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Multi-agent Collaborative Code Generation Technology Driven by Large Language Models
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Abstract In code generation tasks,pretrained large language models and agents have become key technologies for improving the
quality and efficiency of code generation. However, when facing complex programming problems,intelligent agents based on large
language models still struggle to provide effective solutions. This paper proposes a framework of multi-agent collaborative code
generation to solve complex programming problems through the collaboration among agents,which includes four stages:problem
analysis, task planning.code generation,and code debugging. The different base model strategies for agents based on open-source
LLMs are proposed and the impact on system performance is tested. Additionally,an iterative programming paradigm incorpora-
ting reflection and debugging loops is introduced to optimize code generation based on feedback from each stage. Experimental re-
sults demonstrate that the multi-agent collaborative approach achieves significant performance improvements compared to tradi-
tional direct code generation methods across multiple datasets. Particularly, the hybrid model strategy achieves optimal perfor-

mance on all tested datasets. Performance on test datasets is further improved with the adoption of reflection and debugging

loops.

Keywords Multi-agent system,LLarge language model, Natural language processing,Code generation,Chain of thought
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Fig. 1 Diagram of multi-agent collaborative workflow
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| Given a coding problem. Please analyze the problem, extract the requirement and :
I constraint, and identify the difficulties. Then identify the algorithm needs to be |
I used for the problem. Finally, propose a group of plans and codes as candidate |
| solutions to solve this problem.

: # Problem: {#i A\ [¢] 7}

| ## Problem Analyzing:

|
|
|
| |
| Your response must follow the following format: :
|
I ## Algorithm: I

|
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Fig. 2 Prompts for problem analysis agent
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Given a coding problem. Please generate a concrete planning to solve the problem.
# Problem: {# A\ 5] 1}

## Candidate Solutions: { 7] 44T i B 4 )

Your response should give only the planning to solve the problem.

Given your previous trial to solve the problem, including Planning, Codes, Test
Report and Debugging Record. Please explain why the previous trial is wrong as
indicated by the tests. Then generate the modified planning to solve the problem.

## Planning: { ] — /89 (£ 5 A %I P B4 45 R )

## Codes: { R 4 X 4
## Test Report: { X5
## Debugging Record: { X85 i #1025 (k) }

Your response must follow the following format:
## Explanation:
## Modified Planning:

B3 AT 45 MR RER A94R8 1]
Fig.3 Prompts for task planning agent
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Given a coding problem. The generated planning and {language} code to solve the
problem can not pass the test cases. Please improve the planning and codes to solve
the problem correctly.

# Problem: {#i A\ |7 1}

## Planning: { {£ % #L%| [ &R

## Code needs to be modified: { 55 4 Al [ 4 #r 45 & )

## Test Report: {11355 /7 17 117 45 & }

## Let's think step by step to modify {language} Code for solving this problem.

Your response must contain the modified planning and the {language} code inside
""" block to solve this problem.

B4 AR IR AR R i 42 7R 3R]
Fig. 4 Prompts for code debugging agent
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LAY

WA B AFSE F B & L ChatGPT-3. 5 8 GPT-4 % #8 K #
D 30D 0 I R B A A R A A AR Y, 7 A g R 4
BB AN T L 3 B AU BN 2B R, R4S R AR T R
B PG /N F DA B AT (AR A RS 2 A 45 rh i R A B
S0 E R, 7E 2 A A B R A AR L AE 22 R L AR
it gt o S5 11 IR B 2 75 6B A 808 T A g A A A L g
FIRER 2 iR AR F 5T 0 [ . 76 BCAE 2R T e I BB AR 1 5B )
T 5 R 0k 5 A T A el 4SS Y, A B S R AR A5 1 R
BUE R G Rl 7 =0, 23— 4R T R G RO A A
JRRE T AR . TEAR BTG PR T R R A AT B A R P
8 FEASE R AN 5 400 38k T PR, AT 50K X L 3 A [R] B 2
Tl R 7R Aol ) 5K W« 1) 3 RS 78 S B0 T A 88 4k 349 e 1 5
BT 5 2) % RS T SR W, BV A 60 R e 3 41 FH A0 4088 %

T 5 30 R G MR RL SR, B ) 0 A7 A B A R0 A 55 L 2 A A
P38 AL AR AR A R RE AR AR 3R 3 R R AR 43
Wt R

4 LW ESERDH

AHIEFE SR T2 A AT B2 BN R R e AR A Dl S B
07 58 LATF IR A A SRy 8 il A 1) S b ASE A, o RS A i B AR
T Az il TN 22 %8 Re AR A RS A B 36 AT X L IF X AN TR] O vk Y
T A AT PEAR .
4.1 KIGHE

AHE T B 1 22 Re PR U R 5 98 W] LAGE T 45 RO TR] 1Y
BRI T, H OB AT L AR N 00 1 T B AR A BRE T L OF
HAER R PRI RAHGREIET WA FRESIET W
WPEPATIEE . BRI, o TR AL S 5 e B b i AR
PEIAT , A WF 90 R FH 585 00 i B B 4 #2145 5 Python 1R 2R
RS A AT 55 16 F o R M Python fURS 2R WA 45 8 JH Y
AU B HE % HumanEval F1 MBPP, DA K 7E H AL il B3R
G £ HumanEval-E fll MBPP-E, /F by 52 5 %04 .

HumanEval #4517 & — 300 % O 4 2 K A 1 5 48 A7
Python %4 24T 55 ' 1) D7 BE 1F B M 1m0 ¢ 1H A 3974 TR . %81
P OpenAl B\ B L& 164 4~ F T 40 5 A9 & 2 w) 41
A A i) RO TG 4% TS A 04 ) ),k ) BB 25 TR B
e I I EE T A2 A R, M E 5 0 g A A E R 2
MBPP 48 507 J& — A % R P Al K RUE 5 R A 78 4R 1 A A
U A8 T T 0 R o AR TP A B ARYE B R E S
5 3 2 B¢ Python pRELAIBE J1 . X B 48 10 4 R IR) R 2 il A
A, I i N TE R IR 1 ) 397 AWK AR AR, A
AR A T WA A ) S R A 3 A4 T 560 UE BR RO SCIE B
RO R . MBPP B8 4 v i [a) AT 55 1 DRl B (i # 4E
BN 52T AF A AL L 7 B 55 R E AR A A, Human-
Eval-E 1 MBPP-E %4 20" & #£ HumanEval f1 MBPP %
PEAE 1 Fmh b A REARY B T 100 AN RL_E B IR H B, 5 B
F-ahadug 7 Al Re S B AT HE R BUR M B DL SR
EHEB T VIR BTHE S P Python 1 5 B RV
R S0 LA S R BT 14 T 2 e 2 BRAT: 55
4.2 FFEEIEIEIT

J T B UE 2 BE AR U R AR D A BT B2 00 A R B X L
F T FYI 2 AR 09 15 B2 RS AR 5 R AR A B IR AR RS AR O
52 DL KA AR SR T B SRR LA A AR T v A0 4 SR G
AREOHR A A i R A O . BRI A R
KR A SR TG T 2 HEI R A Y 4 R TR A Ry X i A
Ao R R A AR [T 25, 4 BRI 2% 5 R b A A RS L AR AT
FEA T I ] . 22 % Re A R R AR A AR 1 48 2 R AR S
P20 A AR A DT 22 FE SRR A Y o AR ) R DL AR E S Y
FREEMARG , b REPATE A 0 TAE R, m &
IR B AR R BAT I R 1), R R A Y R A B T SR W 4 )
A SCHE Y 3 Pl A < 38 A SR M L R S W TR
BRI W

TEZ B Re R U ARG AR B S8 b TAEWR R W LI & )
JEOE A E 2COG FR . 3K PTRI G B B A v R s 49 1
PATEE R, RECER BRI A N P LS T I & AT B D
I 3 5 F T I A o D O SOR R 7R R R T

241200033-5



Com puter Science TTHHLEIS  Vol. 52,No. 11A,Nov. 2025

THE (R X R 1] AT L 0 3 460 1 i 11 R 48 L AR S
A0 LR AT R B (B 7E S B AT 55 b AR S PR Y
D32 ) AT PR RAE TE 2 DL TP R R FE AR ST Y 52
B v, A B S SR B R0 R A0 B 0 ARG AR R T AR S B Y
D L 3T, DLk A6 20 07 20 0 A0 2R iy U/ B AR AT
1 AR 1Y BE IR AR L T LATE SC 0 vh R G i B O 19 1R R e £ Hh
71 R BBARER, 15 WA A i o BRI 2 007 2 ORI
TE

ZR AP R E 2 W RE SR AL T EEES
KAETY AT B8 0] 25, 25 P2 AR A A A TR T 4 . o 3Ltk 4y
B B2 B KA B g 2 R R AR S5
PR B AL G5 AL HE SRS BRI L R ORI, TR
A He it 807 2, 91 HLRE R AS [ 485 80 iy 3 53 0T B8 7 6] — >
T % L o AR SCHE AR5 A B A AR b i L R A BRI To-
ken $CiE S FNAE Sy i G E O F A 09 L AL .tk Ab A AR B RN
& IR B FUBEAR 22 8K, B L Token X 0 1Y i+ H T8 A
ERF . N T SRR A TS T8 AT LA [R) — A B T X
LU S A SO A8 Sk il 452 B AR AR, 4 L B B i A ) 9 Token
B3 0. 25, 138 FH A A 1Y) Token %0 & A28, 118 AR5 A4
AT A B SR Token B L DL A A IR) BAE AR By 75 1 - 35 55
% Token #i & M & 15 45 .

FIAEAF Ny — & M Re IR 55 & . N AFE 976GB, {3 8
Nvidia-A100-40GB &, Z 3 B AF R4 Ubuntu20. 04, fff
A VLM fi B HE 2256 25 3 il A5 84 L BE 4L OpenAT APT i 55
B R AL AT R G I R APT IR 55 .
4.3 Eufigsl

AR S5 SR FH Y T 28 B Al ASE A B4R R R IR A AL, SR T
A7 [ YRS Y T R Al R A 0 3 4 SR A AL PE L K S R R R
e E N [ 21 24 A3 g I R ASE AL, O AR s A AR 5 B 1 VR T 4
TEBEA I8 AR R AL

B AL R ] Qwen KA AL R 30T d i) Qwenl. 5-32B-
Chat BRI, Qwen REIALZ i Qwen AIBABIF & B9 — F 51 KA
T B TR R B B R X ik 3 T AZAS Token [y SCA Al
PRI AT 2 5 AU AR 1 R AL 5 S RE R TE R (S
TR R A S U R L A, 3 e W SRR R S T A
S sR AL 2], Qwen BRI HE— 25 5 N ISR 4 X 5%, 7E 52 2R
5 bR B 5 B R M BB AE IR (AR ). A SR T
Qwenl. 5-32B-Chat BB /I Sy © 28 #E 47 A & 0 4 %) 57 5 (19 38
FHXERIRY , B 320 4200 Z BB, W] LE W 3 Nvidia- A100-
40GB K LB E

AR 451 38, 1 % A A SR ] DeepSeek-Coder £ 41H dr i
DeepSeek-Coder-Instruct-6. 7B £ . DeepSeek-Coder J& i
DeepSeek-Al H BAAIF A& 19 — 2 51 FT W5 A A5 €01 4 485 A4, fifF ] o5
ik 2 TTALA- Token WEUHE &, 3 35 87 R AR IB F A& 5 IR
0 H GRS R B IR T BT AR R A I 2
T BLf# . DeepSeek-Coder & 25 4~ hith 471 ok 5 o I 38 A 26 B 11
A ANANAE FF R AR A4S TR v ST e S BE 0 MR L T FLAE 22 8K
PEAL e EHEA T LA A PR AL AL, AR SCR FH AY DeepSeek-
Coder-Instruct-6. 7B B AL, 7E 2 18 7 (W 77 I JE i I O 435 %
HEAER ChatGPT-3. 5 HY/KF-, AT 67 1219 2 MO, i 1E
Pt Nvidia-A100-40GB & F LS sl % .
4.4 TEMIELR

HumanEval il MBPP %46 4 09 10 8% Az BUAT 55 £ 2 R H

Pass@k VENIT M 16 B8 . Pass@k $ 45 R IR TE £ A AURS A2 1%
S5 SRR o A AT — A D 45 3 3 T A7 866 3 1 20
B XAEIRE IE T A AT T £ B AR 1R
DU AL T B A B g AR AT 5 P AU A IR B R i . A
SCRTEMT A BRI T R S8 A 8 A s S ORI AL
AT A AW Z 0K, i H RS TAR R © 20k H 51006 3
A ACRS A T o B AAS BT T2 R H Pass @ 1 AR 9 BF 1 46 5 5
B LA 1 AP 4 SR o A T R . eSh .
TR A R S 0 T T A SRR 7 R R S
18 AR WA A B B — 2 L B 5 O AR R R K A ) 4
TS A
4.5 ZRERHH
451 B AR AR R R8O AR A S w1 3R o A

FE SR T, D) I SR B AR AR 1 T S ST 5
X LT S IEAR SCHE 0 22 RE AR B IR AR A i 6 . e
RE A BIp 7] J5 58 v o — 20 X LT SR AISE Y 1 o S L LA B R
REANTRE B AV ORIk 1 BT 8, Direct” 38R 7] 24 T
A B HACE A0, Ag” RN R H Z B e IR B 7] 5 585 4-G”
7R SR JT T TS 20 5 W, - S7 3O SR T T 2 SR g L - M7
Fon R R A BRI . g T 0 b RS AR 0 BF AR R B
Bery R AR A R — 2 Ay 0 4 BB S —Bi
B B UACHS A i AR E A R 26, TS e B A
Bt e # 2 -C7 R on AU A2 s B et A R B0 3R 5 2R
=B B A B -CR” L R P AR 265 475 A BE A 2k [] 2
HEA BB R A AR L AH B A A R KA R 5 5 D0 B B
(1055 28 J2:-CRC” , #78 J 808 91 A AR 1 . 733 A
AR .

H1 SEREIRR SR A AR T A R 69 5

Table 1  Impact of different base models and workflows on
multi-agent system
I 48 AR Pass@1/%
b E Human= Human™ = ppn vippp g
Eval Eval-E
Direct-G 62. 80 51.83 51.89 44. 84
Direct-S 73.78 68.90 63.48 53.40
Ag-G 64.02 56.10 64.23 50. 88
Ag-G-C 67.07 58.54 68. 26 52.39
Ag-G-CR 67.68 60. 37 69. 27 52.39
Ag-G-CRC 70.12 63.41 71.79 53.15
Ag-S 71.34 65. 24 68.77 56.42
Ag-S-C 78.05 68. 29 73.80 57.43
Ag-S-CR 78.05 68.90 74.81 57.93
Ag-S-CRC 81.71 70.12 76.57 59.19
Ag-M 77.43 71.95 73.05 57.43
Ag-M-C 79. 88 73.17 74.56 59.95
Ag-M-CR 80.49 73.17 74.81 59.95
Ag-M-CRC 82.32 73.17 78.59 60. 45

AR LE T H B AR AE Tr 58, 2 e A U F) 05 58 R 2R FH R
SECRTE G R B E R R0 BB IR R AR A B
T, YRR R R W AR SR M L 7E 4 MR B 2
B Re A B R T A L B AR AR T R R AR A B E R
Hoh7E MBPP %4 42 b 09 32 Jh R 8 i ok, $2 9 T 12, 340,
SRS R & B R SEmE )L 7 MBPP #Il MBPP-E %45
£ b 2R U IR O SR L B 3 AR AR i T7 52 Y 48 A 45 )
LF5.29% 0 3.02% . {HJE,7E HumanEval Al HumanEval-E
ol g b 2 B R IR B W) J7 R A8 bR 4r B R B 2. 4404 AN
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3.66 %, T FIRITRAE [R]85 43 A B B A 5590 X0 B B2 ) 3 H g
JIFIAE 4 3 N2 T O 2 R AT B A U R B AR
Bl AR FE AR T REAY B2 R N, SE A A TR R HH VR G 5 T SR
WL 7E 4 ANEE AR EIR B R LRI SEIR R ARE
A 1) T 7 00 P ik el ASE AU T L — 5 T T LA B T E
R B 1 5 IR RS B 7 38 F 6y R4 4 38 I J7 T8 19 5
PR 5 53— 5 AT LIS B 7% HIAE AL 7R ARSIk i 68 g » 3 —
A B TR AR AR A RO .

K I B S0 8 108 B 1 22 B AR I R IR 7 S AR L TR SR
BJ5 2. I8 AR A B R T, R G H AR B SR M I, 7E MBPP
AR DS TR R O ST T 7. 56060, R L IR ALK
W& BT, 72 HumanEval 088 &£ F 0y & FH i B /e R 48 7 T
10.37% . R HIR A BLR K w1, 72 MBPP #4845 [ 19 42 7+
W f R 3R T 5. 5490, 2 Ak Rl AR TR SR TR G A5 T O W
SR FH B2 S8R R AR PR 1 22 8 R AR B [ 7 SR AE 4 AN BESE Yy
IR B B AR, R W] R AR AR B AE i — 2D iR A R
i 2E L RE O T B A A .

Xf b B SRR PR RE 21 A 3 AN B B AR bR L W] RLAR BT Sl AR
SN G B R G RE RS2 . A KR A 7R R
PETHROR de Sy W AR TR IR R B R R R T R R ALK
W& .76 HumanEval 4 8 LA T 6. 71% . #F A & B G
JE B A HE TR G PR 48 T ROR /N T B R TR N T
1% . 76 KCEAE R ik i AR U0 26 S 09 3R T U i
5 Ho B TR B de R IR R SR IR G BRI NE , 7E MBPP %
Padk BARFAT 3.78%0, LA AR B I FHATHE R BN
PA B AE BT TR AT A T A R AR A 3 R SR
W TR B, A SRR B T O A AR 1 48 B B T IR
BN AR S SEAE B v 8 A0 B X AR BT A AR TR
2 B SR B o SR SR AT B0 AT S5 LRI TR A A AN
PR B W E .

4.5.2 TR

LA A ] R A 7 85 19 °F- 249 25 30 Token %5 38 78 X Rz

F R R ST S T R 0 BT L gk 2 Al
*2 ZEBERRGRTHEITEN

Table 2 Comparison of computational overhead in multi-agent

systems
it A F 3% 3% Token % &
N Human- Human-

T Eval Eval-E MBPP MBPP-E
Direct-G 372 372 306 306
Direct-S 110 110 93 93

Ag-G 1661 1661 1375 1375
Ag-S 403 403 376 376
Ag-M 1393 1393 1179 1179

Ag-G-CRC 3199 4072 2978 3783

Ag-S-CRC 842 1107 775 1096

Ag-M-CRC 1779 2375 1382 1573

HHAED A 7 5 0TS R A B DN TR A Re kg Uy
%, Hp, R T A R B B A 8 B/ . 7E Human-
Eval I MBPP %45 % b 09V 3455 % Token & 4 5l Jy 110
193, B AEVR YRR 7 ST 5L IF B 5 R OB B B B
5K R I SRR R B0 3T ST 4 R e T ARCR IR T R
TEZ B RE R U R J7 Z8 v, e FIAR B 3 w19 T30 7 48 dwe /s i

R SRS FF F e R IR G R BL SRS N T 2. 255 407
SR TE A5 VT 090 S 1 A 3 B VR 5 R ORI S aE oR R A AR
fith A AR b ) AT 3 T R e RS A SR ek J2 3 SR AIG T 53 T
I e ARRD A= BUTT & B 1) AT 6 7 48
4.5.3 ARG A R Ty ik At AT

28 R M U3 7] ARG Az i 5 B A SR M 1 SRR TR A A AR
TR LN 3 BF 5, “CoT” FRm K FI B 4 4 5 RP 1
RS £ 7 ¥ L “Self-Planning” 26 78 3% F 3 A% 20 (4 4% 55
AT Ag” R R 2 ie R h R A 7 v . R A
BR[0T ka2 AR TR SR A
ZAARE BN e A, WA 28 Ge i b 7 7 i b 2 R R
[l A I GrAsi AL . FE 2 2 Ml T Ik & R, -GV R R R
AR, =S R R R A AR L, M7 FOR R 5 3% 2 A
TR 5 1 L SR s

3 REED A T B X LGS 55 5
Table 3 Comparative experimental results of different code

generation methods

i H 48 A% Pass@1/%
N Human- Human-

At b E Eval Eval-E MBPP MBPP-E
CoT-G 62. 80 54.27 54.91 50.63
CoT-S 78.05 66. 46 70. 28 55.67

Self-Planning-G 65.24 55.48 62.72 51.13
Self-Planning-S 73.78 64.63 68.51 54.66
Ag-G 64.02 56. 10 64.23 50. 88
Ag-S 71.34 65. 24 68.77 56.42
Ag-M 77.33 71.95 73.05 57.43

#£ MBPP, MBPP-E I HumanEval-E ¥4 4 -, Rk IR
A BT SR () 22 28 R A B[R] ARG A T VA Agents-Mix” B
B iss R . 7€ HumanEval $884E 1, R ARS8 % A
HIFN B S B B R 1 7 1k CoT-S” B 5 ¢ fE 45 1 - tE “ Agents-
Mix” @ 0. 72% . X B, R JT S0 4 4 BOR B AT W 2 3 0 %
PR AL AR AR 2R 7 T 9 BE ) 22 0 RE A T [R) R 1 3R R R A
BN L BRI G 42 FHE A I B e s R . oh L 78 A filf
FH T IR SR FH S 4 5 R B ARS A L I 7E 4 A B
PR EN . XTE—ERE E bR L R TR U
GU AN 2 AR 55 L 3EAT T WO SR AL )5 . & 4% 09 43 BT A )
WA REA BRI AR RS AL S i R . 7R AU 3
FERIEE, H R BRI 5 B “ Self-Planning-G” £ HumanEval #l
MBPP-E $ 48 45 W15 W L 45 R, 2 B g ik 0 I\ 05 &
“Agents-G”fF HumanEval-E #1 MBPP %45 45 - B & 4%
o 3R WX T 5E AR B I L 3 BT R0 B R I AR e T A R
P T ICACHS 2B B T

BRIE ORI OINGRTE F BB A RS A AT 55 P
RILABFFEAR T — BT 04 28 58 A P R R A HE Y
TR ) 22 e A 2 ] A O R i e B 2R B S AR ) AR F
38 2o H AL (R R T A S5 R AR A R A R 9
4 BB Z G R B R OB AL Y B ) AR R R AR
Tty A I B B R, B SR S A R T IRIE T 2
B RE AR YRR J7 SR AH AL e B AN AR O IR A . LUIT
PR R A Sy B A AR R R U5, £ RN X bE Y AR R | A
YRR A B TR 555 A ] 09 50 B % ik il S 7R 4 T SR s, AR 5 i —
ARV T SR IR PR AE 22 i T 28 rh v AR A i 3R T AL
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