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Abstract: Fault localization collects and analyzes the runtime information of test case sets to evaluate the suspiciousness of each statement
of being faulty. Test case sets are constructed by the data from the input domain and have two types, i.e., passing test cases and failing
ones. Since failing test cases generally account for a very small portion of the input domain, and their distribution is usually random, the
number of failing test cases is much fewer than that of passing ones. Previous work has shown that the lack of failing test cases leads to a
class-imbalanced problem of test case sets, which severely hampers fault localization effectiveness. To address this problem, this study
proposes a model-domain data augmentation approach using generative adversarial network for fault localization. Based on the model
domain (i.e., spectrum information of fault localization) rather than the traditional input domain (i.e., program input), this approach uses

the generative adversarial network to synthesize the model-domain failing test cases covering the minimum suspicious set, so as to address
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the class-imbalanced problem from the model domain. The experimental results show that the proposed approach significantly improves the
effectiveness of 12 representative fault localization approaches.

Key words: fault localization; test case; generative adversarial network (GAN); data augmentation; suspiciousness

FERATE Rt e, ol 2 7RG S0 T3P TF R R B BRE I FE s sh e — M. o 7 BT
RFA, BEFEN R T VF 2 e s A i U, N T B F RN B3 AR o e . e, 351 AT (1) e B s
757 (spectrum-based fault localization, SBFL)™"FI3ET- 4 2 3] [l I 52 47 )72 (deep-learning-based fault
localization, DLFL)®* L )2 W FHAR FH B 15 K S8 [ 5 o7 7 V.

1 JE7" T SBFL Fl DLFL (8L 2 A FE. 2 P A& N ANES, MR BIE T8 M A 61,
T={ty, t,..., ty}. BAVEREF P _LAgAT WK 14 T )5 w] DRI ©) 78 o6 15 SRR 45 AL, #age A5 2 it 38 H 491
B (BB AE 2. BEHAT ANy NS 9] 2 T Bl MBSl 461, e 00 458 v )2 A A T R 43 R B &
W BEAT 45 R I AR i) A IR 1 AT 58 S 5, A RS R3804 o — A 78 o L. R e o
WA ATARKIZAT MRS ABINE R, & SIRRET Py AMER. & ATEEE TIOR, TRHE
H 1 TR R B AT, 0 R ARBHAT. H R M 45 R0 1 27=i% i 90 ok sl il 461, o 0 %om
A F A . e i, ASE R 49 B A5 N A N B m] BEME DAL S0, TR AN TR R Dl BRI T SR AR, o T BE
{E R P HES (8 Ay 513, Frh, SBFL A1 DLFL [ ] S8 PE PP Al 53020 i o vl S8 R 120 3 11OVl g 2 > iy 57130,

LIpNE AL TEEME )
N A o DB ATREAH
¢ X115 X120+ -5 X1y €
— AT BRI

1l

%ﬁﬂﬁ? Fiy BT t Xa15 Xp25- -5 Xon e FIRHE TS i
By U ] ) .
st :(> | | | —

{tl’ tla' ARl tM}

*¢ﬁ@&%ﬁmw
1 SBFL Fll DLFL [ 5E 7 e

TSR 8 A AT 003 P 05, i N 30 48 R A 2R 3 DS PR 8. R 0 — 4R S AR 2
M —ZH RGN« AT S LA S TR 45 B 100 J5 38 i AR — A Tl 5, ‘B 3% AR I 4 A3t A 481 AE AT ik 2
i AR 78 o s S DA B Dt A9 A SR U0, e N 3 1 00k P 4910 6 2 B0 e 67 F) R B 0L e, " LA I 2 el
TG R R IR P 431 A U3k WY EL A o AR 5 (1 s 0 k491 R0 2 S 3 P 961 Bk o 7 10 3 3 I8 AT
(1) SRR, 8 S0 AN P47 P U P 90 0 7™ T 56 e it B 5 7 5 2L AR, 6 T — AN BRBESR B, Hh T2 5 3R R
(R N T8 Iy BT A NAR S F 9 ELRAT 00 23 AR 59, A A N sl A 1 I - 461 PR . BRIk, 7
e 7 A A0, A DR P 481 A ) v e (B SRR [17,197) 2S00 A B 1 B S sk 481, A8 /0 ELAR A B8 4 h
RIBCIAR 5. J5 SeAfF 7 15202 k2 2 W G 9 AR A0 s A7 2R P B B 2 A 25 00, IR, Ok T 3R B
S8 AT R, S D) BRI FH A8 S T A S 4 ) R

CUA 5T 25 W], SBFL Al DLFL 343 F— AN JL [ BB, — AN TEA) 76 I (Bl 003 FF 491 o 4 7 5,
WU E PR AT S AR LTt (), R 7 SR T ) 90 SR It 9 6T 060 o2 07 A A7 2 1) 122 T R A SR B ik
(1R 2R S ROk P 4811 7 5 77 SR B ), IS e X 0 B 2 67 2 A 2 1. TR 388 27 20 e AR R AR R ) 7 76 45 S
UNGRREAS, DL 1 45 A AR, 2 3] — A el I v 0 78 6 A JE Rl 91 45 SR 2 1) SR R AR, 22
i 308 3 A R AU S P A R VA AT ) P T SRR AL E L2 25% ) AUk, a3 sty )iz R SRR Y 2R 4R
SNAS A 1) 1502, 1 22 (10 2D B A AT DL R AR FR R R P47 TRt A SO HH 3R T B0 i ) 4% P Bl
S8 VAR SR M 5 7 vk GAN-Aug, B FENLAS 2 (R A3 — P55 4, AT ALt e it T et e e, Ae ik
W Ja Ak, AT A a9 266 gt T AR s A7 10 4 S A 20 3 I S8 491 44 381 76 2 e ) 5 LR it 3 3
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SRR 2R R T %P 481 £ P91, LA SRR A3 1 £ a0 I v 47 . B4R, GAN-Aug A 0Btk
M %% (generative adversarial network, GAN) K45 o5 7Y daf 2 e ok FH 451, 782 o I A 28 4l UC ik FH 491 7 4 [
HFAE (B 5N il SR A 4 7). T 2 P36 S K A7 P R PR Sl o P90 ., B 7R 3l 2 UMM i P 4910 R ik P 4910 4
HHIF. 4 T IIE GAN-Aug (0 800, 4530 GAN-Aug 21 11 Ffr L7 e i 58 A7 3 A 3101228290 g i 22 107 25 i
3B RMREET;. A 57 ST T AE 28 A A1 (https://github.com/zz8477/GAN_Aug).

ARICER 1 A EHES SN B 2 T IR TE TR A ) 4 1 e o 07 A AR S A 1 8 70 GAN-Aug. 55 3T
S5 S R S B A 4 TR ELATOG AR, o5 5 T HE T M4

1 BXxE=R

AT A G TE R AT 2 AT O 5 6, DS S T FRVBRD 11 e s 0 75 9 R 2 P .

(1) A A

2 R T B AT 2 M F G £ ., A R TR R U (KRR P AT N MBS,
Spoeves S HONSRECR AL IR B4 T 4T TR P 3GAl T 4040 M AN SRIR 1, 7= fm o
£y AR 1 £ ST

.....

iy NI TRk 451 4

L S e
ARBIE | NAEE AR
L — iy Xips X251+ -5 Xiv €

! 1

i
L A Xo15 X950 445 Xon e,

—
'

by — b WXy X Xy Ley,

B2 ks R

A" R R (R NS 28 ¢ SRR ) RO TR (RO T4 ).

S8 B 2 A AT AR S AU 491, ISR B AT B R A 5515 B (B RIPAT B AR PAT), A 2 I3k FH 45 i s
FER TS & 15 — B — B B IR F 1, A — 308 2B A . AR X e B, B fE A e SRR G
TR Y, DA e R v R4 R AR AN A 490 PRI 5 SR AR 2R A 441 pmodel g SUANTF

£mosel s (N+1) NTCEFFRR A IR [x51, X, -0 Xins €], TSR T BEANEA) 0978 3615 5 DL A G I35 A 431 £
IR &5 .

7 oot T, 53 =1 FORVEAD S, WA AR IA 1 £ $0AT: x,=0 050 A S, BB A0k P
£ AT, e=1 FRAANIBIR A1 ¢ Sy IR 151 e,=0 &4 AN IBLINAR A £ Sy ) S (R 451 M
Meiedl,2,..., M}y) HRR LI E (error vector) e=[ey, ey,..., ey, i € {1, 2,..., M}.

M AT 2 T A5 8 (Mx(N+1) 55 FE). Bl 3 TIs47 se M NI H B 4E T R REANEA) 1
A B (B R BAT SR AT FIAEAN I 61 AR 5 SR (BB, BRIk, A JB AT LA E LN .

BT R Mx(N+1) JEFE, SerP s § 4T 58 ¢ ARSI P L R EMRR 45 51, B 4% =[x, Xi0s- o, Xins €3], T
TR AR, AT A S AEAT R P A G AT LU 0 B 1, thAg DU — AN s .

(2) HER M EN A

i B A H AT B RSN, BT IS S I E T S T R A B AT (. b, TR A ST IS
SEALFEA (DLFL) FI3E T2 715 IO B b 52 A1 bz A (SBFL) 2 45 Ay S 704 (1) Bt b 2 447 52 K. DLFL F1 SBFL 4373 F1| FH ¥
JSE i A 24 1 BTR T B B A SRPRPAG TE AU A AT B € 3 J2R T DLFL H SBFL )5 A 45 4.

DLFL Q3 —/MNMRINJZE, —ANRE S S A0, 25 T REER — AN 2. 7E% N2, DLFL A T &l 2 FioR i
WEAE BAE RN AR UL, MxN HEBE (1 b AT I 1) S A DN R B 2 STRE R (B N, B AT DR I ) 45 SR ) &t (error
vector) H11 A NG RAE AR BATRER T B i 4T FFUR Y A AR50 0 15 ) 28 56 A5 T2 A SR N300 48] g
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AR (e {1, 1+h, 142h,..., 1+(LM/h] +1)xh}). TEEREE S A, AR DLFL 8RR A R A4 45, AL
A MLP-FL (% ZB50H0)M, CNN-FL (&2 M 4%), BILSTM-FL (XU i K47 id 12 M 2!, FLUCCS (HE2
>1)PIF1 DeepFL (2 R 22 212, ZE4 )2, BERUAE ] T Sigmoid B8 %5 Skl B2 fry it 445 SR 1) 0—1 22 )
—AME. & IR 5, DLFL 4 F ) 4% 4% 7% (back propagation algorithm)[g]ﬂéﬁ%ﬁ@%*ﬁﬂ HIZ4, Hbr
S MEVINZRAT Y y RS S e 2 W 2504. 505, DLFL [ 52 %R VI 2590 2% AR 4 I R0 RO RE R o 4 HE AN
] BE{A.

DLFL #%Y
: Vi €
NS HiRmE OREERES] Y
— [ X Xizeees X1y € A loss
“E Xits Xigge e s Xiy Yiithe1)
R Xa15 X251+ -5 Yoy e, X(ir1y1s X(is1)20+ -+ X 1)y w2
= :
& X(ith-1)1> X(ith-1)29+ = 5 X(ith-1)N
= SBFL A GEAH
Xarts Xprse oo s Xpy e, -4 A A N
THELZLAT HHEAR
PN

3 SBFL HI DLFL 1] k&5

SBFLU MR (5 S by B ANTE 15 X 4 ANAEZH, MR AR R BRI S0 2, LA H 45 AN £
(AT BEA. 4 AN SHGE P
{anp(s_,-) = [{ilxij = 0 A e; = )] an(s)) = [(ibs; = 0 A e = 1)

. . ¢h)
aey(s)) = [lilx; = 1 Ae; = 0], au(s)) = [filx,; = 1 e = 1

A (1) IR TSRS BB s; 1 4 N BEL anp, aup Gep, der. T, any TR RT3 11 (K S0
R BIEL, ane Fm RPAT 12 AT RIS 1L, ag, s AT 235 A BRI 1, aep Fm AT 1R
R 91 . Xie 25 AN P¥5%t SBFL ] BE4t 51 A RFEAT T 0 Mriii, 75 1 5 41ief i SBFL A3 ER1/, ERS,
GP02, GP03 il GP19. Ji7 42528 Mk 4 % W] DStar 1 Ochiai 1 & A KT SEME TH AR, % 1 7 TiX 7 Fh2%
R AT SE A S

#£1 &AMt SBFL A

Name Formulas Name Formulas
Naish1 =1 if @y >0 GP02 2(aef + «/_anp) + e
Ay, if Ay <O
. a
ER1’ Naish2 Qe ——— GP03 2 _ ol
of Qep + np + 1 s |
GP13 au (1 A ) GP19 e \|ep — Gt + Ao — |
20, + a
Wongl Get DStar (D*) _ e
A+ dep
Aef
ERS5 Russel&Rao ot + oy + oy + lp
Ochiai Aet
Binary 0, ?f e >0 V(@et + ane)(aes + dep)
1,ifa, <0
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(3) XA AL (GAN)

FEVRE 2 S) AU, K 22 BN T30 Rl M 2 3, T G M B8 2 S0 R SR T84T A2 A A e (¥ R 7 40 B, 2 il
J557! (generative model, GM) A&UT A IR FE 2% ] VI R RE (RIS 4308 Y, by 8 M 2% SIWEFU TR 10T 10 7 1) ke
PULE KM 45 (generative adversarial network, GAN) J& - H AR FLE —28. GAN RICA B 124 2 7 vk, LAE kg
BB A B 1 R0 R ST B G M 2 2D TR P B2 GAN 52 US4, — A A 4 G 55— A HIBIN 4 D. D &
— AN 258, T ST X E BRI AE . TG OIXAN AR R 4 1 S B — AN BEN LR S, 2 JE i
M 7 A Bl AN O 3 (R R, FORIRYE DU RN ZRit R, AR 4 G I H bR it & R A OE T 3 S B0 1 D i
Hth 2230 U R 2% D15 D (F H BRI SR G A I B e s AL S B0 X 4 k. AL, G AN D glii)
T ABAI R R, N GREE N, T 4% D K, 755 D HELAX 43 H R 2 B S B, WA
B4 G A R T TR 4 GOk, A HE G ORI RAAE R e 8 DUIRELIC R O i 2.

FESERR I, GAN C& R B TVF 2T U, #8500 T 5 AR B, shis AN ek, BGREES, TisE1t,
SCARA B, ANARZERAG B, A0 B PETO, HARRY I, 3D UGG AR, B2 2% N, TG, iAmaiil, G 7
PEER, SO R, VTR BRI SR A B O A TR AT, GAN i 2hig 1R il i 1 &2 B, st xd
A A I 2 A B B, S A R G 1 S R T ), 0 A ) RO X ORI AL A il BT GAN B T AR SR
Hi ) GAN-Aug /2 1 0K GAN T30 TR AU 1) e o 58 437 AR 280 45l 2 O FH 61 45 .

4 JE7R T GAN ZEHHELE. 2z J2 M P 0 dte, A BEpLIE PR A\ B E N 2% G 5, ot — M E R . GAN K
P FH 3 A 26 A (1 508 B 78 B0 5 19 500 25 00 03 I 4% D, 1 ) 591 PR 8% D 67 B 0 59 A i ) 8% B R ) A e B i I
SEHH I R ) A . 7R GAN INZRFI AR 2% D I, bRk AR M 2% G i A 1) A i S A B s e
PEEA RAE i N5 0 26 D, SXIN F P 2% D 25 f0FR%E 1 45 SR, MIHUAR2E 0 4548 il . T HF e 2
200 1o 4 5 PR 2% I 2547 — A score, F FIE% D 25t BT score FIARZE 1 B 0 (K72 1H loss, Z S5 i n] LIRS
EANZEA loss AT IR AL TN LM 4 S50 H U242 M 48 G IS, A2 D 1S HO8 AT IITZREY, X A=
B L% G A% D AfLAE AR — AR, 20 R i N B R B 4% G, G2t — AN B, T
XIS AP 48 D 230 A R EAT AT 43, 13 8] — A 43{H score, 5 RN EE G 23 TH5 score AT 1 2 MW ZE{H 1E
4 loss HEAT [ AL RIS AE M 2% G (IS4 DIk, ZE i 2% G FIRDN I 2% D b i T — AN g5 iid 72

W SUSE 5O

HHM2% D

[ EH% G ] s
Bl 4 ik s 2 42

2 GAN-Aug

(1) T4

GAN-Aug (135 A JUAE R 7 DR iy A\ 3300 U 1 AN AR i Atk L, R N 022 1 ) 46 GAN 5 F0 R 25 38 2 I
WU, SRy R R Sl I G 49 4, AR T B R A7 2K . 5 RS PR ARE TR Sl R Gk P 491, 558 17405 S
(O BEAL R PR 81 100 LA AR 7 480, B0 28 g SR PR R ARt FH 1.

i A2 GAN L U B T AR SEph 22 I 25 7 AR AL R U DI RE, RE RS 4% I O AR Ml 7] 4
e R AL K 1. A R 2 D AR 46 G AEXS ST k20, FEED Ja MAREERT P, A 46 G 5 2 IR R A
SRIBCH i 91 A BB e 58, AT B K BARER I I B I 81. ZE B 2% G NG S e s o 7 A o, AR T
BLIF AL 75, UL T SIS IR 3 S I X P 491 P 201, P 7 2 B S (K Bl F 0 M 4% D o3 #e 2k
Je PR LRSS R  a 1] B 5 5 M 3 R SR A AR B e . A R 4 GRS R 4 D B335R VR A 22 1
S, N HE A R R AR Y 2% D RE % SRS R AR UL H 3 SR IR R I 451 F i 3 A 1 4 T 5%
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T b B S A AR/ 1 .
Rk, S04 GAN-Aug, BUFTAT B IO 90 4 REAS, S 3050 45 D FIZE 4 G 2 e — N 1
S A BRI 4 A B ML, ELIRII SLAR R T 2 5 4 AN A M 7E R T 1 5
20, BUTTASZ 01— 0 B 1 2 AR 7EVIZE0T GAN-Aug %74 408 SR WA FE 3 4725 3, 307 e o
U 491 2 6 A7 A5 TR 0 S DUCIUak P 91 1) 36 DR, IV W7 BE 82 2 S50 , GAN-Ag 46 24 10 37 B0 G
IR 00X B PR S P41 4, WL T 397 M A 00 Sk FF 9148, At e 2K ) AS P4 i .
minmaxV(D,G) = E._p,, o[10g D] + E...[log(1 = DGE)] @

5 BRT GAN-Aug B, X BARSAE FHEE 1 W MFRP P AT GI 4R T w5 A4 55 1% D0 5 M 45 2R
AL Mx(N+1) FIRERE, 223l MxN J 5 2RoR i A AT T 0L, fieda M2 45 R 7 & errors. GAN-Aug 45— AN ¥
% G F—N AR e D, G Fl D ¥ — 83T 185Z 1 2 /2001 (multilayer perceptron, MLP), MLP [¥]&
32 B S N B AR 1 A 35 )28, J2 IR RO T pR 550N ReL UM, S5t i — ANk 22344 — A Sigmoid #& %5,
{5 o —A 0-1 Z [ fE. & 262 UI% D (A7) Discriminator). $EHX N 4E 1 & [y, vo..., yal, L3101 7 noise 4b
G R] G (2 %4% Generator) H115 342 i (21, 20,..., zy]. < J5 36 BORRE 200 Jak it s 2R WG 8 FH 81 (B [,
Xigpeoor Xiy)s 1 € {1, 2,00, MY H. e=1) VE N FLIHE, FERREE (21, 25,..., 2y] DGR RIS D h. D 4CFEE 1
BB [, X, iyl THEFRES O 254 SUER (21, 23, zy]. D I score FIFRZEIM ZEMEAE N loss J= )14 1%
ATk, 28322k G, [l D MSEAAR, ¥ D FI G B — A AR, K ik e m AL PR [vy, von...o yv] TEN G
[y N B A BB (24, 2o, 2], IS E 050 28 D AT HT 43, fiHh score FIARSE 1 I ZE{EAE N loss | [0 £%
FEMNTINL G. 2230 (2) A ERGS G A D HAHFEZER ML TR, 7B A (2) 1, Puaaey M H LB [x;1, X,
xiv] WIAM1, P(z) HAEREAR (21, 2., 23] 53, — UG G559, D IR 5 B Hh B S8 5 A o . B
W G BHHGTR, D 11 X 43 AN H 0 S A 3 B, B a it score FUREAZ 0.5, BV Ay 2 S5 H504 A 2R
B LR AR S AN IR — A I KNSRI RE. D de KA AR B (20, 20,05 20], 1T G WAEANETSS
JIHETH B A A RS e B B S R e 0, R INY D I R A i B, s ik B — A g AT

N statements errors Fine tune training
Xpts X2 1w 7 1€ e ittty |
Tty Xz Koy |, v ‘ !
2 D i IsD

M test cases

15X Xin
}
Vi Vosees Iv f— Zyy Zayeeny Z)
L v} generator E{ b v]
A enerated samples
I

_______________

: H discriminator : correct?
T
X1 Xagos oy S LY Real !
Xf,v,:,m, ’ samples !
lic (1,2,... Myand e~1 !
G I
I
I
I
I
I

Noise Fine tune training

5 GAN-Aug %44y

By s LA 58 W] A AR TR 4 R W 1 2 R, GAN-Aug N — 20 M iz i 25 il % /> B - ik Bl A 2k
B CAETT USRI AN 0 DR ) 4 A R o A, BRSSP 1 R PR 49 5 P B o A 2
PTAEACTG (R 308 14 B, DRt GAN-Aug AN A= AR A O A FH 1], 11 48 70 3ol 20 DUk P 491 400 i
ALY 358l 1y 03 P 461 5 A 5

14 GAN-Aug 4T T /4. BIERIE AR T TEARE K 150 TOrig (4 2 B A (5 5. A1
WHEIK epochNum, i Hi g8 AT R F 9148 TNew. 2 1-4 4T %} TNew, TOrigF, Pnum F Fnum 3EATHILEAL.
TOrigF RHIAAR B O F 461, Praem 24 Ji 4 DU FH 410 46 v e D R P 0 2800, v A9 i e 0K FH 48] 46 o 2K
YOS FH ) B i B8 515 ATARBA AR o RS R 38 AR O A9, B B850 (1 R 28 3l 3 FH 48] S 40 A ) 002 1) 1l T
W3R A8 R0 SR R 5. b, 28 5-9 47 A M 48 D FIAE R M Z G 2R R, —JEUIZR epochNum LK.
56 AT N A AN BN A s, 2 B A R — A BB R A, BRI 48 A T A2 5 b nT AT 3B A 3 e #
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B (U1 2 TR 85 7 AR D ey R PR 0 Wk B A e 7 Kl N R )l 4 D. 265 8 ATHE DRSS D (B KA
R B0 e P O 2 A S AN ZRAE B 2% G 2238 epochNum ALK I ZR, o] LA B ZRAF K 2 1 o0 2%
G. 55 10 AT UH 5 S AR s R RS AR Al SR W D FH 0 B FNewnum. 55 1115 AT T 52 A4 OB RS 26 MOk 491, it
N FNewnum. JLH 85 12 47 A R 75 s 2, 25 13 A7 BL 2 AR 0 S AR IR G (10 A2 1 94 296 2 Bl 7R sl X 1
tnew- 55 14 ATHEIZAS BRI R T R B (KIAR RS 1, 25 15 ATRE N IR 2 AR tey, IR INEDHT I
BRI 115 TNew . DLFL A1 SBFL LU AN B R R sk i 115 TNew 150N, 112N A K m]
{8, IFBEPHES.

&3 1. GAN-Aug .

Input: JEUHBASINR 61 4E TOrig, W ZkiLiX epochNum;
Output: Fr AR ek R FH 5] 45 TNew.

1. TNew = TOrig;

2. TOrigF = getFailingTests(TOrig);

3. Pnum = getNumberofPassingTests(TOrig);
4. Fnum = getNumberofF ailingTests(TOrig);
5.for i=1;i < epochNum; i++ do

6. z = fakeData();

7. D= TrainModelD(TOrigF, z);
8. G =TrainModelG(z, D);

9. end for

10. FNewnum = Pnum — Fnum

11. for i = 1; i SFNewnum; i++ do
12.  z = fakeData();

13, thew = G(2);

14. Fix a failing label to #,.,;

15.  Add(TNew, t.,);

16. end for

(2) 7t

W 6 Fros, A0 GAN-Aug 7B, 72K 6 o, By — M 16 MERIIIRER P, Jirh s3 JskFEiE
). s1=s16 N AN FRICHE R NTE AR A ER 1 A0S BT (1 KRBT, 0 IR AP HAT), suspicousness
AT B TR R BB AL A GRS 1 H0 IR e A7 53R TSI T BEAH, S5 B 0 A% 2 7m 2 7m Il F 490 IR AT =22
FRIIE 2RI, 0 Fe7m e, 1 & R e, 1y F g A R ICIIRHIA8). A48 £¢ GPO2 Al MLP-FL 435 f{% SBFL
M DLFL 5 b 52 2775 GAN-Aug IEAA RSO RYISIICI T I51, T 34 AH 1] B PSS 28 dl ke )y 0t P 451
FRIGI . 27 F0 2 A9 A2 1RSI RGO 8 9. AR 3305 1 SR 19 AT 453X AN 1) 1) 2 R b 25
1, AT B ERAAT 4 > AR TR Ssll 1 I8 A 4 A SISO TR Sl 18 461

6 TIA 4 AR BEAE B P HE A IR fU B3 AR SR AR IR B4R 1 1) GPO2 I BEMEL AR N {57, S5, So, S12, S105
S11> S14 515> S165 513> 515 525 535 S65 545 S5}, MLP-FL [ AT BEAE SN {55, 54, S165 5115 5155 S65 5135 5125 52 555 59, 53, 14 5105 515
57} T2 1R X 491 ~, GP02 H {5125 575 S8 59, $10 3, 515 S14> $135 $2, S115 S155 S165 S5 555 54}, MLP-FL H 155, 51, 145 So,
53,82, S155 115 S8 S16> Sa» S35 S12, S105 75 g} - TEIRIEMIXFHBIEE T, BREATE A 55 75 GPO2 A1 MLP-FL FHEA 43l 0 5
13 A5 12, 2B AR 1R, BRIEIE A 55 28 GPO2 F1 MLP-FL NHELZ 2B 55 6 FIE8 5, 3T T 7 Mk,
XEW] GAN-Aug $&T1 T PRI 2 777 VE FIRURE.
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Program P (maximal value of a,b.c) Bug information
s,: Read(a,b,c) sg: dy=ct1; s,5: else(output(d,);
8,: d,=0,d,=0,d;=0; so: 1f(a<0){ Sy output(ds); } t; and #; are generated .
s3: if(b<0){ S0 a=atce;} virtual test cases for sy is faulty.
s,: d=b; sy: else a=a+b; GAN-Aug. Then there are Correct form:
ss: dy=c; S1t dy=atl1;} 4 passing test cases and 4 if(h<6){
Se: dv=a;} 5150 1f(c>0){ failing test cases.
s;: else {d=b+1; S output(d,);}
T ab.e 5 S 53 Sy Ss Se K Sy So S10 Sn S S13 Sia S1s S16 result
f -153 1 1 1 0 0 0 1 1 1 1 0 0 0 0 0 0 1
f 275 1 1 1 1 1 1 0 0 0 0 0 0 1 1 0 0 0
5 5-6-8 1 1 1 1 1 1 0 0 0 0 0 0 1 0 1 1 0
t -5.8-8 1 1 1 0 0 0 1 1 1 1 0 1 1 0 1 1 0
5 4711 1 1 1 0 0 0 1 1 1 0 1 1 1 1 0 0 0
t 42-1 1 1 1 0 0 0 1 1 1 0 1 1 1 0 1 1 1
t 097 | 094 | 097 0 0 0 098 | 097 [ 095 | 0.91 0 099 | 096 | 09 0 0 1
I3 098 | 097 | 098 0 0 0 1 099 [ 097 | 093 | o0 1 098 | 092 0 0 1
SUSPICIOUS= | ¢ 6.0 60 | 424 | 424 | 424 | 824 | 824 | 824 | 646 | 646 | 824 | 60 | 624 | 624 | 624
GP02 ness
rank 11 12 13 15 16 14 1 2 3 5 6 4 10 7 8 9
SUSPICIOUS= | 99 | 982 | 99 | 424 | 424 | 424 | 122 | 1216 | 1208 [ 1014 | 646 | 1222 | 988 | 988 | 624 | 624
GP02 ness GAN-Aug
rank 7 10 6 16 15 14 2 3 4 5 11 1 9 8 12 13
suss‘:s‘s"“s' 0487 | 0493 | 0492 | 05 | 051 | 0495 | 0487 | 0492 0492 | 0.49 | 0.498 | 0494 | 0.494 | 0.491 | 0.495 | 0.499
MLP
rank 15 9 12 2 1 6 16 10 11 14 4 8 7 13 5 3
SUSPICIOUS= 1 g2 | 0.791 | 0.798 | 0.769 | 0.809 | 0.739 | 0.752 | 0.774 | 0.799 | 0.755 | 0.787 | 0.758 | 0.761 | 0.801 | 0.787 | 0.771
MLP ness GAN-Aug
rank 2 6 5 1 1 16 15 9 4 14 8 13 12 3 7 10

6 GAN-Aug 7~

3% B

(1) g it

T WAE GAN-Aug HIF B0, A SR EEE 2 TR 14 40 B FR e k4T S2 06 SR BCE A TI0 R B A (1) B4 1=
BB s B AT T A P AR P O () A T OB, ARESAT RO 5.4k AT 491k 475 (3) AL
FEEARE AR A 5 3R, &) T AT S — P50, fE X488 )7, 1T 6 A2/ (chart, math, lang, closure,
mockito F time) B [ Defects4J™”, Python, gzip #1 libtiff A\ ManyBugs"““'35 1Y, space, nanoxml_v1, nanoxml v2,
nanoxml_v3 Fl nanoxml_v5 M SIR“HREL. REANFLFFRRASHIAT — A diff iy oK BB AR AR IERAIRCAS, mT LA
R FRIUBR B A7 B AN SO DA L B AL B AT T R SERIAE LR A A P SCaG R A 11 b oGk 10 S R Bl s o A
1 W81027:45745] "B MIP-FL, CNN-FL, BiLSTM-FL, ER5, GP02, GP03, DStar, ER1’, GP19, Ochiai, CombineFL. %} T3
T U 2 S BB SE A7 7 ¥ (MLP-FL, CNN-FL, BILSTM-FL), 4% S0 T 56 Ao ' O e AT 134T 7 9280, Hikck
Wi, % T- MLP-FL, ARYE W $AT B A I EE R — NN 2, — DM 2N T2, X T CNN-FL, RH—Mi
NE, —NEA 32 WENGRE, — N EF 64 WG IE, /MR, —MEELERom— ANt 2. Xt
7" BILSTM-FL, R A — N JZ, PIANMEH Z M —NM 2 RN 2, R4 T ST s 04 b 141
TEARIRJZ S, B WS LSTM (— AN AT, —AN 1)) 204G Be—AN %LU LSTM, 28 i HE B P54 4] LSTM AT se—
ANRZ G, DERAR T R GO A B 68 7. X TR 78 /5 1% () 6k B4 52 7 772 (ERS, GP02, GP03, DStar, ER1', GP19,
Ochiai), A H T 72 4§ 1 i) SBFL 549 GZoltar (https:/gzoltar.com/) X HBEAT T 5LHL. %} CombineFL, A3
KA T SBFL B AR S 45 (117712, 1% Java B34 FH 1) T L A2 ISTice R JavaSlicer™, #146) C R e Af 0 TR
i Wett™| 56 /e BRIz 5 T AR 11 Rl B 52 407 7 VA 4 20k 6 GAN-Aug FIA A GAN-Aug. A, S5
ST T GAN-Aug 15 B it 5 (5 06 5 3 (R HOVRTERBE O™, v, BRORFE 2B T 2 508l FoRAE
T ST R EAR.
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K2 SBEXR
Program Description Versions KLOC Test Type
chart JFreeChart 26 96 2205 Real
math Apache commons math 106 85 3602 Real
lang Apache commons-lang 65 22 2245 Real
closure Closure compiler 133 90 7927 Real
mockito Framework for unit tests 38 6 1075 Real
time Joda-time 27 53 4130 Real
Python General-purpose language 8 407 355 Real
gzip Data compression 5 491 12 Real
libtiff Image processing 12 77 78 Real
space ADL interpreter 38 6.1 13 585 Real
nanoxml_vl XML parser 7 54 206 Seeded
nanoxml_v2 XML parser 7 5.7 206 Seeded
nanoxml_v3 XML parser 10 8.4 206 Seeded
nanoxml_v5 XML parser 7 8.8 206 Seeded

LR Ny — RGBS EE. WA > % learning rate {44 0.000 1-0.01, AR5 5 N FHE (03RS A %,
dropout rate [¥3HZR TEFH 4 {0.98, 0.96, 0.95, 0.94, 0.93}; batch size 4 {16, 32, 64, 128}; FeAi 1 FIKLL 2% 4 Adam;
YRR epoch FATHE IR S A B3 (O BT B 1 000-5 000, 2 SEIG (M BEIA S . CPU i 17-9700, 64 GB
YIFLNAF, GPU Jy 12 GB [ NVIDIA TITAN X Pascal, #:/E % %4 Ubuntu 16.04.3, LA 17E Matlab R2016b 14T
THEG R E TR,

() IF HEbR

SIS VR E 4 Fh)ZAE I TE SE R, B Top-NPY, mean average rank (MAR)!?, mean first rank (MFR)!' Al
relative improvement (lep)[SI’Sz]. o, Top-N F& SR TEHT A R BEAH M P HEF B A R, SRS ATERT N AN
BN 23 . MAR $8 1) 52 A8 F BB 8 47 77V 58 A B SR F 5 1) 124744 (rank). MFR F8 2 R — AN B R IR
Z AN BN, A4 R B 5B A7 5 B A B2 1 AN BRBATE R BT TR B HE A (rank). RImp $8 )& H GAN-Aug &
A7 B A FEF (R T R B I 95 A 2 (9 78 A R BRI R AT ] GAN-Aug JE A7 B NRE 7 10 I AT S B I 75 A0 25 1)
V) U .

(3) &R HT

Top-N, MAR Rl MFR: 2561 11 M€ 7 )5 vk EAEH Top-N (N=1, 5, 10), MAR Fl MFR %} GAN-Aug #£4T
TG % 3 WoR TERIR AR, 2 11 FRERBA e T A T GAN-Aug J&, ‘©AT] Top-N {E4¢7, MFR Fl MAR {E 1%
fit. XKW GAN-Aug 3T+ T 11 Bl bt e 7 7 1AM R RE.

Rimp: 4T #—LI6IE GAN-Aug FIAE M, SK R Rimp KPPl GAN-Aug. [ 7 R 8 JE/R T Bkl &t
T GAN-Aug 1] RImp %F LAH: & 7 5 GAN-Aug 75 11 Fhsk [ A7 7% B Rimp % LGAH, Bl 8 i GAN-Aug 7% 14
I SRR F B RImp X EGAA. @&l 8 FT7R, RImp IEI/NT 100%, iX K W] GAN-Aug $&7F T BT 8B 8 47 72
27 R4 6. LA MLP-FL 31, RImp [I{E A 64.35%, XK H GAN-Aug J&, MLP-FL 47 A S i A &
[T 7] S HON A GAN-Aug IS MLP-FL 58 7 31 B 6 b 75 2R A K58 A S 500 64.35%. #1113, GAN-Aug
3 MLP-FL 1744 T 35.65% (100% — 64.35% = 35.65%) MR K 25 A4, GAN-Aug (1) RImp fH I\ GPO3 [1] 49.97%
#] CombineFL [f] 95.24%, ¥ GAN-Aug 5 K544 50.03% (100% — 49.97% = 50.03%) [ o] # &8 ) %, /M1y
B 4.76% (100% — 95.24% = 4.76%) (KA Ky 2 ik A1) 5L

[ 31, ZE18] 8 /1, RImp WIE /N T 100%, XM GAN-Aug 7EFTA SZI 0 AL 3T T B [ A 2k e, LA
chart A, Rimp FI{H A 65.46%, XK GAN-Aug J&, 11 BB E 7 771058 7 chart (15T LR 75 2 A & 1)
AR B AT GAN-Aug I 11 Fh i 58 57 75 78 7 3] chart JIT A7 BB 75 B0 25 35 AU S BN 65.46%. et ik
i, GAN-Aug 24 chart 145 T 34.54% (100% — 65.46% = 34.54%) K] K &8 A1) 5. GAN-Aug ) RImp {8 M\ math
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1] 58.92% 21| libtiff [¥] 97.35%, 7 GAN-Aug fe K154 41.08% (100% — 58.92% = 41.08%) [FI A& rifi £ %y, /M5
B 2.65% (100% — 97.35% = 2.65%) ATk Arif Ay 4. Rk, M RImp M 45 R AT LUE H, GAN-Aug &4 T B 2 47

G
# 3 GAN-Aug 7F 11 Pl e 47 /732 18 Top-N, MAR R MFR % LUAH
Comparison Top-1 (%) Top-5(%) Top-10(%) MFR MAR
MLP-FL 0 2.1 3.1 213 352
MLP-FL (GAN-Aug) 2.6 53 12.2 189 325
CNN-FL 1.6 3.1 8.2 179 263
CNN-FL (GAN-Aug) 2.6 8.7 17.0 117 251
BiLSTM-FL 0 1.6 3.1 235 412
BiLSTM-FL (GAN-Aug) 1.6 4.1 9.3 210 353
ERS 0 6.2 12.4 247 421
ERS (GAN-Aug) 1.6 8.7 155, 209 376
GP02 1.6 15.5 20.6 263 545
GP02 (GAN-Aug) 2.6 18.6 24.2 219 473
GP03 3.1 11.3 12.4 217 363
GP03 (GAN-Aug) 3.1 16.4 18.3 191 297
DStar 3.1 20.1 26.3 241 357
DStar (GAN-Aug) 3.6 24.1 345 224 323
ER1’ 3.1 18.6 26.3 242 371
ER1’(GAN-Aug) 3.6 24.1 29.4 218 319
GP19 3.1 9.3 15.5 253 391
GP19 (GAN-Aug) 3.1 10.8 21.1 239 372
Ochiai 1.6 20.1 24.2 215 363
Ochiai (GAN-Aug) 3.1 24.1 273 192 281
CombineFL 4.4 28.1 45.6 67 94
CombineFL (GAN-Aug) 4.4 29.4 47.9 45 72
]00 r 97.35
| 7502 8126 T 8547 T 8327 07 8587
1(9)8 I s038 9215 9131 9346 9ogd _ ,E;g L oy 62 e
gg L = 7089 7056 s § 60 - X’
;\; 6ol 6435 § 50 F
= 50t 4997 = 40t
5 40} 30+
30+ 20+

Similar; 75 W32 Hy: F(x) F G(y) HH45 5k Worse™.

AVIIRA VSO EIRC RN S o QD <V
< SV Qs\""oag\\?’ Q}i&. &eﬁ

R
Wess 5

Bl 7 GAN-Aug 78 11 FRELRE e A 3% B
RImp % HAH

P §®@oo&® &
F& Y L LSS
00 QQ QO QO
I F P

8 GAN-Aug 7 14 41 %185 EI

RImp % LA

ZiiE LA ALK Wilcoxon-signed-rank test 745 5 kK 46 PPk 16 4E GAN-Aug 7E 48 2% b (R R k.
Wilcoxon-signed-rank test £ FA 5 F T IR — X 4edli 2 [T 22 3, B F(x) B G(), 468 — DN S5 o, AT LUME
H 2-tailed Al 1-tailed p-value SKFE]— 45, %F T 2-tailed p-value, U1 p=o, WEEZAR W Hy: F(x) F1 G(y) %A %
S MR Hy: F(x) B G() B 25 61T 1-tailed p-value B PRI OL: 23 5] J2 1-tailed (right) 1 1-tailed
(left). 5T 1-tailed (right), 21 F p=e, WHEESZAR K Hy: F(x) A1 G(y) MIEL45 50 Worse 8% Similar; 75 W52 R % H,:
F(x) Rl G(y) HHELSE Ry Better. % T 1-tailed (left) , WK p=o, WHEZH K Hy: F(x) F G(y) HHELEE 3N Better 5

RF A ARl R 4 78 A T R BRI R, S BB ] GAN-Aug 1 rank {8 F(x), A GAN-Aug )
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rank {Hh G(y). S5 [FIREH T 2-tailed F1 1-tailed, o FIME 24 0.05. #il4n, 45 & —FhEk e E A7 7320 FL1, SE50s
{fH GAN-Aug ] FL1 T R rank EAE R F(x), JEK R #H GAN-Aug () FL1 78 BT A #= A 1)
rank {HYEN G(v). #E 2-tailed KL, 24 Hy 7€ ¢ 24 0.05 (RT3 52, X R WM ] GAN-Aug ) FL1 FR A
GAN-Aug ] FL1 EAG LK & 30 RE, 59k Similar. £E 1-tailed (right) K, 24 H, 75 ¢ 24 0.05 (7K P98
%, XKW GAN-Aug 1) FL1 ANWRAEH GAN-Aug (¥ FL1 [FENALRELT, 45580 Worse. £E 1-tailed (left) 1
Wb, M H, {E ¢ K 0.05 HKSB252, 3% 2 B8 H] GAN-Aug (] FL1 LA F GAN-Aug ) FL1 [¥15E 7 2 AE 4F,
45410 Better. A SIS 1) B A5 K2 0.95.

X 4 JEOR T R 5 T ) GAN-Aug 1) Wilcoxon-signed-rank test i Eb. — /& GAN-Aug & 11 Pl B e 47 J5 2
LRt EE; o GAN-Aug 78 14 A% FERF ETEE. BL MLP-FL (MFT-Aug) vs. MLP-FL il gzip (MFT-Aug) vs.
gzip N, 7£ MLP-FL (MFT-Aug) vs. MLP-FL I, GAN-Aug 35 T 14 /> Better (14/14=100%), 0 > Similar
(0/14=0), 0 /> Worse (0/14=0); 7E gzip (MFT-Aug) vs. gzip I, GAN-Aug 373 T 7 4> Better (7/11=63.6%), 4 4>
Similar (4/11=36.4%), 0 > Worse (0/12=0). GAN-Aug JL3i7F 198 4 Better. 45 3R AL 7% GAN-Aug g Kl
THB B R RE. b T 3PP B AT, AR S % Vargha-Delaney A #3567, %1 Vargha-Delaney
A K%, Vargha 25 N P A KE (RLNAE (effect size) KT 0.64 (BT 0.36) s P4 20viql, KT 0.71 (2%
NT0.29) FORHBURRUNAR. WK 4 WTLLE L A KR RUNAE R 0.77, A s BN AR

#* 4  GAN-Aug A %1 Wilcoxon-signed-rank test X Lt

FEBIERE & 7 ik L RxT L Better Similar Worse FEGIIE e 7 ik L RIx T Better Similar Worse
MLP-FL (GAN-Aug) vs. MLP-FL 14 (100%) _ 0(0) _ 0(0) |CNN-FL (GAN-Aug) vs. CNN-FL 14 (100%) _ 0(0) _ 0(0)
BiLSTM-FL (GAN-Aug) vs.

14(100%) 0(0) 0(0) | GP19(GAN-Aug)vs.GP19 8 (57.1%) 6(42.9%) 0 (0)

BiLSTM-FL
Ochiai (GAN-Aug) vs. Ochiai  7(50%) 7 (50%) 0 (0) ER5 (GAN-Aug) vs. ERS 8 (57.1%) 6(42.9%) 0 (0)
GP02 (GAN-Aug) vs. GP02  7(50%) 7(50%) 0(0) | GP03 (GAN-Aug)vs. GPO3 9 (64.3%) 5 (35.7%) 0 (0)
DStar (GAN-Aug) vs. DStar ~ 7(50%)  7(50%) 0(0) | ERI'(GAN-Aug)vs.ER1’  6(42.9%) 8(57.1%) 0(0)
CombineFL (GAN-Aug) vs. o o

il 5(35.7%) 9(643%) 0(0)

TEN AR B b Better Similar Worse EN R BT b Better Similar Worse

gzip (GAN-Aug) vs. g7ip 7(63.6%) 4(364%) 0(0) | libtiff (GAN-Aug) vs. ibtff 5 (45.5%) 6 (54.5%) 0 (0)

lang (GAN-Aug) vs. lang 4 (36.4%) 7(63.6%) 0(0) || closure (GAN-Aug) vs. closure 5 (45.5%) 6 (54.5%) 0 (0)
Python (GAN-Aug) vs. Python 4 (36.4%) 7 (63.6%) 0 (0) space (GAN-Aug) vs. space 6 (54.5%) 5 (45.5%) 0(0)
chart (GAN-Aug) vs. chart 6 (54.5%) 5 (45.5%) 0(0) math (GAN-Aug) vs. math 10(90.9%) 1(9.1%) 0(0)
mockito (GAN-Aug) vs. mockito 9 (81.8%) 2 (18.3%) 0(0) time (GAN-Aug) vs. time 8 (72.7%) 3(27.3%) 0(0)
nanoxml_v1 (GAN-Aug) vs. nanoxml_v2 (GAN-Aug) vs.

nanoxml_vl nanoxml_v2
nanoxml_v3 (GAN-Aug) vs. nanoxml_v5 (GAN-Aug) vs.

nanoxml_v3 nanoxml_v5

A-Test 0.77

9(81.8%) 2(18.3%) 0 (0) 8(72.7%) 3(27.3%) 0 (0)

9(81.8%) 2(18.3%) 0 (0) 9 (81.8%) 2(18.3%) 0 (0)

5 BRI TT 0 L O T 2P I8 UF GAN-Aug FIA R, S5 GAN-Aug 5P RMEER AL T2 (B
KAE ] undSam KR FHRAE D reSam KoR) HEAT T LB 2 5 T3 6 2045 T GAN-Aug 55 4R AE,
GAN-Aug 5 T RAHEA IR Wilcoxon-signed-rank test XJ b, 7E58 5 FIFERAE X LEH, GAN-Aug 3E3k43 206 4~
Better. £ 6 FIE REE AT L, GAN-Aug 353545 156 > Better. % 5 FIE 6 [ A #0562k NAH 735 0.76 F1 0.65,
N GAN-Aug 5[5 FAE, GAN-Aug 5 5 RFFEAH H A = 80N A FH P S5 28R AL

I BLEXEG A A, FATT I GAN-Aug 7EAME HI S8 3R s (R B B e 7 R R A 3 B TR T #8EAS
TRUFIBCR. SEH RN, — 3 AN W A A B R 4], GAN-Aug 44 T 28500 -4 i S A B s — 2 kI
TR o P A2, 388 sy il sl H 9 ik B2 P4 4 B 38U B R K™, T GAN-Aug B0 T B LK =%
GAN-Aug PLFTH JMCMIK I 27 STRGR, 827 20 S /N T LR A R Bl dp D A A0 S SIS 2 3l 2 T 467
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@) e

HAFFIR 2024 55 35 5% S

L LSBT, AT GAN-Aug A7 LRI T IUAT SR K R (7773 100 AT R 3 W] B ATk el A et KA A5

FOLTC SR AR AR ok 3 P 48] 95 7 23 AR DB G A R0 8 T 3R i 0, AT T T 8 55 A K A S R
HIE (e N AT BEAE A3 P2 JFAE oA 7 2 A B B LZE Bl (1170 & (JH Aug-Random £7R%), ¥ GAN-Aug 5 Aug-Random
HATX . 3R 7 IR T GAN-Aug Fil Aug-Random 7 %P1 Wilcoxon-signed-rank test X Lt. 455K GAN-Aug 3£
IR1G 182 A Better, Ml T AL 7240 240 J5L A

# 5 GAN-Aug FIFERFEG LR Wilcoxon-signed-rank test X Lt

TEGR I 77 LI EE Better Similar Worse TEBRIE BN 77 LI EE Better Similar Worse
MLP-FL (GAN-Aug) vs. 14 (100%) 0(0) 0(0) CNN-FL (GAN-Aug) vs. 14 (100%) 0(0) 0(0)
MLP-FL (undSam) CNN-FL (undSam)
BiLSTM-FL (GAN-Aug) vs. o GP19 (GAN-Aug) vs. GP19 0 o
BiLSTM-FL (undSam) 14 (100%) 0(0) 0(0) (undSam) 9(64.3%) 5(35.7%) 0(0)
Ochiai (GAN-Aug) vs. Ochiai o o o ERS (GAN-Aug) vs. ERS o o
(undSam) 6(42.9%) 6(42.9%) 2 (14.2%) (undSam) 8(57.1%) 6 (42.9%) 0(0)
GP02 (GAN-Aug) vs. GP02 N N N GP03 (GAN-Aug) vs. GP03 o o
(undSam) 9(64.3%) 4(28.6%) 1(7.1%) (undSam) 10 (71.4%) 4 (28.6%) 0(0)
DStar (GAN-Aug) vs. DStar o o o ER1’(GAN-Aug) vs. ER1’ o o
(undSam) 6(42.9%)  7(50%) 1(7.1%) (undSam) 6(42.9%) 7(50%) 1(7.1%)
CombineFL (GAN-Aug) vs. o -
CombineFL (undSam) 7(30%)  7(50%) 00
TEX SREF LRI T Better Similar Worse TEXT SRR B HbS E Better Similar Worse
gzip (GAN-Aug) vs. gzip 7 (63.6%) 4 (36.4%) 0(0) libtiff (GAN-Aug) vs. libtiff 5 (45.6%) 6 (54.5%) 0(0)
lang (GAN-Aug) vs. lang X A closure (GAN-Aug) vs. o o o
(undSam) 7 (63.6%) 4(36.4%) 0(0) closure (undSam) 6(54.5%) 4(36.4%) 1(9.1%)
Python (GAN-Aug) vs. N N space (GAN-Aug) vs. space o o
Python (undSam) 9 (81.8%) 2(18.2%) 0(0) (undSam) 7 (63.6%) 4 (36.4%) 0(0)
chart (GAN-Aug) vs. chart N N math (GAN-Aug) vs. math o N o
(undSam) 9(81.8%) 2(18.2%) 0(0) (undSam) 7 (63.6%) 2 (18.2%) 2 (18.2%)
mockito (GAN-Aug) vs. N N time (GAN-Aug) vs. time o d o
mockitd findSam) 8(72.7%) 3 (27.3%) 0(0) (undSam) 7(63.6%) 3(27.3%) 1(9.1%)
nanoxml_v1 (GAN-Aug) vs. N N N nanoxml_v2 (GAN-Aug) vs. h o
nanoxml_v1 (undSam) 7(63.6%) 3(27.3%) 109.1%) nanoxml_v2 (undSam) 5 Qe ¥0) 5 (27.3%) 0 (0)
nanoxml_v3 (GAN-Aug) vs. o o nanoxml_v5 (GAN-Aug) vs. 4 o
nanoxml_v3 (undSam) 8(72.7%) 3 (27.3%) 00 nanoxml_v5 (undSam) 72T 3 (27.3%) 00)
A-Test 0.76
(5) ANk
LA — VAR R R A R Ak, BB TR U N AR AT . XA B BT, SR A R AR AIESE T R
WA B, SR, 7ERE LB B0 T, WA B T B < AN L. B an7E 22 BB s DL R, F2 07 R AR R BRI il Be R &

78 i FlS 73 e B T 1), AT i /DN T BE SR A B I 1 0 5 SR DL AR SR SR X B SR AT RO, AT R
5 2 B W s VL I L. JRATI A T USRI R 2 05 v BT0) 0 2 Al s, e 8 PSS B B 0 35, LA R R R R 0 oK
(¥ 5.

SRR AL A RN B . SRR BRI N T B E (0 T AR AR I SRR P A
S A B R I 81 R e . AR BRI D0 T, BT T ARG XA (G 2) A 7R I I i P 81 44 D g A
AN AR, WeSis A2 e 46 G R L DU 2 1 2 I P 481 14 S A6, e i A 1K) K30~ A 16 00 P 1 4k th s AT T
BRI EAL . LGRS B PR AR VE 2 AR AN IR R, BT, A5 A5 AR IE A I 1 K AR AE M R ) B o, A i
R SR SRR 9 AN 5 BU B RAE AT 2, DRI B I 0 o St D ) L AT I X Ui W AT AN e o
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G AT ISR A SO0, BRI, AR TAREE 2 () B IR B b S R A U L =R B A
SR BUM. 4 RO ) B AR A B (12 A, FRATT S5 S 3K AR 2Bk ] 1 2 e U FH 4 b i N, 5 28 1)
HEJUF 2 3 003 P 451 1) 32 A B e 2 o AU 1 R0 A7, T 3 ot 2 ol P9 R 90 o6 T 0 4 2 7 Al 2 A 28 11 B0, e A 2
I I3RS 36 75 5 1 - Y9 U 25 97484, chart 24 42 min, math 24 29 min, lang Jj 48 min, closure JJ 52 min,
mockito 4 33 min, time 24 58 min.

AICRH Top-N, MAR, MFR F1 RImp 1 A VT4l FeFx, J54#H Wilcoxon-signed-rank test SREE GAN-Aug A%}
T LU TV I e A T B IX LS VT AL i bk A i R 8 AU A AR AR, 3K T THD (A AT JE e AT DA 2 ikt
Ah, SEEFR P AT R VF 2 R AR IR, TE A SO A S 38 58 77 V2 1T e S AF TRV TE I AR, IR Le R A m] e s
FAE B SR SR g d

% 6 GAN-Aug FIE RFEA VER Wilcoxon-signed-rank test X b

Tl B 58 A7 7 7% 6 B Better Similar Worse TE BB 72 A 77 E XS B Better Similar Worse

MLP-FL (GAN-Aug) vs. CNN-FL (GAN-Aug) vs.
MLP-FL (reSam) CNN-FL (reSam)

BiLSTM-FL (GAN-Aug) vs.
BiLSTM-FL (reSam)

7(50%) 5(35.7%) 2 (14.3%) 8(57.1%) 6(42.9%)  0(0)

12 (85.7%) 2(143%) 0(0) | GP19 (GAN-Aug)vs.GP19 8 (57.1%) 6(42.9%)  0(0)

ERS (GAN-Aug) vs. ERS

Ochiai (GAN-Aug) vs. Ochiai 5 (35.7%) 7 (50%) 2 (14.3%) 4(28.6%) 9(643%) 1(7.1%)

(reSam)
GPOZ(GA(IL'QI‘;%)VS' GPO2 g 643%) s@35.7%) 0@ | PO (GA(ILQLI‘E))VS‘ GPO3 g (57.19%) 4(28.6%) 2 (14.3%)
Dsf;égﬁi;;‘f))vs' 6(42.9%) 8(57.1%)  0(0) ERl'(GA(Il'S’Z‘;f))VS' BRI 6 42.9%)  7(50%)  1(7.1%)
Combi“gi];nﬁf;f‘“g) VS 5(35.7%) 6(42.9%) 3 (21.4%)

TEX SR F LRI T Better Similar Worse EN R B IxT b Better Similar Worse
5(45.6%) 5(45.6%) 1(9.1%) libtiff (GAN-Aug) vs. libtiff

gzip (GAN-Aug) vs. gzip 4(36.4%) 7 (63.6%) 0 (0)

(reSam) (reSam)
lang (GAN-Aug) vs. lang N N o closure (GAN-Aug) vs. o o
e 4(36.4%) 5(45.6%) 2(18.2%) osure (reSam) 5(45.6%) 6(54.5%)  0(0)
L gﬁiﬁ“g) VS 4(364%) 7(63.6%) 0(0) | space (GAN-Aug)vs. space 5 (45.6%) 6(54.5%)  0(0)
chart (Gﬁi's‘:‘rf)) vs-chart s 45 6v) s @ds.6%)  1(0.1%) | B (GA(I;L'S’Z‘I‘I%)) vsmath g 63 69%) 3(273%)  1(9.1%)
mockito (GAN-Aug) vs. ¢ 2 700 32730 0(0) time (GAN-Aug) vs. time ¢ o4 S0 4 36.4%)  1(9.1%)
mockito (reSam) (reSam)

nanoxml_v1 (GAN-Aug) vs.
nanoxml_v1 (reSam)

nanoxml_v2 (GAN-Aug) vs.
nanoxml_v2 (reSam)
nanoxml_v3 (GAN-Aug) vs. nanoxml_v5 (GAN-Aug) vs.
nanoxml_v3 (reSam) nanoxml_v5 (reSam)
A-Test 0.65

5(45.6%) 4(36.4%) 2 (18.2%) 7(63.6%) 2(18.2%) 2 (18.2%)

6(54.5%) 4(364%) 1(9.1%) 7(63.6%) 4(364%)  0(0)

4 fHXIE

AR S R e B E A P TR SR AN- P WETEANRE 3 B K 5 A B R (KBTI, 582 R (0 TAF AT 2% Wong 4
N/ e SIEZS T

TG BE 2 L AT, IF T8 A 16 B B AN - ) R HEAT T WF 9. Wong 45 A M3 B B0 45 11 28 50 AP )
L2 S 5 4 5 VL 1) 2 . Tapkowize 45 A SOV LSS UE B T 2 AN T4 1) R 43 2843 7= A RN Hao % A 1Y
0 1o 6 00 PR 81 SR AT 8 B A BTk B s L 1 A . AR, Y 25 A N I 9 S AT 5B, S i 4 vl D e
W L A A IS, AT AR A0S . Gong A5 A 17V 3o S5 36 UE AR 17 50 3at P A0k P ) 60 R U0k P 491 R T e
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P 7. I AT 3 R A U 51, AR 2D Sy R s o A e R MOk 481 AR S DA 2R 3k iy A% e i A\ A g 58
10, T AR RS R I R P 4810389 580 77 70 GAN-Aug, LA SRIECT- i 4004 £ >R SSedk B e 17 3L g

TR 7 2547 B 1 (5l 7 o 7 A 3 A 7 N5 T 49 BT ) A R a6, -2 s AR A A AR il
FEB AT 0 0P A P 3 S A A, 75 Sl 1) T Bk I e PP IR 21 35100 (1 e 3 o 47 B2 A (SBFL)! O dg 7R fg 3
T P80 2 A5 JEL PR BB s A e AR, e B g 2 T S 2 OR VP A R P 92 A 5 B B 1 T i PE. Chen 25 A (12 HY
T Jaccard 77V, Jones 25 A\ MR T Tarantula. Abreu 25 A C4SVelxof B BRI T Ochiai $R. Wong 25 A 9667
R HT R SE R PLH T Wongl-3, Wong3'. 2 Jii Wong 45 N Y H T 54 (1) SBFL J7ik2 —[¥) DStar. Lee %5 A7)
P T RS AT YR B AT T SR T S A B B E A7 7725, Dean 25 OHR HY T Rl A 4k 7 VE B SBFL B, Abreu 2%
N UOTUER 36 22 e [ 48 Y FRERSS T AN SBFL )58 17 J7 5. UT4E K, B VAR 27 STHOR I K Id R Jg, S22 3 1 ok
B A F AR TP 3 S A RIS T REF IR Zhang 256 A 0 AR RUSR IR R BIVE AN, S T 36T 22 2 1840
HIL, A5 AR 208 A FAR 00 44 14 B 12 A7 2 A Sohn 25 A PR T J6FHE 2% 3 7 9019 FLUCCS. Li 25 A\ U1 A 1
2 )R 2 ol AT B 52 7 7 TR TR 1) 7 R IR B 2 A BER DeepFL. Jiang %5 A "R Zou 256 N Ui i 4
22 P B 52 A1 B AR R REAT BB 52 A IS T AT I RCR . AR SCI AR LR I 1P 3 56 5 B 0 vk () 3t b3k
AT T BRI 01 P A e, $ v T S B 58 7 ORI RE.

# 7 GAN-Aug Fl Aug-Random % ) Wilcoxon-signed-rank test % Ht

LEB B e A7 7 v b ) L Better Similar Worse LERRE AL T v B L Better Similar Worse
ﬁi};;i ((iﬁgi{:ﬁlﬁ)' 8(57.1%) 6(42.9%)  0(0) %NN]I\\II};E gﬁggﬁ;ﬁ 9(64.3%) 5(35.7%)  0(0)
BiLSTM-FL (GAN-Aug) vs. o N GP19 (GAN-Aug) vs. GP19 o o
BiL STM-FL (Aug-Random) 0 714%) 4@8.6%)  0(0) (Ang-Rangom) 8(57.1%) 6(42.9%)  0(0)
Ochiai ﬁﬁgi{:ﬁﬁfﬁ Ochiai 5 5006 7(50%)  0(0) ERS gﬁgiﬁﬁﬁlﬁ; ERS g (57.1%) 6@29%)  0(0)
@mggﬁﬁg@wommmsawm 0(0) @mggﬁﬁ$®m 7(50%)  7(50%)  0(0)
DStar (GAN-Aug) vs. DStar N o ER1’'(GAN-Aug) vs. ER1’ o 4
(Aug- R 8(57.1%) 6(42.9%)  0(0) (Ang-Rangom) 9(64.3%) 5(35.7%)  0(0)
CombineFL(GAN-Aug) vs. o o
CombineFL(Aug-Random) 8(57.1%) 6 (42.9%) 00
TEXT SRR P LT L Better Similar Worse X G FR P L xt L Better Similar Worse
ymﬁﬁﬁﬁgym 6(54.5%) 5(454%)  0(0) hmﬂﬁgﬁime?uMM)uuwg 0 (0)
mmgiﬁanMW 7(63.6%) 4(364%)  0(0) $22g$$$i$ 6(54.5%) 5(454%)  0(0)
lgyyt:}l;’; ((iﬁgig‘;ilrf)' 6(54.5%) 5(454%)  0(0) | P ((iﬁg@?lﬁznf)' SPACC 7 (63.6%) 4(364%)  0(0)
Cm%%gﬁﬁgsmm 5(45.4%) 6(545%)  0(0) ‘mmgQKXixmm‘7wm%)4@m%) 0(0)
mockito (GAN-Aug) vs. o o time (GAN-Aug) vs. time o o
mockito (AugRandom, 0 G43%) S@54%)  0(0) P - Ronom) 6(54.5%) 5(454%)  0(0)
nanoxml_vl (GAN-Aug) vs. N o nanoxml_v2 (GAN-Aug) vs. o o
nanoxml_v1 (Aug-Random) 6(54:5%) 5 (45.4%) 00 nanoxml_v2 (Aug-Random) 8(72.7%) 3 (27.3%) 0©)
nanoxml_v3 (GAN-Aug) vs. o 5 nanoxml_v5 (GAN-Aug) vs. o o
nanoxml_v3 (Aug-Random) 8 (72.7%) 3 (27.3%) 00 nanoxml_v5 (Aug-Random) 7(63.6%) 4(36.4%) 00

A-Test

0.63

AT H R T 02l 94 206 () R g 5 o7 R RSl M 38 90 7 ¥ GAN-A g, 1275 V5 R0 A 119 46 15 AR
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