RC, HEES, TR="
LSR5 ARAR], T4 %I 518000;
2. HERLERRRSE, 20 A 2300005

3. FEBFERBH AR, L5 1001905

4. fBfrRAE, fR JEITT 361021

WE

EERNESRAENRELRE, ETENRONIBERARENNENRESRE LIEERKNEERTND,
PERMRERAERIBER. FHSINSESTENTDRENEEE, BEBNER. IMEBHREHA
nigly, DRRFLETNSE. EBSOBSKPICFRR, HUSNEREMDRASHEMI. NRRX
—H, HRERE TINEEERAER, BUSINERD L. RFICLSEHEARBIG, £ T8
EA—HARESPIINER[RAZSMEARR, MBS EANBENNTEUESTRETYT B, REME
TMNEERAZIDEBRARIENIES, BETINEERAEESIR. TEEN. CLEEBSIMELK
DENERDESARETE, HoMs BEAEESSRHTREPHANAE, RE, e T SRIXERIMA
AELTY M. IMEEESZEM O EEIDNMN, RETEBOBEIHILS TIEMERRARE
Y] =

Xiga
RIESER; IBEREA; SERENIME; NIBEN; E50%8; BFHK

DEDES . TP18 STERFRGES : A doi: 10.11959/. issn. 2096-0271.2026062

A review of code agents based on
large language models

Zhang Xulong', Bao Xikun'?, Qu Xiaoyang', Ni Xiaojun®, Tian Hui‘, Wang Jianzong'
1. Ping An Technology (Shenzhen) Co. , Ltd., Shenzhen 518000, China;

2. University of Science and Technology of China, Hefei 230000, China;

3. Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China;

4. Huagiao University, Xiamen 361021, China

Abstract

With the rapid advancement of large language models (LLMs), code agents have emerged as a key paradigm for
intelligent and automated software development. While single-agent systems demonstrate strong capabilities in code
generation, debugging, and testing, they struggle with complex, multi-stage software engineering workflows due to
limitations in context length, task decomposition, and long-term memory. To overcome these bottlenecks, researchers
have introduced multi-code agent systems, in which multiple agents with specialized roles collaborate through shared
memory, role division, and collective reflection. This architecture enables more robust reasoning, coordinated planning,

and scalable code generation in real-world projects. This paper provides a comprehensive review of the evolution from
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single-agent to multi-agent frameworks, analyzing core advancements in task planning, tool integration, memory

management, and collaborative optimization. It further summarizes representative studies and application scenarios in

software development automation. Finally, the paper discusses ongoing challenges-such as maintaining contextual

consistency, optimizing multi-agent coordination, and ensuring code safety-and explores future directions toward self-

evolving and industry-level intelligent programming systems.
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