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Abstract: Repairing software defects is an inevitable and significant problem in the field of software engineering, while automated
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program repair (APR) techniques aim to alleviate software defect problem by repairing the defective programs automatically, accurately,
and efficiently. In recent years, with the rapid development of deep learning, the field of automated program repair has emerged a method
that utilizes deep neural networks to automatically capture the relationship between defective programs and their patches, called neural
program repair (NPR). In terms of the number of defects that can be correctly repaired on the benchmark, NPR tools have significantly
outperformed non-deep learning APR tools. However, a recent study found that the performance improvement of NPR systems may be
due to the presence of test data in the training data, i.e., the data leakage. Inspired by this, to further investigate the causes and effects of
data leakage in NPR systems and to evaluate existing systems more fairly, this study: (1) systematically categorizes and summarizes the
existing NPR systems, defines the data leakage of NPR systems based on this classification, and designs the data leakage detection
method for each category of system; (2) conducts a large-scale testing of existing models according to the data leakage detection method
in the previous step and investigates the effect of data leakage on model realism and evaluation performance and the impact on the model
itself; (3) analyzes the collection and filtering strategies of existing NPR system datasets, improves and supplements them, then constructs
a pure large-scale NPR training dataset based on the improved strategy with the existing popular dataset, and verifies the effectiveness of
this dataset in preventing data leakage. From the experimental results, it is found that the ten NPR systems studied in this investigation all
had data leakage on the evaluation dataset, among which the NPR system RewardRepair had the more serious data leakage problem, with
24 data leaks on the Defects4J (v1.2.0) benchmark, and the leakage ratio was as high as 53.33%. In addition, data leakage has an impact
on the robustness of the NPR system, and all five NPR systems investigated had reduced robustness due to data leakage. As a result, data
leakage is a very common problem and can lead to unfair performance evaluation results of NPR systems and affect therobustness of the
NPR system on the benchmark. When training NPR models, researchers should avoid data leakage as much as possible and consider the
impact of data leakage on the evaluation of the performance of NPR systems to evaluate the NPR systems as fairly as possible.

Key words: automated program repair (APR); neural program repair; deep learning; data leakage; program repair dataset

FL¥ B )5 & (automated program repair, APR)!HHG A I 2L kb T, REUS BT & N A 6 2 B s iz
FE, DAAR B EAE R R, DR R B TRE AT — A A B2 SR E M AT T . AR SR, B VR FE % 2 (deep
learning, DL)3i2, — B3 T 2 3] (learning-based) M FEF H 311& HH AR IF U4 2 FIWF LN R EA, AR A
2 T2 744 5 (neural programrepair, NPR)®L JE23: SRR H SME H BAR K Z KB T2 F 40, T a R
R (10 GenProg'. ASTORP). ARJAAI SimFix[™). 3 T 2% (% 4 DynaMoth!®. Nopol™. Astor!'#i
Angelix!" ) PR 2 T1E SR (11 AVATAR!'? . TBar'3!. PARUAI SketchFix!")fEH A, MELZ T,
ZRFBEENEER R CmiEtE 7 iAW A siie ", 3F B ih &R 515 5 A8 5230 i 35 1
TAERAR, 5 BEEE AL

SR I FE 32 0 B M 55 2 S 3500 1 22 I 48 PO DAk 45 SR K, 328 7 5 80T L e DT 0 45 SRS s,
AT A Bods it 75 (R 2 (e SR 18 R G AR S ME MR 4 I8 R BUR K I 46 H B B i 5 1) 5 B
WAEE I IE R K P Be R AR A Zhmf, D&% 28] Vi EmEEE S, b, AWM HiEisE
SN E W 2 iz G R, Ha g e Mg h e malg. EH, S THEEFEE RS+
B 52 R R AR AR E — e Hk, B TMARITFBERANE AN, SEUEEA — MM ERET
&5 22 G0 v B 1 10 BRI o S0 LR, B IR T K 22 R A S M W B AT T B P A R DU AR, IR
TE 1 2 Gt B B W B A 5 23, )R, IR WA B AT — 20 o M B s Tk B e 2 FR TS S R G PTG . [
M, BT IR SSUET L, WA BE RSP AR AT R = R X, X N — SR
RSB, DA R — D W s i 85 i # A FR P B B RSB e AR B sg . DRk, FRATEIN A T S R AL b, X
MWERFBE RS AR E W ST T IR ARG SLER R, WA ETENERETBEERGH ™
BHREE., BRSO A SR T B R RGN PERE VPN B 5 M UL A B T R ) AR B A By 3 R S . AR
R EEDTERUI .

() EBXTHERTFBEE RS REENER, XA [ 280 00 F 8 i 55 v v T A R R 77 7%, K Al

TTEA IR — ML B E RGRE M F K0 T 2 NPRLeakageFinder, 1 Fil 1% T. 5 X #f 4
TR 1E 5 R S0t 47 o ik g5 Aan il
(2) BRI T BE MR X IUE (AR PSR G0 T R VT A 1 1 5 M DA B St 6 A M 34 o P 2 T
(3) I B M R R ok T, W T BN AR B E RGEIEENCE . 1 AR 5 S,



R 5 APZA S B ATURAIE MR P ALY SEAEAT A 3073

SR A T — A 4 Cleand]_Benchmark (A AFEF B E RGMH, AL T 1% 504
SN, TR S80I T P $72 Hh F) S50 ) S SRS PO AT 281k
BRI 1 A HAEGHAERFBERGAA RN AR 58 2 WAHEM AP E R RS0 o 5 in &
HRWETE. 5 3 WA GASTHIH TR, BiEE LW, ik SERT7 k5. 5 4 IR as R, JF Rl
WEFLLE R, 55 5 90 A il REXS SCUERT T AT AL A R 2R 2 6 XA RE B R AR e b 1 Bl it R
] AT M4 5 R

1 BxRHRA

1.1 #HEEFEE

AR FEER MR LA TARER, ERTFIEE RGF & FhRE#4E W% (deep neural
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