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Patch Correctness Verification Method Based on CodeBERT and Stacking Ensemble Learning

HAN Wei, JIANG Shujuan and ZHOU Wei

School of Computer Science and Technology,China University of Mining and Technology, Xuzhou,Jiangsu 221116, China

Engineering Research Center of Mine Digitalization of Ministry of Education, China University of Mining and Technology. Xuzhou, Jiangsu
221116 ,China

Abstract In recent years,automatic program repair has become an important research topics in the field of software engineering.
However,most of the existing automatic repair technologies are based on patch generation and testing, which consumes a signifi-
cant amount of time and cost in the patch verification process. In addition, because the test suite is not completeness.many candi-
date patches can pass the test.but the test results are not consistent with the facts, which leads to the patch overfitting problem.
To improve the efficiency of patch verification and alleviate patch overfitting issues,a static patch verification method is pro-
posed. The method first uses the large pre-training model CodeBERT to automatically extract the semantic features of defect code
fragments and patch code fragments,and then uses the historical defect repair patch data to train a Stacking ensemble learning
model. The trained model can effectively verify the new defect repair patch. The verification ability of the proposed method is e-
valuated on the 1000 patch data related to the Defects4] defect dataset. Experimental results show that the static patch verifica-

tion method can effectively verify the correctness of the patch,thereby improving the efficiency of patch verification.

Keywords Automatic program repair,Patch verification, Pre-training model, Ensemble learning, Defects4] defect dataset
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AT U, BARNATIUE . 40 Csuvik 5557 38 5 B
BEIE B A9 #N T LA TE B 00 b T8 50T /N, AR RS 68 356 b T 3
TR o TSNS RN T8 TE e AR 38 kA TR
Evosuite'™ Fl Randoop ™ %) A= ml 4 ~1 1) FH 1) b 30 A7 ) 328, 22 42
HEATHNIEZ G AT A 3 AN T . 40, Xiong %5 FI A T. A&
T W32 51, O AR D T AE IR B B AT B AT S A AR
PEHE AN T A IERG P . ML Z T, # 2A AAN T 30 ik 5 A i #
K6 JEAGE TS A M40 T I IE B AR B EEAR & - (B R IR R
FB AT E N AR E RN . S Ah, — LW N GO R SO
BTN BEAT BRI AR B, f0, Lin 55 [ 0% &
T AR R B R AR G A R T O e B, AR T A i
B (Abstract Syntax Tree, AST) %78 32 7R # AR X H 17 3
RS NIRRT I S M 15 B IR X4 T 47974l . Ye 2500
TEAN T 19 AST 4R L 202 AL REAE , S8 )5 (6 F a2 >
B3l — AT I IEE R AR, SR, TCie 2 2 I AST %
BRRIEIETF IR, TAERE SRR, A & .

T A e b [A) R, AR SCHR AL — D A A RN T IR IE T
O, KA B Z AR CodeBERT 1€ Ky 4 i %5, X 40 T
A Fr B A it B A0S B gk AT R AE , AT A5 B 2 1 RRAE 1)
iSRG L HE ST — > Stacking BETAE 2 AT 1 43 A
T S K R (] XS RN Y AR 4 i A Stacking A58 o, ] DL
HEE T8 T - b, B S AR S A AU X6 D T TE A M S R DT A 2
A0 T LA R IE B M B MR s e R YIRS LY 4R Il T B T
AT DL S G 3 X6 7 0 b T A AT SR E

AR FLETTHOZ IR T —F 254 CodeBERT H Stac-
king £ AU WOk S IE AN T IE B M1 k. 5 BERT %7€
SRIG T 0B IR 0 BT A L, CodeBERT 7 K it 9 A4 5 o
BB YIZR, ] LUBE A R AR B s . 5 00 B A A 2 A
I EE , AR CHE Stacking W8 RL T AT LA/ 22 19 36 T Bagging
£ 4y 2 A8 ] LA/ e 25 19 25 F Boosting 4 i Y 2 25 4%
MG RE T EAF B TR W Kd. AR ER
TR B H S BN T B 4R b AT T AT A8 SO IR S5 2R
HEB T BT 42 75 Wk 75 Bk B 48 B2 40 T 30 91E 7 T 9 o B 1 A AR R
TR ERAR R TR

2 EmiFiR

B4 7 i 2 B F W 54 T CodeBERT Ml Stacking
B LA S B R SO SR R R A R T LA 4 .
2.1 CodeBERT

CodeBERT & Feng 451" 78 2020 4F 42 t i) — i 187 1] 4
1% 7 (Programming Language, PL) 1 H #& i 5 (Natural
Language, NL) [ S Fil Y1l 55 A, H AL T 22 2 X1 (14 Trans-
former 224552 | CodeBERT & 7 K ML B 45 42 CodeSearch-
Net" | HEAT BN ZR Y, 2 5008 4R AL & 2. 1M Ui NL-PL X
B 6.4 MBI A RS KO . b AR B4 R T 6 b g AR
155 (Go, Java, Javascript, PHP, Python il Ruby) , 15 %I % &
FLT MultiBERTH Y, AN [R] 22 b /2 540 iy A A b i i 7 LA
6 7 g A BOH T i

Sh T T R AR XU ie 1 508 B4R, CodeBERT 42 i1} T —
Tl &% & 5 4515 5 4 (Masked Language Modeling, MLM) FI

B4 G I (Replaced Token Detection, RTD) B 1R & H #1
P25 oK B, MM 03I 25 AE 55 T 0L e B 30, 10 25 8 — A
NL-PL 3F B804 25 (o= {w. e DMENFA L Hh w &2 —4 NL
KA P A, e & —A PLARICIFH, Bl NL il PL 38— 41
L W% LB BT B e O R BRI S 4 [ mask 1.
MLM B A5 /2 300 4% Bt i 79 I i A ic . RTD B2 4 55l
FH Ui A B A BHE L 5 4 I e P PR NL A PL I 2R 808 AR
LA R Mk B B AL S5 W 10 4, SR 5 ] CodeBERT 1 2y 31 51
i >k H T 124 B 7 SR D A6 A 5 A Y A R R — N g A
HKI M, Y145 9 CodeBERT 541 0l LU 3% NL Al PL 2
B8] (18 SCHK &R, #F NL-PL # AT 55 F Az AT 55 LA TR
R RIOR .

2.2 Stacking &£ ¥ ¥ 3]

Stacking &ML & 5 21 o (1 — F BB B B R, BT Wol-
pert' ") F 1092 4E4E . HILA T E S & 2 A S kA A Y
Mo NI R AT AT I 255 PR g . B AR 33, Stacking J2& 4 ff
MRS B Ly Ly ERB ARG A G — 1
WA S LRI, RBERE R R s = (o y ) A8 Bl AR
A 18] 5 Ce) FUVE AT A RS0 Cy) 4L R — XF . FE55 — B B, A
H— ARG C L Coyo Oy, P C=L(S),
By B, Stacking % 2] — A JC 43 5 4%  BOF B AR 43 26 4 10 ik A
Gk, AT R AT . ol TR T B BT i R L R
RIS M BEALFE M R E 3 O T AT AR — AN T A e A
HILSD - Stacking MUZEFY W 1 TR,

" =
h;;;{k;;;;
BE A 4k

B 1 Stacking ZHy
Fig. 1 Stacking architecture

HTHERAF IR GE, — i B —k
(Leave-One-Out) % & #1238 LEAE S 2. % T 8 — %k K A
FEARSE SR N LA B, R B — AR k7
MWL B Y i=1,n: VE=1,-,N:Ci =L, (S—s,), KIFMf
22 W5 288N si AT . 5% =Ci (x) . JCHREIEE R
TEX A (B s D15 ) W BB, e v 4R A S B AR 43 28
AT, 2802 2R B R 20N . 3T e Pre R IR R
RIER O — A B, 12 B R AR R 8 KN 1/k T
B IR BT 1 ARAT A 3T B 1 S AR 43 2EER A T

3 AXFE

Pt SR PR A8 52 A0 T IE A P 6 vk R AR HE SR AR 1R 2 i
IRe RITIEILAY R 3 AN B B 1) BCHE T AL B B .l
X W G 9 4D T 0 4 AT IR O3 A e 6 G A A A T LA
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A0SR R . 2 5 GE B B, B0 T 6 A0 RS I L

TN G5 1 3 7R % 2 BERS CodeBERT X #b T 48 2 47 £ AL

IR 4 M LB R B R RS AG., DBEAEE
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THHEBERHT,
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Fig. 2

3.1 BUEWAE

FH T A% 3C 7 1 A8 YN 25 R0 38 i s 75 2 i A Bt o A1 i A
NE R T B D T BRCRE D AN T, DT T RS TR A TE A R b
THREAYR S R FT AN T Z 00 0 B B ARES F BEFN AT #b T 22 )5 9 %
TS R B, RO B -h T RS XF . RIEE, BB T %% 2
X AR ZINER 43 0 AR RD R B R AT 16 B0, X AN IR AR SR AT ik
A28 SRR /N B R BB B RS Be. S3 4o T
N ARERL B Z AT AR J 7 AL — 17 3 Fil A CodeBERT #
B oh g URRE ) . AR SCECIE SR RO RN T REAS a8l 3 B
7R 3% & APR T. A TBar'" 35 Defectsd] it [A %4 % b Chart-1
R B E AN T e AR A AT — SR
T B g AR AT . BB A RS R B el N B A9 AT R R SCE
W 4 s . AT ACED R Bl 35 0m n9 47 AR RE Y R SC4e
B InE 5 TR,

1. --- a/source/org/jfree/chart/renderer/category/AbstractCategoryltemRenderer.java
2. +++ b/source/org/jfree/chart/renderer/category/AbstractCategoryltemRenderer.java
3. @@ -1794,7 +1794,7 @@ public abstract class AbstractCategoryltemRenderer
4. extends AbstractRenderer

}

int index = this.plot.getIndexOf{(this);

CategoryDataset dataset = this.plot.getDataset(index);
if (dataset != null) {

if (dataset = null) {
10. return result;
11. }
12. int seriesCount = dataset.getRowCount();

0 0NN

+£

[# 3 TBar & Chart-1 4 A BEE T

Fig. 3 Repair patches generated by TBar for Chart-1

public abstract class AbstractCategoryltemRenderer extends AbstractRenderer
1

i
int index = this.plot.getIndexOf{(this);
CategoryDataset dataset = this.plot.getDataset(index);
if (dataset != null) {
return result;

1

)
int seriesCount = dataset.getRowCount();

PNANE WD =

B4 SRR R B
Fig. 4 Defect code snippet

public abstract class AbstractCategoryltemRenderer extends AbstractRenderer
}
int index = this.plot.getIndexOf{(this);
CategoryDataset dataset = this.plot.getDataset(index);
if (dataset = null) {
return result;
}

int seriesCount = dataset.getRowCount();

@ N s W~
+

5w TR E

Fig.5 Patch code snippet

Overall framework of the proposed method

3.2 H{ERE

TERRAE B B BE L i WY 25 19 12 )2 CodeBERT-base
H55 7Y 43 S0 e Gl B 1A e B A AN T AR A F B AT R AE . Code-
BERT 8 %1 7 K 9 10 0% 37 ) 1 T 20 1) . RE 4% 78 43
FORACHD I FRAE L DT R F R A S AT 45 . O T XHCHD A
Bk A7 3RAE 1 S0 K bR AR 5 Be R b T ACRD 1 BO Dy 2
FF 5, 58 5 43 1) 25 0 L 43 M Ry A RS 36 . X B 4 3R
b=[bysbysby sy b, JHIAN T AR p=Lp1s pospsseees pu]s
] CodeBERT-base # B Xf H 47 4 i, WU B AL i 5 — 2
CCLST4 xR 1 e f5t A 4% A AR08 10 ) 1 15 R 7R, AT
BB HA I XAGR A E e, Me,  JLHEF R 768, Nl
AN TS B BB AT Fr B 25 5, DA 5 4 b 04T 43
JETVUST PR T T 4k TRORE BL R RN IR L B AR BB 4 b

A RN e, Al e, FEATHE L, T 15 B 28 HFAE Eppe o 4 Bl
2H A RN R R
E.,=e,—e, (D
E..=¢,Oe 2
Ew=lle,—e |l 2 3
Eco.\-:% 4)
E..=E . .,®E,.DE . ..DE., (5)

F A SURRAE (9 B A8 78 T4 2K B B A0 BoRn#h T A
F B TR A 25 5, AS TR H 3 o RO R TR Y ff B R I 22 7
M. E o RTOR AN T 0S5 BE AN B BE A0 F Be A ; E o K AN
TACHS B BRI B BE B JCE AT 5 1l E o M1 E cos sy 7
A 2R BR L B A5 A B0 3 0 A% 5% A DL DA BLEE 04 1 B o R 5
A MESR . W 4 AN G R E ST S B R AW
2 XAFE E i, P ORR P . BRI B
2X k42 4, Hop ke RoR SR A R 4EEL(k=T68) ,

3.3 EI54%

TE BT A AN T REAE 32 BURL & 58 UG - 8 38 SURFAE Hin A
LM 43 2K B8 4E R A Stacking #5 B b AT 2% 3 R4 2K
Stacking 45 I ELA I R R0 T L 76 B B 5 — )2 11 B A5
sk A7 12 S B T A T3] 9% D D), BB — 2 B A A o iR
RS S 2 BRI ERE S 3 A R
2 BT R 2 EEORIE T E MM ZE WA T . HLAS
23] i) Bagging 5 W 38 b X A F R AE L I 25 2 AR A Y
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AL, 5 J5 %) 2o AR 58 SR AT 1 4, 35 B8/ 7 22 1RO
Boosting % W&l B R L — -85 40 8 A TH A 2R A
W ) A A T L A RN 25 . R BT R O IR A
Stacking 145 & T 4T Bagging 2T Boosting L& P8 4
P R T R B 2 ) I R o) AR AR S A SRR I 55 — 2, 43 Sk
AT AT I

£ T Bagging H S (1 51 43 28 A% v . 38 B it 50 %) B AL 7%
Hk(Random Forests, RE)BERI | 2468 B v £ A> P S 18 2
S I AL B B — B 43 AR AR AT 43 2L DT B AR T B A e SR
R ok 30 XUR: 48 e T R AR R AUz AL Re ) R M P L T B
T Boosting 5 1% A 5% 4> 25 2% 1, 16 B XGBoost™*! , LightG-
BMPUFI CatBoost??! 3 i 48 L iy SOTA ( State-Of-The-Art)
Boosting 5%, 3 Bl #L R I AN [ (19 5K W A4 38 e 54, XG-
Boost 3T level-wise $K M, Light GBM 3T leaf-wise %W , 1M
CatBoost fifi JiI T X BRUEHA S5 48, 765 T VR B 2% ) 19 73 24 4%
L BB 2 L (Multilayer Perceptron. MLP), MLP i
ZNEAMZHR BB D2 MEITTHAHN., BHME
JCHEE WK H LA 28 0 R B A I 38 O — > Sl S P SRR B
B B A S R i . MLP A YI 25 5 R I 1 1% 1%
B IR R B R /MR R R A AR IR TAD
T3 3 Jiz 428 % 2R A R ARG A A0 Ak T 45 S

H F Stacking [ 5 — J2 #F J& 5 2% 2] £% S AR 7E 2 > i i
RN TERMAELEA., N TP ARSI A, %
V2 T AT B Y 38 [ T AR R X B — 2 A 4

Stacking %% > 7> J i) HAAHAT L BRANT «

Az S L NGB o 1 7 S B SO R I T
s I R R 4 5 1

HUR 2 B AL R R BRI 5 4L
P 1 eI AR o 4 R E NN A 51k, 54
A AR R MR ALLA LA AT Ay K BT
BEATH I PR AE R 5 BT I R4E 18l A,

YR 3 ERBURNAE G AT T4 A2 IR TE I, B R ER AT X AP
BE 1 rb iy D A AT DU, AR S XA B 5 AN AN TR] A 25 SR
EYIME . 5 AN IEBEAL A E] By, By, By, By Rl By, ¥ H ik
9\ PEEAE B 5 )2 oo i &8 . id h B,

HUR 4 AMERUNSREUE, B AE I EE. moc¥
A UEAT R 2 W T 4y 2%

fdi I Stacking 42 Ji 58 & 42 i 22 AN B2 U X BE AR AT 2 T
AT DL 50 43 MR RS (R AT . AR SCHR L 25 B CodeBERT
TR LR B A Stacking FE B W X b T #E4T 36 1E 2 () I A
B % W i BEAT 25 R, B A0 AAT A 280 1 IO S A R TR AE LA
K qAay 5 38 43 b R R B R A R AE DT B T AR A A T Y
TEgE .
4 RIS

o TP BT IR T A AU AR AT T ORISR
WO M 85 R o M. S BB 17 3 58 28 Linux Ubuntu

20.04.1 &4 .4 B 2. 20 GHz 1Y Intel(R) Xeon(R) Gold
5120 CPU, 24 GB ¥ ¥ N 7#, 1 #t GeForce RTX 2080 Ti

HEAT e &

GPU. %i 1% ¥ 5 &y Python3. 7.
4.1 LK

U A A A, TR E M AR ie i I s g
AT EARE . A Liv %M Xiong S5 IEMA THES
XF BT 4 U5 B FEAT B, X LE A T 2 K H & 28 APR T H X De-
fectsd] BRFEECIE R A BLIE AT L EME LA T . [
B S T R B AN O A Y R R, BCHE AR PRI T AL De-
fectsdJ" IR A R AR N H R EWIEHBEEZ 4T, &
Ja MR BIR BT A AN TREAR AT R E . BIEE T AT 45
manE 1 5,

F1 AT EIEE
Table 1 Patch datasets
* & E#HAT HRAT AT &
Liu %[23] 137 502 639
Xiong 28] 30 109 139
Defectsd] # ty IF % # #h T[24] 356 0 356
it (k&) 468 532 1000

4.2 MR

TN TR T 0 AR HE AT VEAL L i W 9 R (Accura-
cy) K5 HEF (Precision) . 3 [8] % (Recall) \F1 43 % (F1 Score)
1 AUC(Area Under the Curve) Z1E M F5 45 .

HET AR TR I A 23 A A v B IE 0 23 26 AR AR 0T o 19 L
B, 4n 3 (6) B

o TP+TN
Uy = TP ¥ TN+ FP+EN

Hop, TP(True Positive) & 78 8 TN A 1E 1l £ 4% H. 52 B 4 1E
BREA 14~ # s FP (False Positive) 3 71 # 7 i b iE 41 A< {5
SR SRy B 5] RE 7R B8 TN (True Negative) 3678 8 B0 Ky £
iR A HLSZ BR Ry B 461 B AR 19 4> $0; FN (False Negative) & 7R
B T Sy A7 B4 A S B Shy TE BB AR AR A S 4K

W MR A8 76 BT A B 43 28 TE 9 R AR AR T, JOE (9 O 491 R
AP B L] AN 7D TR . R SRR FROR o e AR T
Sk TE B B RE A T B IE B IE I RE AR B 22 L 1R R AR

TP
TP+FP

7 B ARG TE BT AT 52 By 1649 B RE A Hh 3 TE 5 5000 S 1E 451
BEAR BT i (9 LE B, 4 50 (8D B o 4 [l Ay s o 405 i
% TE A U3 A ECIE B9 IE B AR B 2 5 T R B

TP
TP+FN

F1 23 B2 255 75 EORE V3R 014 f) 48 b BRS¢ 5
4 81 Y 98 P S, T AR S R AR G R L, s (9)
PR

(6)

D

Precision=

Recall= (8

2% Precision ¥ Recall
Fi= Precision +Recall (9

AUC #5453 B 22411 ROC 4k F ., AUC B
K, R A SR 0 P B g L HC R 5 10 1 A b A UK A 45 A 67
B, = (10) F 7 -

2 I(Pg Py)
MXN

1, Py >Py (10)
I(Pg,Py)=1]0.5, Pyp=Py
0, P <Py

AUC=



254

Com puter Science TEHELZ  Vol. 52,No. 1,]Jan. 2025

Ho M AN 43 59 3 7R 1 B #F A< B4 RE AR 19 BCAE, P
H Py 43 50 22 78 T LE 451 4% A 1 R o 32 R0 30000 £ 451 % A 1
4.3 LWERMOM

h T VEAG TSR AR08 52 R T IE B 56 5 0k R Rk
A YR 3E oF SE 9 [ & LAR 3 ATl

WFoE a5 1. fdi i Stacking 3 W& 4 50 £ A4~ 4r FE 00 2 1%
E o R SRSB4 T N T 96 3 A %R T 2

I ) 8L 2 . {3 S ] (1) 32 2 2 485 10 S 00408 af A7 R AE
Xt AR T30 E () AR RO A 2 KA 5 7

T 52 IA) 83 5 H Al A %R T 5630 42 A A L, BT $2 455 78 (1 4
il {7 2
4.3.1 AFREHA 1

an 3.3 9 frik , CatBoost, XGBoost, LightGBM, MLP, RF
LR [ J9) #E4T Stacking B4R i, FERFFE R 1+,
B TE R F T 8 O 1k 5 sk g A A A L Y 4y 2B R AT L
FLPEBEUNAT . Ry B SE 56 A ol B T L SE IR AE 4. 1 Y TR Y &
RO A b PR AT T A BRI L B RE AL RS £ R A 5 A
HWar Hod 4/5 TN, 1/5 AT 0K, st dt 47 5 ok
BIfH.

22 BT BR A2 DL A H A 3B 4 R AR (15 LT 5 Stac-
king 4 BRI R 55 B A7 SRS SERC AU B LU ACES SR . BB 1 SR T
AL R RF I LB 2 FIEI/R T 6 Fl LA R 4 J 503k AN
B BT 37 A 4 AN T e e S R LA
R F1 80 AUC 8Er 4B . N R P LA,
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Table 2 Performance comparison of different classifiers

KAEHA K EHE OMEEX FEE Tl AUC
LR 0.764  0.763 0.720  0.740  0.826
RF 0.755 0.763  0.694 0.726  0.836
LightGBM  0.760  0.752  0.732  0.741  0.844
CatBoost 0.780 0.771 0.754 0.761 0.855
MLP 0.769 0.784 0.719 0.743  0.841
XGBoost 0.776  0.776  0.736  0.754  0.851
Stacking 0.800 0.799 0.762 0.780 0.865
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Table 3 Comparison of different representation learning models

nRB RERA  EHE KAEFX HEFE Fl AUC

Doc2Vec 0.734 0.729 0.690 0.707  0.797

. BERT 0.756  0.741  0.737 0.739  0.828
Stacking

CC2Vec 0.796  0.790 0.771  0.779  0.847
CodeBERT  0.800 0.799 0.762 0.780 0.865
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Table 4 Comparison between the proposed method and

Tian et al. ’s methods

#A R HExR HdEFE F1 AUC
BERT+ LR 0.740  0.727  0.715  0.720  0.802
BERT+ Stacking 0.756  0.741  0.737  0.739  0.828
CodeBERT+ LR 0.764  0.763  0.720  0.740  0.826

CodeBERT+ Stacking 0.800 0.799 0.762 0.780 0. 865
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Table 5 Comparison between the proposed method and ODS

3 BHE Hk%E AEE Pl
ODS 0.676 0.933 0.636 0.756
CodeBERT + Stacking 0. 683 0. 865 0.700 0.774
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Table 6 Comparison between the proposed method and PATCH-

SIM in identifying the number of overfitting patches
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Fig. 6 Intersection of overfitting patches detected by our method

and PATCH-SIM
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Table 7 Runtime performance comparison between the proposed
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