2406 HAFFIR 2025 FF 36 5% 6 &

AR, i 2 FrR, ASCHYE o E R 2 (CCF) HEFE I I bR 2 AR R 5126, 2 — 25 SOk kR4
BOFIATFME BLEAT T Guit. Horh, REAE CCF WL A ZEHITI/ U SCHRELHE: ICSE (13 ), FSE (5 ##), ISSTA
(2 5), NDSS (1 ), TSE (1 %), S&P (1 %), USENIX Security (1 %) & FEIE CCF $£4% A ZEITI/2:3 (HI“Others”
433%) HISCRRA 26 8.

Others ICSE FSE ISSTA NDSS TSE ASE S&P USENIX
Security

A1 R GGT B2 35T LLM RIS A

AL BRI T S R AR IR T 7T 5 N B R AT 4RI, 5 2 W E A AR 5, SRR IR
(4325, FEAR TAEGAR, IR AEBOBI IR s B LM $35R. 55 3 7 R 2 B A i (10 20 T 3 28 25 = (A b
BT R PR AT S A 45 4 W E SR T LLM B0 = AT 5L IR, B, 4 5 XA ot 4T 2
5 JE HE AR SR T 1.

2 HXE=R
2.1 R

BRI B ATAS AR 3 r 22 A e B RN IR 22—, L DR B0 2 [ g0 R S B ML B 1 26 R N, I M54
SRR R IR SRR .

Wi 3 Fios, BT A — 8 TR 08 5 ANRACE IR, RITALER . ARG A AR R IIAT . BREAE
DU JE AR AL .

B3 BB — iR

(1) BEH I X T AR BE i B 18 AR DR B N A FSORIAAT 2 i, X B b 28 G s P A e AT E 2 TAR I AR, 31X
AB B H A2 RO G B A IR, W ORI RE RE Ak At AT, RS T IR 2TTA






























Z28 5 AT KGE AR e AR R A 45 K 2423

DR PR RE. X 2 BRI 0 VR R AT S, K ] RS SR AEAE — 58 (R PR PE. DRI, SRR 75 BEAE X 2 7 T J i
NI T AR

52 R B

Bt LLM (S R JE, K R FH BRI A58 1 BT 90 4% 52 53 5 T i ST 3 (0 Bk R AH DG SCRR K9 4R 1,

B 7 s T A 4 N B LLM 3RS0 AOROR It AR k47 2.

S e 2 PRI REE SR & PREOU S SRR 5 (30 T

SRR R 5 0 B PRFS 2 MRS R G — it

LLM R R 754 ARBLH T Hikb AL SEIEET LLM (7 kb8

ARBLA T AT B SEHLEET LLM AT A

ek 5 R AFAEHAR 52 B T TR R
DRI AERIPE il A g — FEAEHREE 2 5 BRI 1 5 — Sk

PPAERRE M2 RGN

LLM PSR4 AR 764 DR Jy ik e FRE BIF 1 R R S0 A A 5

PRy iR PRER o0 U et

K7 T LLM BB PR S e 2

52.1 YRR T AT 5

HHT, 5T LLM BRI A7 7E — 2 15 R 1.
FE5F 4 TR B K 2 BOCERN e 545 B M FEIE = (W0 Java. Python. C £5) B R AT S (iR T2
SIPE . R B B AR AR A ) BT BORTIAK. B AT, A6/ i8 B 02T LLM B0 IU7 2%, ReiE T 0 B gm A

EEEEA MRS
ZEBDENHRMERREE HEZMRIBESRE, 2V KRB MR, 61 Web W5 5 4t 15 i K
Java {85, 75 EiE4T APL IR, FINATSHAEE 4t JavaScript 18 5 905, 77 BT BIAL A mE AR, 4k, AR
YMFETE 5 Z AE A F 28 &, 140 Python B] LA ctypes FEE W C/C++% 5 HIFE /7, Java ffi ] IDBC (Java
database connectivity) XBIHAT SQL 15 & % 4 2 BT G I e ) A 44
BT % 4 A2 15 5 ATHRAT 55 B A B IAFAE, A& GoaOminl il v AR B v Hi 8 F ARl T . 4R, b8
& LLM AW, 1T B & SR A R 4n Fs 5 AT %5 (MR8 70, 25T LLM (081K 5 72 B2 sk s A 1
R 77 7.

2, KR FETE = BT F IR, Fuzz4 AP 2 FI A GPT-4 58K 1015 B S 5 AR ELAE /7, I8 GPT & Fh
RIETE T BN UE B AT AR, I B3R HHRR 4 53— LLM, SEIX T C. C++. Go. SMT2. Java il
Python 5§ 6 FhAS[F)TE 5 A2 7 M. PPl 45 S 0, 188 ARSI G T4 58 15 5 MR A S0 0 1) 7 T 2. Bl
EHE LA LLM [H B, e SR FEE 5 R IR S E T Re BB v i (.
FIR, A RISk A7 38 A . ZE 2T LLM MBI, T AN R I R, 91 4 Web P 22 45
BA GUI AR B S5, 7 ZVEAN 2B A R I00 GRRE s, R A A R i s B s o7 20, 1 2 5 R
A] LSBT AN A BT R, Wevtd AR, AR AT A B R R, SEBA R 22 Rl a0t G ) Ak
522 LLM RHTHORI 2 AN B
M 2 W LLE H, HATEET LLM 7735 1806 LLM S Tl . RT3 &2k AT 55, B mk ot
TARR LLM H TSPk il FIRE A2 52 SEHESRAT 55 SR, ARAE B 3 Froa, AOTI a1t — A AR IR AL 45 Tl db 2
B MRAAT AR 1 22 A BRI A 3R, DRt ARk BB L AR AT Ay f8 LLM ZEARRI A b 1) )82 G L, DA
A TR ORI 1) Be AL B BN RE RS
H2%E, ¥ LLM A TR EF B B TR M i R AT, TAL SR B B 5 75 X1 AT 5 s o0 4. % g 3

© PEBEERKCEIFR  htps/www. jos. org. cn



2424 HAFFIR 2025 FF 36 5% 6 &

LLM BA WK MAR 7 0 A AR AR BE 77, vl i85 A F AR A (A2 5 A QRS - % LLM BEAT S, B0 iR 48 4 1)
PATIE AR LLM $RUEHRIR, 8 LLM 73 B A2 5 25 40 IF #EATH k. AR TR B2 22 31 Uik iR 4 77 1%, LLM (R HESE g
JIEE R, A B TR B A E MR B, 5 A ShAE MR I 2. T RE P IR B A2 5, LLM 7] LR B AH AL,
FANTh R AHD 1 B, Dol E gt T8 2 G A R T, BRES & Git 2 iy it S M7 IR SRS L, 48 Sison)
T BAT 2.

HIK, ¥ LLM B TS HAT BB RS A SO ER © 4 A8 St B 3 R 3T AP AT i 72 H A
I, AR XA AR I B A5 S5 HARR 7, SR BT IS AR TP BB S, 77 )5 2L B SR Fa A B B P gk — 22 204
SR, AEROMI MBI — B AR T, AR TAL SR . IS HAT AR Z AP 3R 4 LLM 51 A HAT R S, LLM
MMUBE AR IATF B, IR — 0. X T BRI P A & (AT 45%, LLM 1] DL iR B 3T i = A0
FRRPAT, B T RETERR T 58 48 5 A BR iR A AE E R 10 /. Ak, X TAEE R AR 7, LLM 15 At Bh
T B SR
52.3 BRI ERE S fa AR

TE M HT AT SR, FRATE B B SR T AR IE tH— B S — BT SR E . 7RSSR vl b, T =%
I TE AT 2T LLM BRIt i) S 3 R v, T 98 LA 388 5 SR FH A S U B #2055 B VP Al S . 9 dn, 2 ARRS A 1
f£4 4, {8/ 7 HumanEvalt' "L, Bup @ A AF 55K T Quixbugs! L Java 1E S B IR E &M T
Defects4J!" 3 E, T Python 35 5 W AT LA F MBPP! W AR il ik it 3 vk SR, {3 ARG — B VTAk 3 4k v R
BN IUA VS TAE IR S,

T 2, AT TES FEHE MR n) A, B LLM ZE TS0l AR P el B2 3 7 LR uE SR . FENLAR 22 0 v, B kI gR
AR 7 R AR 5. i it 72 1T Re S BOVLAR 5 S BT PP iR B TR B, LLM 2 52 21 5 itk 5%
R, ELIE AR 1 8 A TE AR 25t 7 1. 9 TR A LLM AP 0 22 1 B, Adyappa 2 AU PIERF R T T
ChatGPT 778 ¥ it 5% B9 JR . Jiang 26 N M'UG 2 7 LLM YIZR B A 98048 I8 CodeSearchNet Fl BigQuery, &
I Defects4) FEAEMIAAT(EH (1) 4 17 E B 5 7E CodeSearchNet H1, #EA™ Defects4] 17-fif % .4 BigQuery £l
B A, LLM AT REFE VI 2R &% 3 1 ARSCIE R, 76 LLM 327 3 FH B R AR % S RV D FE AR 52 ) T je A
AL, AT e 330 T LLM B0 ) B2 A R IR W sE 4 735 o e A8 10 7 ik VPl 4 R s, Bk, A2
NEET LLM PRSI v — ANl 7 P4 2k, DURILEE R LLM B V8 7E (1) B i 5% 1) .

FCUR, R0 75 VA P (M S 2 T AR A6 2 57 7E Siddiq % A Ui 5T, ChatGPT-3.5. CodeGen. Codex fE
HumanEval b A= s IR IER 225373008 52.3%. 23.9% Hl 77.5%, 1fifE SF110 $odi 4 LR IERZ 20737508 6.9%-
30.2% Fil 46.5%, LI A2 5. [ARE, 7E4# ] GPT-3.5-Turbo A= AR FI BB, X gitlab-js 350 H A aiE i %
FUA9.9%, 1 Xt - E 5 42 1) image-downloader 101 H , M i 5 H) 57k 80.0%°%). AN [RI 44 4 2 1] 1) M
ZRRT HUATET LLM J7ER R BRI, FE AR B ek M Ll LLM (W RE. BRI, SRR I TAE 77 2
BWAF— NG — MV S E, T8 A7 Hh 5 i S PP LLM 73R Re, DAFE B AN B BRI LR N BRI A R i 2 AT 1Y)
ZE 5, HESHHET LLM FBORII B R 3320

G, VG2 R AR S TR ZE . Ut Fe R M, $m b W BB T BE 2 S 80 LLM PEREIY B R84, HH T e
B, REHORI N B EAEAEZE R, HBEMFERE ., SRS T, £ RRHER T Ge A, Lyl
SE R R AT ENE. 5T LLM ARFERYE, AR TAE S ZARSE LLM R SR vt SRR 22 0 VP Al B v, DU 4 [A]
SEYG AR ARV X LLM 1 REREAT A R PR
524  42FF LLM A5 ok fg

MHTH) LLM O 28 R I H 5Bk I AR BRI B B8 07, SR, i 78 43 45 LLM TE BRI P i) v Re 4R 2 — A
FRAAETFFHIIT . IEWEE 2.2 TR, HAT4E LLM SR i R B 7 2 2 B0 RN
HHAF RS E.

A LLM BB 7 238 8 8 H 5 S RO & W, (PR SEBRAF T AR, — LS8t 5038 7T Al 5 01 1m) T8 4 45 FH
P B AEFFIR LLM, PARG 17 LE BT 78 3008 TR 10 R, ALk, 6h TR IR LLM AR B (R o TS SR /E SRR 1) LLM B2 A

© TEBREEEEIEDT  htp/ www. jos. org. cn



Z28 5 AT KGE AR e AR MR A A 4 K 2425

W 5E B B R S ARk LLM BGRB8 58 aT LA AN J7 T NTF, — A v B i AR A s 2, — =2 ek o8
TFEIA LLM 340 iR 7 ik,

FECR B BOE T I, RO O VR R B O BURE T LLM BIIZE, 6hn Alagarsamy 25 A M0
Hashtroudi £ A\ P27E HAE 58 tP #8571 32 31 F B9 Methods2 Test B4 85 7E AT A RSO SRT, IX B8 7 VR 58 4= 52
I RAT 55 AR EE (RS HEVU L. 28T F3h A R R I R S FErT HLEHE, Rk TR THE— PR H
BRI R 00 42 0 512, 0 22 MARAS 6 e rh 42 B H b BAE N BMOR S . 6140, Utopia 'R A MARAS 4 FE v
AT BT IS SR DR BN R (0 A8 B, 7RGS0 52 75 T, 28 2.2.1 35 I (1 77 VR T8 T SR R A i /D B BUAA M )
BN, 5% T LLM Qo] 3 Ad 4 N 50308 (0 07 18] B BT R AT S T TRAIT 5, 490 B 7 0 77 v v B Ao 4 25080 £ S A\
LLM, 8 FC 5 17 b 23 A7 R i v AQRE P i dnt A il

SHFHRAR T, BT 58 2.2.2 T/ A1 3 28408 TRE 740, A5 F A4 on 75 38, Bl i1 Tree-of-thoughts! '™,
Active-prompt!"'”), ReAct-prompt' > FI GraphPrompt!">"4%. 7£ H #i LLM #2757 vE BB 58 o, RSk 8 TAE AT LAk —
RN TR, 451 1 GraphPrompt 15 F B BRI 25 1 SR R 5 5., K ARRBAR T ¥ IR oc & #HH11
i REEHEE B RHCONEIE A, DUE LLM SEAG SC3mAR g I 4 1. BEE &R 28538 LLM AR, A
X AT AR BIE, e v) ASS & 75 & . M 2 OB X, AT S S (0 B S0ATR B2, 3550 LLM (W B fiffe ).

KT 5 HAMF ARG GRITEE, W5 4.1.3 WR, BATHTEC AR LLM 5 BEIE. B 5. ZRET.
Gt T AE R A AR, BEAE AR TARR AL 5 ST U R e, &R IR R T A SR I BIR, IR B R AT DL S
W5 LLM &4, A4 LLM MHEAR R K FL RIS, v 7B LLM B AF PR 7 b APT YA SR &, FTELGIA
i B ¥ DU #5504, 18/ DU S84 I8 YLK 8 R U7 I R, JREFEAS APL I8 A5, LASSER#E 7

BRI IFE 4 BIAR. W3 T AL G rRTRRE 40T 70, 76 1T LASE A WL AS 2 =1 1 77 14, 481 A P ISR ATL 0% o 0438 2 JB ALY
FREFFHEAT 4325, AT H 5/ b2
6 B %

AR R IR T LLM AR OB B FEREAT T 2818, SCE 8 S 4 7 RO 18 £ 2 A S Ay AR ) ik
A LLM SR, G546 28 TR B2 2 ST BRI 07 i AN 2, A SO 51 3T LLM AREBIIR T53%, I A1
SROCHRBEAT 73 FERHE IR . MO AH S STHRR A 73 M ARV 45, ASCRGePEdtgs 77 26 T LM BRI o 1 ik £ B
i, JEFEHE 14 AT LAy R AT .

Bt R CCF-1R NI MR SRt A BRI A S A7

References:

[1] Xiao XS, Li SH, Xie T, Tillmann N. Characteristic studies of loop problems for structural test generation via symbolic execution. In:
Proc. of the 28th IEEE/ACM Int’l Conf. on Automated Software Engineering. Silicon Valley: IEEE, 2013. 246-256. [doi: 10.1109/ASE.
2013.6693084]

[2] Pacheco C, Lahiri SK, Ernst MD, Ball T. Feedback-directed random test generation. In: Proc. of the 29th Int’l Conf. on Software
Engineering. Minneapolis: IEEE, 2007. 75-84. [doi: 10.1109/ICSE.2007.37]

[3] Pan MX, Huang A, Wang GX, Zhang T, Li XD. Reinforcement learning based curiosity-driven testing of Android applications. In: Proc.
of the 29th ACM SIGSOFT Int’l Symp. on Software Testing and Analysis. New York: ACM, 2020. 153-164. [doi: 10.1145/3395363.
3397354]

[4] OpenAl. ChatGPT. 2024. https://openai.com/chatgpt/download/

[5] Touvron H, Martin L, Stone K, et al. Llama 2: Open foundation and fine-tuned chat models. arXiv:2307.09288, 2023.

[6] Nijkamp E, Hayashi H, Xiong CM, Savarese S, Zhou YB. CodeGen2: Lessons for training LLMs on programming and natural
languages. arXiv:2305.02309, 2023.

[7] DeepSeek-Al DeepSeck Coder. 2023. https://github.com/deepseck-ai/DeepSeek-Coder

[8] Wang JJ, Huang YC, Chen CY, Liu Z, Wang S, Wang Q. Software testing with large language models: Survey, landscape, and vision.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/ASE.2013.6693084
https://doi.org/10.1109/ASE.2013.6693084
https://doi.org/10.1109/ICSE.2007.37
https://doi.org/10.1145/3395363.3397354
https://doi.org/10.1145/3395363.3397354
https://openai.com/chatgpt/download/
https://github.com/deepseek-ai/DeepSeek-Coder
https://github.com/deepseek-ai/DeepSeek-Coder
https://github.com/deepseek-ai/DeepSeek-Coder
https://github.com/deepseek-ai/DeepSeek-Coder
https://github.com/deepseek-ai/DeepSeek-Coder

2426 HAFFIR 2025 FF 36 5% 6 &

IEEE Trans. on Software Engineering, 2024, 50(4): 911-936. [doi: 10.1109/TSE.2024.3368208]
[9] Zhao XQ, Qu HP, Xu JL, Li XH, Lv WJ, Wang GG. A systematic review of fuzzing. Soft Computing, 2024, 28(6): 5493-5522. [doi: 10.
1007/s00500-023-09306-2]

[10] Wang CZ, Yang YH, Gao CY, Peng Y, Zhang HY, Lyu MR. No more fine-tuning? An experimental evaluation of prompt tuning in
code intelligence. In: Proc. of the 30th ACM Joint European Software Engineering Conf. and Symp. on the Foundations of Software
Engineering. Singapore: ACM, 2022. 382-394. [doi: 10.1145/3540250.3549113]

[11] Mo S, Cho M, Shin J. Freeze the discriminator: A simple baseline for fine-tuning GANSs. arXiv:2002.10964, 2020.

[12] Li XL, Liang P. Prefix-tuning: Optimizing continuous prompts for generation. In: Proc. of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing. Association for Computational
Linguistics, 2021. 4582-4597. [doi: 10.18653/v1/2021.acl-long.353]

[13] Hu EJ, Shen YL, Wallis P, Allen-Zhu Z, Li YZ, Wang SA, Wang L, Chen WZ. LoRA: Low-rank adaptation of large language models.
In: Proc. of the 10th Int’l Conf. on Learning Representations. OpenReview.net, 2022.

[14] Dettmers T, Pagnoni A, Holtzman A, Zettlemoyer L. QLoRA: Efficient finetuning of quantized LLMs. In: Proc. of the 37th Conf. on
Neural Information Processing Systems. New Orleans: NeurIPS, 2023. 3982-3992.

[15] Wang W, Zheng VW, Yu H, Miao CY. A survey of zero-shot learning: Settings, methods, and applications. ACM Trans. on Intelligent
Systems and Technology (TIST), 2019, 10(2): 13. [doi: 10.1145/3293318]

[16] Siddig ML, Santos JCS, Tanvir RH, Ulfat N, Al Rifat F, Lopes VC. Exploring the effectiveness of large language models in generating
unit tests. arXiv:2305.00418, 2024.

[17] Wang YQ, Yao QM, Kwok JT, Ni LM. Generalizing from a few examples: A survey on few-shot learning. ACM Computing Surveys
(CSUR), 2021, 53(3): 63. [doi: 10.1145/3386252]

[18] Kang S, Yoon J, Yoo S. Large language models are few-shot testers: Exploring LLM-based general bug reproduction. In: Proc. of the
45th IEEE/ACM Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 2312-2323. [doi: 10.1109/ICSE48619.2023.00194]

[19] Weil, Wang XZ, Schuurmans D, Bosma M, Ichter B, Xia F, Chi EH, Le QV, Zhou D. Chain-of-thought prompting elicits reasoning in
large language models. In: Proc. of the 36th Conf. on Neural Information Processing Systems. New Orleans: NeurIPS, 2022.
24824-24837.

[20]  Zhang ZS, Zhang A, Li M, Smola A. Automatic chain of thought prompting in large language models. In: Proc. of the 11th Int’l Conf.
on Learning Representations. Kigali: OpenReview.net, 2023.

[21]  YinBS, Hu NY. Time-CoT for enhancing time reasoning factual question answering in large language models. In: Proc. of the 2024 Int’l
Joint Conf. on Neural Networks. Yokohama: IEEE, 2024. 1-8. [doi: 10.1109/IJCNN60899.2024.10650885]

[22]  Zhou YC, Muresanu Al, Han ZW, Paster K, Pitis S, Chan H, Ba J. Large language models are human-level prompt engineers. In: Proc.
of the 11th Int’l Conf. on Learning Representations. Kigali: OpenReview.net, 2023.

[23] Kojima T, Gu SS, Reid M, Matsuo Y, Iwasawa Y. Large language models are zero-shot reasoners. In: Proc. of the 36th Conf. on Neural
Information Processing Systems. New Orleans: NeurIPS, 2022.

[24]  Achiam J, Adler S, Agarwal S, et al. GPT-4 technical report. arXiv:2303.08774, 2024.

[25] LiR,Allal LB, Zi YT, et al. StarCoder: May the source be with you! Trans. on Machine Learning Research, 2023, 12: 1-43.

[26] Xia CS, Paltenghi M, Tian JL, Pradel M, Zhang LM. Fuzz4All: Universal fuzzing with large language models. In: Proc. of the 46th
IEEE/ACM Int’l Conf. on Software Engineering. Lisbon: ACM, 2024. 126. [doi: 10.1145/3597503.3639121]

[27] Krizhevsky A, Sutskever I, Hinton G E. ImageNet classification with deep convolutional neural networks. Communications of the
ACM, 2017, 60(6): 84-90. [doi: 10.1145/3065386]

[28] Graves A. Generating sequences with recurrent neural networks. arXiv:1308.0850, 2014.

[29] Yin ZY, Shao JS, Hussain MJ, Hao YJ, Chen Y, Zhang XF, Wang L. DPG-LSTM: An enhanced LSTM framework for sentiment
analysis in social media text based on dependency parsing and GCN. Applied Sciences, 2023, 13(1): 354. [doi: 10.3390/app13010354]

[30] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

[31] Hassan H, Aue A, Chen C, Chowdhary V, Clark J, Federmann C, Huang XD, Junczys-Dowmunt M, Lewis W, Li M, Liu SJ, Liu TY,
Luo RQ, Menezes A, Qin T, Seide F, Tan X, Tian F, Wu LJ, Wu SZ, Xia YC, Zhang DD, Zhang ZR, Zhou M. Achieving human parity
on automatic Chinese to English news translation. arXiv:1803.05567, 2018.

[32] LeCun'Y, Bottou L, Bengio Y, Haffner P. Gradient-based learning applied to document recognition. Proc. of the IEEE, 1998, 86(11):
2278-2324. [doi: 10.1109/5.726791]

[33] Graves A. Long short-term memory. In: Graves A, ed. Supervised Sequence Labelling with Recurrent Neural Networks. Berlin:

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/TSE.2024.3368208
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1007/s00500-023-09306-2
https://doi.org/10.1145/3540250.3549113
https://doi.org/10.18653/v1/2021.acl-long.353
https://doi.org/10.18653/v1/2021.acl-long.353
https://doi.org/10.18653/v1/2021.acl-long.353
https://doi.org/10.1145/3293318
https://doi.org/10.1145/3386252
https://doi.org/10.1109/ICSE48619.2023.00194
https://doi.org/10.1109/IJCNN60899.2024.10650885
https://doi.org/10.1145/3597503.3639121
https://doi.org/10.1145/3065386
https://doi.org/10.3390/app13010354
https://doi.org/10.1109/5.726791

228 5 AT KGE AR e AR MR A 45 K 2427

Springer, 2012. 37-45. [doi: 10.1007/978-3-642-24797-2_4]

[34] Godefroid P, Peleg H, Singh R. Learn&Fuzz: Machine learning for input fuzzing. In: Proc. of the 32nd IEEE/ACM Int’l Conf. on
Automated Software Engineering. Urbana: IEEE, 2017. 50-59. [doi: 10.1109/ASE.2017.8115618]

[35] Zong PY, Lv T, Wang DW, Deng ZZ, Liang RG, Chen K. FuzzGuard: Filtering out unreachable inputs in directed grey-box fuzzing
through deep learning. In: Proc. of the 29th USENIX Conf. on Security Symp. USENIX Association, 2020. 127.

[36] Monsefi AK, Zakeri B, Samsam S, Khashehchi M. Performing software test oracle based on deep neural network with fuzzy inference
system. In: Proc. of the 2019 Int’l Congress on High-performance Computing and Big Data Analysis. Tehran: Springer, 2019. 406—417.
[doi: 10.1007/978-3-030-33495-6_31]

[37] LiJ, He PJ, Zhu JM, Lyu MR. Software defect prediction via convolutional neural network. In: Proc. of the 2017 IEEE Int’l Conf. on
Software Quality, Reliability and Security. Prague: IEEE, 2017. 318-328. [doi: 10.1109/QRS.2017.42]

[38] Fioraldi A, Maier D, Eiflfeldt H, Heuse M. AFL++: Combining incremental steps of fuzzing research. In: Proc. of the 14th USENIX
Conf. on Offensive Technologies. USENIX Association, 2020. 10: 1-10.

[39] Dias T, Batista A, Maia E, Praga 1. TestLab: An intelligent automated software testing framework. In: Mehmood R, Alves V, Praga I,
Wikarek J, Parra-Dominguez J, Loukanova R, de Miguel I, Pinto T, Nunes R, Ricca M, eds. Proc. of the 20th Int’l Conf. of Special
Sessions I on Distributed Computing and Artificial Intelligence. Cham: Springer, 2023. 355-364. [doi: 10.1007/978-3-031-38318-2_35]

[40] Zhang ZN, Klees G, Wang E, Hicks M, Wei SY. Fuzzing configurations of program options. ACM Trans. on Software Engineering and
Methodology, 2023, 32(2): 53. [doi: 10.1145/3580597]

[41] LiY, Wang SH, Nguyen TN. DEAR: A novel deep learning-based approach for automated program repair. In: Proc. of the 44th Int’l
Conf. on Software Engineering. Pittsburgh: ACM, 2022. 511-523. [doi: 10.1145/3510003.3510177]

[42] LiSQ, Xie XF, Lin Y, Li YK, Feng RT, Li XH, Ge WM, Dong JS. Deep learning for coverage-guided fuzzing: How far are we? IEEE
Trans. on Dependable and Secure Computing. [doi: 10.1109/TDSC.2022.3200525]

[43] Miao SW, Wang J, Zhang C, Lin ZQ, Gong JX, Zhang XJ. Deep learning in fuzzing: A literature survey. In: Proc. of the 2nd IEEE Int’l
Conf. on Electronic Technology, Communication and Information. Changchun: IEEE, 2022. 220-223. [doi: 10.1109/ICETCI55101.
2022.9832143]

[44] Riccio V, Tonella P. When and why test generators for deep learning produce invalid inputs: An empirical study. In: Proc. of the 45th
IEEE/ACM Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 1161-1173. [doi: 10.1109/ICSE48619.2023.00104]

[45] Common Weakness Enumeration. 2024. https://cwe.mitre.org/

[46] Deng X, Ye W, Xie R, Zhang SK. Survey of source code bug detection based on deep learning. Ruan Jian Xue Bao/Journal of Software,
2023, 34(2): 625-654 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6696.htm [doi: 10.13328/j.cnki.jos.006696]

[47] Lutellier T, Pham HV, Pang L, Li YT, Wei MS, Tan L. CoCoNuT: Combining context-aware neural translation models using ensemble
for program repair. In: Proc. of the 29th ACM SIGSOFT Int’l Symp. on Software Testing and Analysis. New York: ACM, 2020.
101-114. [doi: 10.1145/3395363.3397369]

[48] Zhang QJ, Fang CR, Ma YX, Sun WS, Chen ZY. A survey of learning-based automated program repair. ACM Trans. on Software
Engineering and Methodology, 2024, 33(2): 55. [doi: 10.1145/3631974]

[49] Alagarsamy S, Tantithamthavorn C, Aleti A. A3Test: Assertion-augmented automated test case generation. Information and Software
Technology, 2024, 176: 107565. [doi: 10.1016/j.infsof.2024.107565]

[50] Deng YL, Xia CS, Yang CY, Zhang SD, Yang SJ, Zhang LM. Large language models are edge-case generators: Crafting unusual
programs for fuzzing deep learning libraries. In: Proc. of the 46th IEEE/ACM Int’l Conf. on Software Engineering. Lisbon: ACM, 2024.
70. [doi: 10.1145/3597503.3623343]

[51] Zhang HX, Rong YY, He YF, Cehn H. LLAMAFUZZ: Large language model enhanced greybox fuzzing. arXiv:2406.07714, 2024.

[52] Hashtroudi S, Shin J, Hemmati H, Wang S. Automated test case generation using code models and domain adaptation.
arXiv:2308.08033v1, 2024.

[53] Tufano M, Deng SK, Sundaresan N, Svyatkovskiy A. Methods2Test: A dataset of focal methods mapped to test cases. In: Proc. of the
19th Int’l Conf. on Mining Software Repositories. Pittsburgh: ACM, 2022. 299-303. [doi: 10.1145/3524842.3528009]

[54] Eom J, Jeong S, Kwon T. Fuzzing javascript interpreters with coverage-guided reinforcement learning for LLM-based mutation. In:
Proc. of the 33rd ACM SIGSOFT Int’l Symp. on Software Testing and Analysis. Vienna: ACM, 2024. 1656-1668. [doi: 10.1145/
3650212.3680389]

[55] Liu Z, Chen CY, Wang JJ, Che X, Huang YK, Hu J, Wang Q. Fill in the blank: Context-aware automated text input generation for
mobile GUI testing. In: Proc. of the 45th IEEE/ACM Int’1 Conf. on Software Engineering. Melbourne: IEEE, 2023. 1355-1367. [doi: 10.
1109/ICSE48619.2023.00119]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1109/ASE.2017.8115618
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1007/978-3-030-33495-6_31
https://doi.org/10.1109/QRS.2017.42
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1007/978-3-031-38318-2_35
https://doi.org/10.1145/3580597
https://doi.org/10.1145/3510003.3510177
https://doi.org/10.1109/TDSC.2022.3200525
https://doi.org/10.1109/ICETCI55101.2022.9832143
https://doi.org/10.1109/ICETCI55101.2022.9832143
https://doi.org/10.1109/ICSE48619.2023.00104
https://cwe.mitre.org/
http://www.jos.org.cn/1000-9825/6696.htm
http://www.jos.org.cn/1000-9825/6696.htm
http://www.jos.org.cn/1000-9825/6696.htm
https://doi.org/10.13328/j.cnki.jos.006696
https://doi.org/10.1145/3395363.3397369
https://doi.org/10.1145/3631974
https://doi.org/10.1016/j.infsof.2024.107565
https://doi.org/10.1145/3597503.3623343
https://doi.org/10.1145/3524842.3528009
https://doi.org/10.1145/3650212.3680389
https://doi.org/10.1145/3650212.3680389
https://doi.org/10.1109/ICSE48619.2023.00119
https://doi.org/10.1109/ICSE48619.2023.00119

2428 HAFFIR 2025 FF 36 5% 6 &

[56] Deng YL, Xia CS, Peng HR, Yang CY, Zhang LM. Large language models are zero-shot fuzzers: Fuzzing deep-learning libraries via
large language models. In: Proc. of the 32nd ACM SIGSOFT Int’l Symp. on Software Testing and Analysis. Seattle: ACM, 2023.
423-435. [doi: 10.1145/3597926.3598067]

[57] LiJ, Zhao YF, Li YM, Li G, Jin Z. AceCoder: Utilizing existing code to enhance code generation. arXiv:2303.17780, 2023.

[58]  Asmita, Oliinyk Y, Scott M, Tsang R, Fang CZ, Homayoun H. Fuzzing BusyBox: Leveraging LLM and crash reuse for embedded bug
unearthing. In: Proc. of the 33rd USENIX Security Symp. Philadelphia: USENIX Association, 2024.

[59] Nashid N, Sintaha M, Mesbah A. Retrieval-based prompt selection for code-related few-shot learning. In: Proc. of the 45th IEEE/ACM
Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 2450-2462. [doi: 10.1109/ICSE48619.2023.00205]

[60] Meng RJ, Mirchev M, Béhme M, Roychoudhury A. Large language model guided protocol fuzzing. In: Proc. of the 31st Annual
Network and Distributed System Security Symp. San Diego: The Internet Society, 2024. [doi: 10.14722/ndss.2024.24556]

[61] Ahmed T, Pai KS, Devanbu P, Devanbu P, Barr ET. Improving few-shot prompts with relevant static analysis products.
arXiv:2304.06815v1, 2024.

[62] Vikram V, Lemieux C, Sunshine J, Padhye R. Can large language models write good property-based tests? arXiv:2307.04346, 2024.

[63] Ackerman J, Cybenko G. Large language models for fuzzing parsers (registered report). In: Proc. of the 2nd Int’l Fuzzing Workshop.
Seattle: ACM, 2023. 31-38. [doi: 10.1145/3605157.3605173]

[64] Yang CY, Deng YL, Lu RY, Yao JY, Liu JW, Jabbarvand R, Zhang LM. WhiteFox: White-box compiler fuzzing empowered by large
language models. Proc. of the ACM on Programming Languages, 2024, §(OOPSLA2): 296. [doi: 10.1145/3689736]

[65] Chen YH, Hu ZH, Zhi C, Han JX, Deng SG, Yin JW. ChatUniTest: A framework for LLM-based test generation. In: Proc. of the 32nd
ACM Int’] Conf. on the Foundations of Software Engineering. Porto de Galinhas: ACM, 2024. 572-576. [doi: 10.1145/3663529.
3663801]

[66] Yuan ZQ, Liu MW, Ding SJ, Wang KX, Chen YX, Peng X, Lou YL. Evaluating and improving ChatGPT for unit test generation. Proc.
of the ACM on Software Engineering, 2024, 1(FSE): 76. [doi: 10.1145/3660783]

[67] Schifer M, Nadi S, Eghbali A, Tip F. An empirical evaluation of using large language models for automated unit test generation. IEEE
Trans. on Software Engineering, 2024, 50(1): 85-105. [doi: 10.1109/TSE.2023.3334955]

[68] Liu Z, Chen CY, Wang JJ, Chen MZ, Wu BY, Tian ZL, Huang YK, Hu J, Wang Q. Testing the limits: Unusual text inputs generation
for mobile APP crash detection with large language model. In: Proc. of the 46th IEEE/ACM Int’l Conf. on Software Engineering.
Lisbon: ACM, 2024. 137. [doi: 10.1145/3597503.3639118]

[69] Mahbub P, Shuvo O, Rahman MM. Explaining software bugs leveraging code structures in neural machine translation. In: Proc. of the
45th IEEE/ACM Int’]l Conf. on Software Engineering. Melbourne: IEEE, 2023. 640-652. [doi: 10.1109/ICSE48619.2023.00063]

[70]  Shou CF, Liu J, Lu DD, Sen K. LLM4Fuzz: Guided fuzzing of smart contracts with large language models. arXiv:2401.11108, 2024.

[71] Jeong DR, Kim K, Shivakumar B, Lee B, Shin I. Razzer: Finding kernel race bugs through fuzzing. In: Proc. of the 2019 IEEE Symp. on
Security and Privacy. San Francisco: IEEE, 2019. 754-768. [doi: 10.1109/SP.2019.00017]

[72]  Teplyuk PA, Yakunin AG, Sharlaev EV. Study of security flaws in the Linux kernel by fuzzing. In: Proc. of the 2020 Int’l Multi-conf.
on Industrial Engineering and Modern Technologies. Vladivostok: IEEE, 2020. 1-5. [doi: 10.1109/FarEastCon50210.2020.9271516]

[73] Hao Y, Zhang H, Li GR, Du XY, Qian ZY, Sani AA. Demystifying the dependency challenge in kernel fuzzing. In: Proc. of the 44th Int’]
Conf. on Software Engineering. Pittsburgh: ACM, 2022. 659-671. [doi: 10.1145/3510003.3510126]

[74] Yang CY, Zhao ZJ, Zhang LM. KernelGPT: Enhanced kernel fuzzing via large language models. arXiv:2401.00563, 2024.

[75] Hul, Zhang Q, Yin H. Augmenting greybox fuzzing with generative AL arXiv:2306.06782, 2023.

[76] LiZJ, Wang CZ, Liu ZB, Wang HX, Chen D, Wang S, Gao CY. CCTEST: Testing and repairing code completion systems. In: Proc. of
the 45th IEEE/ACM Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 1238-1250. [doi: 10.1109/ICSE48619.2023.00110]

[77] Dakhama A, Even-Mendoza K, Langdon WB, Menendez H, Petke J. SearchGEMS: Towards reliable GEMS5 with search based software
testing and large language models. In: Proc. of the 15th Int’l Symp. on Search Based Software Engineering. San Francisco: Springer,
2024. 160—-166. [doi: 10.1007/978-3-031-48796-5 14]

[78] Lemieux C, Inala JP, Lahiri SK, Sen S. CodaMosa: Escaping coverage plateaus in test generation with pre-trained large language
models. In: Proc. of the 45th IEEE/ACM Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 919-931. [doi: 10.1109/
ICSE48619.2023.00085]

[79] Fakhoury S, Naik A, Sakkas G, Chakraborty S, Musuvathi M, Lahiri S. Exploring the effectiveness of LLM based test-driven interactive
code generation: User study and empirical evaluation. In: Proc. of the 46th IEEE/ACM Int’l Conf. on Software Engineering: Companion
Proc. Lisbon: ACM, 2024. 390-391. [doi: 10.1145/3639478.3643525]

[80] Xia CS, Wei YX, Zhang LM. Automated program repair in the era of large pre-trained language models. In: Proc. of the 45th

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1145/3597926.3598067
https://doi.org/10.1109/ICSE48619.2023.00205
https://doi.org/10.14722/ndss.2024.24556
https://doi.org/10.1145/3605157.3605173
https://doi.org/10.1145/3689736
https://doi.org/10.1145/3663529.3663801
https://doi.org/10.1145/3663529.3663801
https://doi.org/10.1145/3660783
https://doi.org/10.1109/TSE.2023.3334955
https://doi.org/10.1145/3597503.3639118
https://doi.org/10.1109/ICSE48619.2023.00063
https://doi.org/10.1109/SP.2019.00017
https://doi.org/10.1109/FarEastCon50210.2020.9271516
https://doi.org/10.1145/3510003.3510126
https://doi.org/10.1109/ICSE48619.2023.00110
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1007/978-3-031-48796-5_14
https://doi.org/10.1109/ICSE48619.2023.00085
https://doi.org/10.1109/ICSE48619.2023.00085
https://doi.org/10.1145/3639478.3643525

Z28 5 AT KGE AR e AR MR A 45 K 2429

IEEE/ACM Int’l Conf. on Software Engineering. Melbourne: IEEE, 2023. 1482—1494. [doi: 10.1109/ICSE48619.2023.00129]

[81] Engstrom L, Ilyas A, Santurkar S, Tsipras D, Janoos F, Rudolph L, Madry A. Implementation matters in deep RL: A case study on PPO
and TRPO. In: Proc. of the 8th Int’l Conf. on Learning Representations. Addis Ababa: OpenReview.net, 20220.

[82] Mastropaolo A, Scalabrino S, Cooper N, Palacio DN, Poshyvanyk D, Oliveto R, Bavota G. Studying the usage of text-to-text transfer
Transformer to support code-related tasks. In: Proc. of the 43rd IEEE/ACM Int’l Conf. on Software Engineering. Madrid: IEEE, 2021.
336-347. [doi: 10.1109/ICSE43902.2021.00041]

[83] Tufano M, Drain D, Svyatkovskiy A, Sundaresan N. Generating accurate assert statements for unit test cases using pretrained
Transformers. In: Proc. of the 3rd ACM/IEEE Int’l Conf. on Automation of Software Test. Pittsburgh: ACM, 2022. 54-64. [doi: 10.
1145/3524481.3527220]

[84] Paul R, Hossain M, Siddiq ML, Hasan M, Igbal A, Santos JCS. Enhancing automated program repair through fine-tuning and prompt
engineering. arXiv:2304.07840, 2023.

[85] Lewis M, Liu YH, Goyal N, Ghazvininejad M, Mohamed A, Levy O, Stoyanov V, Zettlemoyer L. BART: Denoising sequence-to-
sequence pre-training for natural language generation, translation, and comprehension. In: Proc. of the 58th Annual Meeting of the
Association for Computational Linguistics. Association for Computational Linguistics, 2020. 7871-7880. [doi: 10.18653/v1/2020.acl-
main.703]

[86] Zhang T, Irsan IC, Thung F, Han D, Lo D, Jiang LX. ITiger: An automatic issue title generation tool. In: Proc. of the 30th ACM Joint
European Software Engineering Conf. and Symp. on the Foundations of Software Engineering. Singapore: ACM, 2022. 1637-1641.
[doi: 10.1145/3540250.3558934]

[87] Paria S, Dasgupta A, Bhunia S. DIVAS: An LLM-based end-to-end framework for SoC security analysis and policy-based protection.
arXiv:2308.06932, 2023.

[88] Liu ZH, Liao Q, Gu WC, Gao CY. Software vulnerability detection with GPT and in-context learning. In: Proc. of the 8th Int’l Conf. on
Data Science in Cyberspace. Hefei: IEEE, 2023. 229-236. [doi: 10.1109/DSC59305.2023.00041]

[89] Kang S, Chen B, Yoo S, Lou JC. Explainable automated debugging via large language model-driven scientific debugging. Empirical
Software Engineering, 2025, 30(2): 45. [doi: 10.1007/s10664-024-10594-x]

[90] Liu PZ, Sun CN, Zheng YW, Feng X, Qin C, Wang YC, Xu ZY, Li Z, Di P, Jiang Y, Sun LM. Harnessing the power of LLM to support
binary taint analysis. arXiv:2310.08275, 2025.

[91] Kang S, An GB, Yoo S. A quantitative and qualitative evaluation of LLM-based explainable fault localization. Proc. of the ACM on
Software Engineering, 2024, 1(FSE): 1424-1446. [doi: 10.1145/3660771]

[92] Bui N, Wang Y, Hoi SCH. Detect-localize-repair: A unified framework for learning to debug with CodeT5. In: Proc. of the 2022
Findings of the Association for Computational Linguistics. Abu Dhabi: Association for Computational Linguistics, 2022. 812-823.
[doi: 10.18653/v1/2022.findings-emnlp.57]

[93] Mohajer MM, Aleithan R, Harzevili NS, Wei MS, Belle AB, Pham HV, Wang S. SkipAnalyzer: An embodied agent for code analysis
with large language models. arXiv:2310.18532v1, 2023.

[94] Liu KB, Liu YY, Chen ZP, Zhang JM, Han YD, Ma Y, Li G, Huang G. LLM-powered test case generation for detecting tricky bugs.
arXiv:2404.10304, 2024.

[95] LiTO, Zong WX, Wang YB, Tian HY, Wang Y, Cheung SC. Finding failure-inducing test cases with ChatGPT. arXiv:2304.11686v1,
2023.

[96] QiuF,Ji P, Hua BJ, Wang Y. CHEMFUZZ: Large language models-assisted fuzzing for quantum chemistry software bug detection. In:
Proc. of the 23rd IEEE Int’l Conf. on Software Quality, Reliability, and Security Companion. Chiang Mai: IEEE, 2023. 103—112. [doi:
10.1109/QRS-C60940.2023.00104]

[97] Zhang YW, Li G, Jin Z, Xing Y. Neural program repair with program dependence analysis and effective filter mechanism.
arXiv:2305.09315, 2023.

[98] Mashhadi E, Hemmati H. Applying CodeBERT for automated program repair of Java simple bugs. In: Proc. of the 18th IEEE/ACM Int’l
Conf. on Mining Software Repositories. Madrid: IEEE, 2021. 505-509. [doi: 10.1109/MSR52588.2021.00063]

[99] Jin M, Shahriar S, Tufano M, Shi X, Lu S, Sundaresan N, Svyatkovskiy A. InferFix: End-to-end program repair with LLMs. In: Proc. of
the 31st ACM Joint European Software Engineering Conf. and Symp. on the Foundations of Software Engineering. San Francisco:
ACM, 2023. 1646-1656. [doi: 10.1145/3611643.3613892]

[100] Hao SC, Shi XJ, Liu HW, Shu YJ. Enhancing code language models for program repair by curricular fine-tuning framework. In: Proc. of
the 2023 IEEE Int’l Conf. on Software Maintenance and Evolution. Bogota: IEEE, 2023. 136-146. [doi: 10.1109/ICSME58846.2023.
00024]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/ICSE48619.2023.00129
https://doi.org/10.1109/ICSE43902.2021.00041
https://doi.org/10.1145/3524481.3527220
https://doi.org/10.1145/3524481.3527220
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.1145/3540250.3558934
https://doi.org/10.1109/DSC59305.2023.00041
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1007/s10664-024-10594-x
https://doi.org/10.1145/3660771
https://doi.org/10.18653/v1/2022.findings-emnlp.57
https://doi.org/10.18653/v1/2022.findings-emnlp.57
https://doi.org/10.18653/v1/2022.findings-emnlp.57
https://doi.org/10.1109/QRS-C60940.2023.00104
https://doi.org/10.1109/QRS-C60940.2023.00104
https://doi.org/10.1109/QRS-C60940.2023.00104
https://doi.org/10.1109/MSR52588.2021.00063
https://doi.org/10.1145/3611643.3613892
https://doi.org/10.1109/ICSME58846.2023.00024
https://doi.org/10.1109/ICSME58846.2023.00024

2430 HAFFIR 2025 FF 36 5% 6 &

[101]  Pearce H, Tan B, Ahmad B, Karri R, Dolan-Gavitt B. Examining zero-shot vulnerability repair with large language models. In: Proc. of
the 2023 IEEE Symp. on Security and Privacy. San Francisco: IEEE, 2023. 2339-2356. [doi: 10.1109/SP46215.2023.10179324]

[102]  Fakhoury S, Chakraborty S, Musuvathi M, Lahiri SK. NL2Fix: Generating functionally correct code edits from bug descriptions. In:
Proc. of the 46th IEEE/ACM Int’l Conf. on Software Engineering: Companion Proc. Lisbon: ACM, 2024. 410-411. [doi: 10.1145/
3639478.3643526]

[103] Chen M, Tworek J, Jun H, et al. Evaluating large language models trained on code. arXiv:2107.03374, 2021.

[104] Huang K, Meng XX, Zhang J, Liu Y, Wang WJ, Li SH, Zhang YQ. An empirical study on fine-tuning large language models of code for
automated program repair. In: Proc. of the 38th IEEE/ACM Int’l Conf. on Automated Software Engineering. Luxembourg: IEEE, 2023.
1162-1174. [doi: 10.1109/ASE56229.2023.00181]

[105] Zhang JL, Cambronero JP, Gulwani S, Le V, Piskac R, Soares G, Verbruggen G. PyDex: Repairing bugs in introductory Python
assignments using LLMs. Proc. of the ACM on Programming Languages, 2024, 8(OOPSLA1): 133. [doi: 10.1145/3649850]

[106] He YF, Wang JC, Rong Y'Y, Chen H. Exploring fuzzing as data augmentation for neural test generation. arXiv:2406.08665v1, 2024.

[107]  OpenAl. GPT-3.5-Turbo. 2024. https://frecopenaisora.com/deep-dive-gpt-3-5-turbo-versions/

[108] OpenAl. GPT-4. 2024. https://openai.com/index/gpt-4-research/

[109]  OpenAl. Codex. 2021. https://openai.com/index/openai-codex/

[110] Raffel C, Shazeer N, Roberts A, Lee K, Narang S, Matena M, Zhou YQ, Li W, Liu PJ. Exploring the limits of transfer learning with a
unified text-to-text Transformer. The Journal of Machine Learning Research, 2020, 21(1): 140.

[111] Lin D, Koppel J, Chen A, Solar-Lezama A. QuixBugs: A multi-lingual program repair benchmark set based on the quixey challenge. In:
Proc. of the Companion of the 2017 ACM SIGPLAN Int’l Conf. on Systems, Programming, Languages, and Applications: Software for
Humanity. Vancouver: ACM, 2017. 55-56. [doi: 10.1145/3135932.3135941]

[112]  Just R, Jalali D, Ernst MD. Defects4J: A database of existing faults to enable controlled testing studies for Java programs. In: Proc. of
the 2014 Int’l Symp. on Software Testing and Analysis. San Jose: ACM, 2014. 437-440. [doi: 10.1145/2610384.2628055]

[113]  AustinJ, Odena A, Nye M, Bosma M, Michalewski H, Dohan D, Jiang E, Cai C, Terry M, Le Q, Sutton C. Program synthesis with large
language models. arXiv:2108.07732, 2021.

[114] Brown TB, Mann B, Ryder N, et al. Language models are few-shot learners. In: Proc. of the 34th Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2020. 159. [doi: 10.5555/3495724.3495883]

[115] Aiyappa R, AnJS, Kwak H, Ahn YY. Can we trust the evaluation on ChatGPT? arXiv:2303.12767, 2024.

[116] Jiang N, Liu K, Lutellier T, Tan L. Impact of code language models on automated program repair. In: Proc. of the 45th IEEE/ACM Int’]
Conf. on Software Engineering. Melbourne: IEEE, 2023. 1430-1442. [doi: 10.1109/ICSE48619.2023.00125]

[117] Jeong B, Jang J, Yi H, Moon J, Kim J, Jeon I, Kim T, Shim WC, Hwang YH. UTopia: Automatic generation of fuzz driver using unit
tests. In: Proc. of the 2023 IEEE Symp. on Security and Privacy. San Francisco: IEEE, 2023. 2676-2692. [doi: 10.1109/SP46215.2023.
10179394]

[118] Yao SY, Yu D, Zhao J, Shafran I, Griffiths TL, Cao Y, Narasimhan K. Tree of thoughts: Deliberate problem solving with large language
models. In: Proc. of the 37th Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2024, 517.
[doi: 10.5555/3666122.3666639]

[119] Diao SZ, Wang PC, Lin Y, Pan R, Liu X, Zhang T. Active prompting with chain-of-thought for large language models. In: Proc. of the
62nd Annual Meeting of the Association for Computational Linguistics. Bangkok: Association for Computational Linguistics, 2024.
1330-1350. [doi: 10.18653/v1/2024.acl-long.73]

[120] Yao SY, Zhao J, Yu D, Du N, Shafran I, Narasimhan KR, Cao Y. ReAct: Synergizing reasoning and acting in language models. In:
Proc. of the 11th Int’l Conf. on Learning Representations. Kigali: OpenReview.net, 2023.

[121] LiuZM, Yu XT, Fang Y, Zhang XM. GraphPrompt: Unifying pre-training and downstream tasks for graph neural networks. In: Proc. of
the 2023 ACM Web Conf. Austin: ACM, 2023. 417-428. [doi: 10.1145/3543507.3583386]

Mt 325 3k
[46] X855, W, Wi, st TR TR B 2 o IR AR S R B A I F T 453 . AR 253k, 2023, 34(2): 625-654. http://www.jos.org.cn/1000-
9825/6696.htm [doi: 10.13328/j.cnki.jos.006696]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/SP46215.2023.10179324
https://doi.org/10.1145/3639478.3643526
https://doi.org/10.1145/3639478.3643526
https://doi.org/10.1109/ASE56229.2023.00181
https://doi.org/10.1145/3649850
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://freeopenaisora.com/deep-dive-gpt-3-5-turbo-versions/
https://openai.com/index/gpt-4-research/
https://openai.com/index/gpt-4-research/
https://openai.com/index/gpt-4-research/
https://openai.com/index/gpt-4-research/
https://openai.com/index/gpt-4-research/
https://openai.com/index/openai-codex/
https://openai.com/index/openai-codex/
https://openai.com/index/openai-codex/
https://doi.org/10.1145/3135932.3135941
https://doi.org/10.1145/2610384.2628055
https://doi.org/10.5555/3495724.3495883
https://doi.org/10.1109/ICSE48619.2023.00125
https://doi.org/10.1109/SP46215.2023.10179394
https://doi.org/10.1109/SP46215.2023.10179394
https://doi.org/10.5555/3666122.3666639
https://doi.org/10.18653/v1/2024.acl-long.73
https://doi.org/10.18653/v1/2024.acl-long.73
https://doi.org/10.18653/v1/2024.acl-long.73
https://doi.org/10.1145/3543507.3583386
http://www.jos.org.cn/1000-9825/6696.htm
http://www.jos.org.cn/1000-9825/6696.htm
http://www.jos.org.cn/1000-9825/6696.htm
https://doi.org/10.13328/j.cnki.jos.006696
https://doi.org/10.13328/j.cnki.jos.006696
https://doi.org/10.13328/j.cnki.jos.006696

228 5 AT KGE AR e AR MR A A 4 K 2431

ZE(2000—), 5, Wi4-4E, T B TR A
R,

SKE(1998—), 2, Wik, FHEBFGIRA A B
2, R 2R,

HISCE(1994—), B, Wk, CCF £, % ' BEMS(1982 ), U5, M-k, REBF ST 5%, vk
A TR, B R ' G, COCF Sl B, 30 ST el 52,
S ATEERS, NEERRS
-
A

EBERCFIFITT  httpr/ Www. jos. org. cn




