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Abstract: With the rapid expansion of scale and complexity, defects inevitably exist within software systems. In recent years, defect
prediction techniques based on deep learning have become a prominent research topic in the field of software engineering. These
techniques can identify potential defects without executing the code, garnering significant attention from both industry and academia.
Nevertheless, existing approaches mostly concentrate on determining the presence of defects at the method-level code, lacking the ability
to precisely classify specific defect categories. Consequently, this undermines the efficiency of developers in locating and rectifying
defects. Furthermore, in practical software development, new projects often lack sufficient defect data to train high-accuracy deep
learning models. Models trained on historical data from existing projects frequently struggle to achieve satisfactory generalization
performance on new projects. Hence, this study initially reformulates the traditional binary defect prediction task into a multi-label
classification problem, employing defect categories described in the common weakness enumeration (CWE) as fine-grained predictive
labels. To enhance the model performance in cross-project scenarios, this study proposes a multi-source domain adaptation framework that
integrates adversarial training and attention mechanisms. Specifically, the proposed framework employs adversarial training to mitigate
domain (i.e., software projects) discrepancies, and further utilizes domain-invariant features to capture feature correlations between each
source domain and the target domain. Simultaneously, the proposed framework employs a weighted maximum mean discrepancy as an
attention mechanism to minimize the representation distance between source and target domain features, facilitating model in learning
more domain-independent features. The experiments on the dataset consisting of 8 real-world open-source projects constructed in this
study show that the proposed approach achieves significant performance improvements compared with state-of-the-art baselines.

Key words: defect category prediction; multi-source domain adaptation; adversarial training; attention mechanism

I S5 A AR A 2 i P 2 R I, B SR BB 1 B BT L R G0 S RS LI o B R R X
P T BE I RS B I Ak, EEAfE KA A A, Rk, W R BT R B R BB B RS H R A B A
F Bl s R — A IR T AR R B T AL P i s T U LR IR R R R A T B —, FE T LA 2 ) R
SRR BOR, RE 75 SO I I (8] Py R I BE 22 RSk A B, 9800 I e N DL 43 B I R RO AT 72N
DRI FH 0 TR B 1 J7 92 AR A QR w2 B P SR o R R G [ 5 25 B SRR A, e e v R e A B ok )11
PLER 22 IR, AT B AR AR P RS b SRR A . Bl IR I BRI &, W FC N T IR R F 44 48 W 4%
ME R AT &5 84 b B SN2 38R 2 BIAEE TR SCRAE, M 3 — 25 52 i e B TR0 AR 2 174 4 e

SRTT, O 7V I8 ICTE 45 58 1 2R BB ST AR AR Hh = 75 A A S5 5 (B HE B oLl 1) /AR R — A — 43 2R AE
25, AETGE 43 A7 B VR A 0 B SR AA (S B (2 500).  eh B B S AT A — AN R R A R IR B B Ak B 5
LIRS E MR, T RIS AR BB B TR S PR AR R R R R R — AN R AR S, TR, T A
PR IER B B AT DU FE R R A s B AR IE SR A 25 M5 2, AT 3E mr o RN S AT 8B s A S B 52 TARE R
RRBL N T LESERREAEIF R R s 4R 8 S BRI I RS, AR SCH AR G5 0 4 SR TRIAT 45 %3 A THT
[ S5 B 2 0 1) 22 AR 25 2 28 1) |, {8 CWE (common weakness enumeration) W Sy 4L B (16 45 51 5 ) b 2%
CWE 3R A a8 Tz TF B 22 45 W 1 3 FURE AR B 28 00, B 38 0 IR A X e PR A Sk 4 47 9 1 1R
FIF IR AR R TS B T 78 0 I HR AN X 2. 8 3 S I 2 1 3K AR B 1 S T AR E () CWE Sk
F, FERN AT LUK AR A Z BIE CWE M EAS ARSI SR IR 15 B (B ies i)™ EAR ). REE % E
BN 1 5 B TT A N B3 S BRI 1) SR SR8 S B . Zou 45 A U7VZE Y AR S0 A3 308 4T A KL 5 VR R 28 B 23 2K
B, 277 38 I ) AR B 2 ) BRI ARRE TG S, M Rt 4T 2 28R TR R . SR, 1% 073458 FH Rl
SRR K 2 AT H AR M 0k N T4 I, v Re S B St R BRI EE o A T E e, HIBERIR R ST
1 5 e B 11 5 2 1),

FE SR BRI AR TF R SE b, TR RN SRR A 75 R (R T B AT R B 2800 UM X BT 58 R 2 L IR R
FEFRVE SRS, M DL G BB 0 7 R It v RCTIO 5 B S 1 2 A B [RTh, WIRSE N SRER T S T H
BB M (cross-project defect prediction, CPDP) !0 BT: Fi] F Hofth A5 AR 25 151 B (Y5550 B ) 7 5 BB Hods Sl 11 24
MR, A TCAR I B (AR ) kAT 1o, SR, BT AR ER4Die . fwfEiE s AR ANR T
TAFAE 22 57, DR R 2 1) s 4R < I AR A A2 PE S o0 A B ZE e, ATAT 250 CPDP BB (1 S PR P e I A 3
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MO gesh, B g R U A B — Y BB B T R T A — AN D SR R ) s R A I A
B LA ) AU AN IR, SRR %) Hids T Ak 3 77 U AT e 2 ISR A i U A B2 A RE D E IR L PR, Al ROE
R UR I E 50 R SR B v % T00 E SR 28 0l T ASE B (1 M R, R — AN PR 1 Y ) R

BEE B OAR R R, A SCHR H — A RS R BT IR AN B P Y 22 U IE0E B HESE COPILOT (defect category
prediction based on multi-source domain adaptation) VIl 2 & fé 28 51 TR AL, bl Tk B AS [5] B2 Ak (1 5 R
BAPIH B A& FRZFEME, AR SCRA R ST AN B . 8 T8 8U0R o 2 ARG E ) — AN H
Frig (B bR H ) IE R &R R, AR S5 N T % YK 3% B (multi-source domain adaptation, MDA)!' () FE 48
MDA ZIE 8% 2GR — AN EE S, SR TR EARE S AL i 1 ok, B
120 BUAER 2% SIS YR IR H bR (B 3, BOE R EA1 2 MM REZ 70 A6, M/ 75 2 IR Sds 4 B4k
P RS RRLE B bRl B 8R4 B A RIFHZ btk g, 2T MDA A, ASCHrie H rHESE COPILOT & f7Eid it
s/ ERIE A E bR E S A 2 TR RO 2 Am 2 S, SRan s BRI E B 2R IE T s SRR, A
T 2% A% H AR SR 4R FPobm e B8R S 2 10 ) R 3 B Be % SEIUAS MR AR T H 2 8] S0 iR ¥ s RO B, DUERFHE T H
By BB SE A TR B ) 43 2 RE. AR OR U, COPILOT 1 4l il X Huill 4k it U7 =B BRUE S AN B bk 1 4
G BRFE, I A A VR IEAD H br g (8] (3 AH oG Pk, DA OR B AN R38R0 E A 3 2 18] (10 5088 o0 A — B 42
%, COPILOT % £ 55 K ¥4 18 2 5 (weighted maximum mean discrepancy, WMMD)!ME v & S B, Sk
— 25 Hb B AN AN RIS B R IBRFAE 2 18] 3R/~ BE S, WMMD FIH X BT il 25 o 3845 1 38l A D6 P Sk A TR
VRIEAT AL AL 3, 308 Jh AL R Sk s v RO AT (1) S 40 2L R, AT A A R]JE 3 b ) el 7 R BB 4 33
e ) B Arig .

Kl 1 MDA Ji B EI(BA AN TR )

AT 1 XA TAEAT AR, 28 2 90 A SR H IR SR [ 28 T30 75 ¥ COPILOT #EAT 4N 40, 26 3
FONASCR I B2 38 W B TR, HEEH 3 AMECITE A A . 5 4 WER N 3 AT A, X SRR R S 4
FrEAT A48, 285 747 [B1JBUAS SC ) P 25 95 AR SR T e (R TE 9 7 ) dh AT FE 22
1 HXIE

AT NG A P S5 5 24 S I 7 2 R R DAL P 22 R 3 N B AR AT B B 43 A
1.1 ERPEZERI TN

A BRI R T e — AN E T H B P TS, EEAAENN, AN BB SRS E SN T AR
S R A BT A AR P 5 B, IS RS A S R S I R A S L A B T A g e R
FAMLAS 2% 2T BUR BE 2 ) BRI S8 T0 B G v B B2 30 500 AR A0 7 LR BRI TR ¢ 2R, DA T A il 5 i
WIAFTE, AETCERE B 0 A BRIk B 28 500 . L5 4% 40 10 fl B T 5 vk R B, TR 1) 00 52 A 2285 1 0 o 248 531 TR0 A
25 BRI SR R FE RN, B e i 4R L S R B A S I AR BRI S T RN R B AT AR 4R AR
M. Zou S5 NUME M T 3 TR BE 25 21 0 22 200 R TR I 7 A uVul DeePecker. 1% 75 i A% 0 S AR ARRY Sy
FERIRE R, AT LA BT 3R 0 A2 IR TR S B 045 2. 030 N U2 et ot 195 50 S A 4542 10 7 — Rl R A
Xt it S AR RIIE RS /715 AC-GAN (abstract continuous generative adversarial network). 1% /7238 i fd FH 25 Bl
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ST 0 R 48 SR 0048 H ARTIE 4 AE A 40 A, A F R TR I E KR B 40 A, AT SR T S T S e TI0I A P RE
5 ERJ5 ik e, A SCE T 5] N 86E B R BAERSKRE R AR FYEIE o EARIC R SR SR, JF HREE i
AINMEAERINE 5 B FRIE 2 [0 B BE 56 2 5, DA IR 6O i L

1.2 ZiEEEN

$aRdE SR T RS 2 STATUI ) — AN FR SRR AR, % AR S A B YRR A I A 3 5 2 I DA R R
AIE 7 () — B, ARHCH o A0 A — B, 38 ) A R VR S Ok 2 30 B bR O AR AR B0 S T E R
I ) R, B AL — R oA B B RIE 5 1. 1% 1K AT I L SIS R I o AR AR
TS HAREE SR A DG R, Nk b = R T YR AR 4 SR S e B 2 1) S 40 S R, T
F oK BB bR IS G 0 2 A R M IS O B YR AR AR R B S RIS 2R R BN R HOARSEERT, HOUR IEE B
WIJTER G = MA . 8 TER 2N RS 5T T A R M UE R, A5 2 REE M A
KNS [FR S B AR IR A )RR R B, A T G iR B R IE0OE B R A 2 R I0E B T AT R 2 BUR AR g
B 159 B8, Zhao 25 ANUMR B 7 —Fil 22 Y 0T 470 X 48 45 B MDAN (multi-source domain adversarial network), i#id
X7 VI 5 R Ak 3 B PR IZ AR 20 BR, T 72 26 B L5008 28R AT 5558 B (B 8. Peng 25 NP R bRy T
124 M1kt K H T % U5 380E B AT 45 B PE 48 DomainNet, 32 H T 3 19 3 T8 UT L 1) 22 YR 3808 N
M3SDA (moment matching for multi-source domain adaptation), & 7&ilid Zh &% FFHRE A A 5, BAZ A
T V(1 95 35 27 B 1 S0 AR A2 B R KR TE (0 B AR IR, Zuo S NPURR BT R 3L TR R 0 2 W 0E BT v
ABMSDA (attention-based multi-source domain adaptation), 1833 25 & A & PE K il S iy R s2m. N T 3K
VRIS R B BR8] 38 DG 1, ABMSDA B S I 2R3 1R 5l 5 B Sk v 550 A 3 00HE 8 A4S I T4 A VR 3 ) Ak
OMRPEEA M, 1Z 7k 2B T IR BE B (weighted moment distance, WMD), LA 22 Hb 5 v AH AL 14
B iR 5 LR VEAR L, AR SCHE H — R R B SRR B IS 2 IR EOE RAESE COPILOT. %4
VA B eI X BRI 7 302 S0 AN R ICRT H BRI T8) RS S P, AR 5 8 P 2 1 3R DG 1 1 A R K 3 (B
72 AR A B LA R A [ R sl B S RA A R AGE BB L & TE 3 B ARt TR B MG A [FR S B AR
392 R N 23 A 22 7 1 E .

2 ETZIREENAERFEERFUN 75 % COPILOT

N T AT SRIGSTI, ASCHR 1 — i 23 (¥ 2 J80E MAEZE. COPILOT. Wil 2 oy 78+ 2
figé, PR LA AN RSN — A H AR I8OA Bl BEAT R 2.
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AR, 2) MBECRBMEZE R o, FIHRHE g G 38 0 A R IRAD B bridh (R AR T RHE IR B A5, 3%
A EVE S B PRI RIE R R vt B KIEZE = )5, eI ZRA5 30 A 30 S0 M B JE B T RHAE 2%
TNREATHE— IRl 3) BREEA TN TI: F 2t 22 YRS R A BR B AR 2 s U SR 23 S s DL TR SR 2 ).

AT E ekt COPILOT HEZE o (¥ 4 AR B8 A4 AT 8T ZE A0 48, R X 5k B3 S 500 T i) R 45 HH A SR 49F 5 L.
2.1 ABHREERFTSEN

W 2 fis, A SOl ST R UBSE AR RS HEAT TR 2R 038 5 B8 CodeTSHME Ny COPILOT HEZE H (1 4 iy
PO A (IR D 2% SR ST #%). CodeT5 23T Transformer ZEAIP3NEG L 13z T U5 AR AT FH A4R2 401058, £ 2w FE
PR MR A AR, AT DUAR 7 dth S VR A G K 5% 0 HE B 5 A AT 4524 oAb, HE SR A s ) 4 DA % oy KA
BN R % EE NS RE, R Softmax BREUK S T H AR /3 FARZE ML, &l 0] Bl fe 2 51
TRAT 2%, A SCHRAE B A R ITE A i i e B0 B AR 2 R BRI AR, 75 2 RE0E R 5 T,
[F VR R 7R A B AR c SR FAAE A 78 2 VR T E HOE 4, B AR I3 R 7= SRR I AR bR 25 75 S P0IN B AR 0T H £
W&, W 2 R, 452 WA EE( DY f1 DY UA K HFrik DY, D% 1 D' HATHIF AR AR A bR 2, (HFEAR
FMRE MBS E AR, & DY = (X7, vy, M, ng, TR @ NI CAR LR IEAEA I HOR,
X3RRI 5 AN BRBEREA, Y SRR BB E 2 AIAR 4. 4 DT = (X)), Herh, n ROR H AR
ORI BR AR AR RO, X R BARIRR S AN BRIEREA. BRAh, {(DL)V FRoR B A S SR AR AR
bRAE, e, ny =" ng +np. UL, COPILOT MEALHYHARAL: LT ARiC il H ShIEHHE 5 D 1E Il 4R 5k,
I BN 225 3T B A SR VI S5 R R FE I 40 FEBERL, R A T R AR H AR H R SE DT AR REAR
BRIGIAFRZE. LR /N5 4H A 2R AE B2 o i &AM
2.2 XTI R

I LA AL B I g A A T%E&%E(gradient reversal layer, GRL)[26] DL RIS ) 88 A S BT
BT H B f N\ T 2, LB EOCAS [ R H BRI RFAE 2 17 8. GRL J2 A7 T 38 2 R 25 1SR 46 1) 2
2 18], A S e A R v SEIURR FE IR, AR A3 1% 2 BTG I 25 25 AR B, PASEIURMTIZRR B 9. 35
S ) s LA I B T S R KRR AE 2 ) AR RO, JE TR SRR B AR Rt — P R SO AR R AL, I B 4
AR FRIVE S B ARk 18] (R 380RE OGP B 0 [, DA B A R SORT B AR g o 18] (0 2500 20 AR AR B 2 50(1)
Wi, WA R AME IR R B AR L. K5 S FEIEA B AR [ IR R R, B, n R840
IZREC IR IR B FE AR R, Eg(X) R 5 j N R IERE AR X 20 S i 3% By 515 B RFIER 7R, DL, 3750 Bk
FEARHIIRARRE, D RN, SHASBEE IR KR IIZET N 0 2463 1. B8 D 1) H AR R
RGBS &S Eq 25 R RR IR 2 7 SR F T S B A A P SRS AR 3, TSR B % Eq 0 b I A2 B R AIE 3R 7R T VR
BRI Es D X 7. il GRL RREAT B B S e DABEAT X ST 25 0F 18 BIMSIUR, K TRV 1056 0 4% D T G i 1 A
(R3S 2 A i 7, [R) IS 4 1 6F B2 VR 9 5 (0 AR 2R 0 [ pe R™D, Horpr, M FRIRIRECR, | IR HARIR.
ARQ)FR, B ik ECS U SR RT M IR A MRS pee R™Y, JEFIF Softmax HA%CTH 5 HE IR 5
FIPR IR IR 5% 2 8w, JEH, w, RORER MRS S H ARSI S k. 1% R B /R 9 B 52 i) S A B o R
SR 2R

L, =ﬁ%zn:DLj In D(Ey(X ,)) (1)

{(w)}L, = Softmax(p,) (2
2.3 MEKRBEERER

TE VSRS K ME 25 T B, 1A o 2 {8 P -5 30 m ) 385 B 4 TR) P40 R A1 4 D 45 5K 32 AN [ Y5 4k A
PRI IR IER R . N T i — DR R A RIS B AR ) BB 5 A 22 5, Al 6 G B I
O 1) 8 45 A7 4G (35 00 A 2 5 P B WMIMD! ) 55 4% 45 1 B K 81 %5 5 MMID (maximum mean discrepancy)/%
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A, WMMD 5 ik B ARIA77E 200 00 A 22 5 (5 BLEEAT INBUAR 3. AR UL, 455 M AR (D%,
D*%,..,D%} FIEARE DY, W i NI DS 5 B AR, D' (#f5 K M8 72 57 & MMD A] i1 A (3) i 5.
L3 oL 30
T, j=1 iy k=1
b, ng Al on, 53 IR UEIR DY 55 F AR DY S BEREA B0, H 37 FH A B0 0 ()9 BB o A S )
A e AT ERE. NARG)T I AL, 8 MMD IFARFEREREARNIRSE R, B MMD T8 H 2
VRIS E A IR B A 18] 1) IA Zor Ai 22 5, BT NS SRR ISR B AR IR S AR A A TESEBR AR TUE A
I )R 10 B A0 E BRI E 2 8] R R S bR 2S00l AR K ZE . T MMD B 5 IR & B A R4 B A A )
PR, TEVEA SR AN R A7 TR R B ZE 13 5. BRIk, A S8 A ok it WMIMD % £ 5K 2% A [ 33
TE[R] — SR FE A FR 25 F P REAAERCE AN A . anss 2.2 15Tk, e b 4 A SR DG PR B EE A6 FE AR N
WMMD nAUsEns. A @)Fir, 15 WMMD B, @l FH IERIE5S B bR rAE ¢ M & B0 st 47
B, AFARAE VN Gy 248 I AT DL S 47 s 32 & /AN UR IR S B AR B0 70 A, B ARS8 382 330 1E] 38 0 A EE 22
Bty SR R A7 THD 5200, AT B 2438 B de /MG G 2k B FR iR 2 Ly B9 H .

Ly, =WMMD(D®,D") = f:m(MMD(DS' ,DM)) (4)

i=1

MMD(D%,D") = 3)

H

SR, WMMD A5 I8 3o 1 FE S0 5 1 R LAJRR/IN -5 e AR Gk i 32 1) 19 a2 A 2 5, AT K
1 AH G A P PR 3BORA AT A A BE it P 2 H AR
2.4 ERBEIEH T HE R

s 2 o, TR ISR AR T SR R0 BT 95 th, COPILOT HE SR AE 1245 B rh 3 T ) 0 2K 2
NBRRAERER, R0 KA K N E] Softmax bR 45 BIRE AN TN SR IE ST B ML, e 28 1L %
MR fi e R A B R B TN 45 3R . COPILOT AEZ b A I R & 6 L (55 2.2 9) A WL (3 2.3
) 2 PRI AR SRR AN RIS AR B A, ERENEIR LSRR IR T KRG R R &
RKEEE. WAKRG)IR, 73 I8 F MU ZRIR bR Lo R M-S B AR AR 2 52 5O AR A 20
(K190 SR 22 T 51 S ST A8 1) L

LC _ _ii%yj&'ﬁ ln C(Ef(X;g, )) (5)

i=1 j=1
b, MOFRIIRIECR, g FORG | NIRRT SR IE A BB, E (X)) RRH ¢ NIRRT AR
2 FHER Y E R RIRRHERIR, Y R B BRBE A bR2E, C R r K48

£ L, COPILOT HEZE M #& A4 2k R B n] (A K (6) tH 5. TP AP B SOl S8 ook, i i Mext
PURR Lo RIBEIRX BUEE D BIHERGEJ1; R, W RIRZE Lo BAT IR AR 4%, JFEXTRRAESN I &% £, A g i
W E S HBOAT T . I B, SO AR DR E R A v, R R AR R,

LOSS = rFr'n? Ly + arrgn Ly + rFrslg Lc 6)
3 XWRE

3.1 SLEHIES

A SR ) SR O B 0 B R B AR 1L X SR AR 2 ok B 3R T I S b v S R R T A B R Y
STONESOUP if&l, Zil&i 5 1 K A 9 5 Sh A HOAR A e & 77 84S 2 et AT B, JF HBeg ik 4R Lk
N 570 BB AR R IR Ak AP 0 1) B N 7 AR BT ELAA SR B, AR SCTE B 4 (0 ik 4% A8 DL R At

o UATYE: PrABIH M Java il 5495, Java &R 2 A BT 0 R 4REIE F, fE TIOBE %i f215 &

HEAT 5 b K AL T 4002 A2 P8, e 4, 3% 8 ANTRH A GitHub 35 E3R43 ) Star 2048 100 (WL 1
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253 41), WA B IX B TR H 7E IR AR X B S R

ZAEME: R 1A 2 FIATR, X EETH H K T AR FE SR U R TR R k5 5,
FF & A ST AT A H IR TH] 17 22 503808 LR AR AT 5580

BB FEA SR 702 IX LI H RS 4T H(lines of code, LoC)M 74k F| 542k ANZ5, A8 208 1 BLRaFE
AR TERUIZ. R 1HE S PIRRTEANTE A M EEE, B 153 2 437, &T0H 6t
FE R A R A LR 44 Fh CWE SRR IR 2). R 1 5a 4 B 3% ik B 350 30 0 R 52 J8 s 17 7™
HHEAAAE CWE Top25 BISRFEZE, BATRIERFE K15 5K Ik CWE-89 (I ¥1154r 22.11).
CWE-190 (5#i 187 6.53). CWE-400 (501573 3.56)LA )z CWE-78 (SHif57) 17.53). ZHEA Bt %
CWE MR AMRIE AR 5 CVSS (common vulnerability scoring system) T i & 144 Ja i F1 H 7 F
g7 B 4 A A — AT T S HE R

R BEAREAARZE TSR A5 AR A B B on) B 9 #82 F IR 0 3RS R — B SRR 0T Java BRI,
BEA S A#E | STONESOUP X i & 1) CWE i [ 28 51 45 AR S B4 46 1 AR 28 DGR IE 7T 58 14

R LR ENRAGER

e N CESIV S S

A PSR Gitub Star 5 LoC  BREUR. —wmoo——FWr 150 cwr400  CWETS
Apache JMeter 1 E MK T A 7.3k 123k 153 12 (7.84%)  6(3.92%) 6(3.92%) 3 (1.96%)
Apache Jena  if5 SC 4 B HE 4R 985 413k 426 39 (9.15%)  15(3.52%) 14 (3.29%) 4 (0.94%)
Apache Lenya WP T A 170 433k 390 42 (10.77%) 12 (3.08%) 11 (2.82%) 5 (1.28%)
Apache Lucene R A 1.9k 450k 422 38 (9.00%) 14 (3.32%) 12 (2.84%) 2 (0.47%)
Apache POI SO R 1.7k 337k 437 40 (9.15%) 16 (3.66%) 13 (2.97%) 4 (0.92%)
CoffeeMUD Tk 5 4 167 542k 428 41(9.58%) 19 (4.44%) 12(2.80%) 2 (0.47%)
Elasticsearch /3 Aii :0i¥ & 5] % 65k 367k 430 39 (9.07%) 20 (4.65%) 13 (3.02%) 5 (1.16%)
JTree R4S SDK 373 74k 153 12(7.84%)  6(3.92%)  6(3.92%) 3 (1.96%)

%2 CWE BFE850 02

i CWE BB 2R 51
i N 60 U R0 A0 5 B 4 i) CWE-36, CWE-390, CWE-391, CWE-459, CWE-789
TR ARG N 7] 8 CWE-78, CWE-363, CWE-543, CWE-839
B 173 36 10F A AL 1) S CWE-41, CWE-89, CWE-209, CWE-252, CWE-400, CWE-584, CWE-834, CWE-835
2 A e BRI B ] A CWE-23, CWE-190, CWE-412, CWE-832
K CWE-191, CWE-195, CWE-196, CWE-197, CWE-367, CWE-674, CWE-764, CWE-765,

CWE-820, CWE-821, CWE-833

CWE-88, CWE-774, CWE-194, CWE-253, CWE-369, CWE-414, CWE-460, CWE-564,

Miscellaneous CWE-567, CWE-606, CWE-609, CWE-663

3.2 SEIeXfEE A

N T VEAl COPILOT HESEAE Sk B 28 0l BT 55 PR RE, ASCRE PR Hh B 77355 LR 545 A SOR R g 5%
277 AT B

uVulDeePecker!": — it T B 5 >3 1 22 288 SR IR U0 5 2%, 3 3o A0 FH AR ) D T ) 2 7 7 V4 42
Ko 52 SRR 2 5 2, ANTTREAT T H A B IR T A UAE 55

AC-GAN): — il F e 47 27 >3 S AR () B JRTIE I7 7 v, 3 il A A e x99 4 SR it/ H A 50
SYRIH 2 8] BRFAE T AR 22 57, AT SEBLES T H B s e T

MDANL 87 F 1 SR 5 400G () 22 Y5 sl 0t 0 28 19 230 Y, 1 0 B AR AL 42 T R I
AT, AT A H AR 55 A R BN 2K

M3SDAP): — it 5 DU IE ) 2 Y5008 B 7 v, %00 AR S8 I 3 0] — MRS ORI, AR
[ SRR 2 ) e o ke o, HLIE R —A> 2 IS 38 1 A HE SR A AT A IRIT B

ABMSDAPY: — ik T A7 LI A 22 V508 B 12, AR AR DS SR Y WMD BLSE 22 4 5 AR 40
P R AR, o 2 A Y K HE AT R ISR B R R iz AL RE )
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3.3 AR
VAL FE T 22 YR AB0E B 0 B R 2 5 T 77 v COPILOT MO8 Rk, ASCESE T LAR 3 AN 4L i @i (research
question, RQ).
o  RQI(AMATEE): COPILOT 7E i [ 28 il TR AE 55 rh 58 75 b B 45 U7 v 3R A5 T8 L (R A5 B 14 e 2
o RQ2(VAMLZZL): COPILOT HEZE o [y 4 AN RS il B 4 50l T 2% 2 5 5 342
o RQ3(A[FEF W E T 14 HT5256): COPILOT 7EAbFRAS [ S Y iy ff o ™ 82 S Y f s B LA B AS [R) B4
B EREET, RETS PR EE 7 VA SRS T A B M e 2
3.4 IR IEFR
BTN ) S 36 3 5 B (0 22 5, A B RV PR AR R A AR () 4 2R A5 R L B PO AR SCE R AR
FRBIE 9 1) R R FH S [) P 55 S A A P Al R B 288 J31) ToU 4SS B %) T 1k . s PR, 20 AT S I S 4 SR AT LA
HVREH RN, BEoR TR T &5 AN ThR AR 28 2 (B 22 7. 0T B 288 500 000 3% 5 SR 8, RV HE
Rl o 8 S 451 Tl o3 R 4 2K
1)  FCPHM: 526 (true positive, TP): 4 3T ST B 28 51 1E 5 00 A B SE G RG89,
2)  RBHMESE A (false positive, FP): H% JAth Bl 5 218 71 £ 5% T Sy B0 SE R A 201
3)  EBIMESER(true negative, TN): 44 At 5 B 25 Sl TE ff 35000 Sy JHG Atk e g 288 531
4) RIS (false negative, FN): 44 B ST R S FIAS 15 T Sy L Ath ik [ 28 51).
RQ1 I RQ2 ) SEB& 377 st ST XA (1) B A4 1t REEAT 73 AT, B GRvHBEAYAE BT A7 44 S BRBE S 01 (1 0000 45 2R
Uh, AP T UAT 3 ANEC A BREEAR S AP P el 2 SR 45 A B R ROV A SE R 4 R
o HERi K (accuracy, Acc): HERHR AL /IS I B AN SR AR, 2N ITE REA G R
W e R 70 FEIE M R A o SRR AR B Le ), Hat o E i A () s,
TP+TN
" TP+ FP+IN +FN
HERRZEE AT 0-1 28], {EBk R, RN H) T 1 R i
o LfEHTHH I R H(Matthews correlation coefficient, MCC): MCC ¥&¥x [7) i % F& VR V& %6 B v TG SE 41 25 51
WE, B, MCC H WAL NS RAES P RBIRE R &G BN R —. AR,
MCCIRIFINF-1-1 Z (A ME. REIIE R 1, o= T A 52 2 18] 1) — B bl vy, BIAR 2 4 Ak
If.

(N

Acc

B TPXTN — FPXFN

- \/(TP+FP)><(TP+FN)><(TN+FP)><(TN+FN)

o Kappa Z#(Kappa): 2% FZEOE— AT 7> KKK —BUER IR, BB, WARBIRY ST
(1) 53 FEHER 88 5. Kappa R E0T B A () A(10)TH 15, FAH 1B YE H Z[0,1].

Acc—-Q

Mcc (®)

Kappa = -0 )
QJW+WWGMFMMW+WVUNHW) (10)
B (TP + FP+TN + FN)

Horlr, dcc Ay R 2 MM ER — 51, Q2 ZRes 2 MM BEHL— ik, o] LLUEI T3 4 R 8 1 SR 4
TR HE R R T 45 Kappa R EME KT 0.6, TIIA A 00 AN A 5% 2 T6) ELAT v 1) — Bk
RQ3 525637 5 W 75 B 40 T AR B 56 AN [R1 SR AL b 1) 40 2R 6 TR, DRI, A SO 3E F 1 i 81— 2 1A
K bR F1AH, B2 H e (precision, P)FIH [l (recall, R) I ANKLHAF 15, A BLIE3E0) CWE, 78 I8 1 K% i i)
LB PESE B AR BH PR S BB S DL R AR B S2 81 43 3R TP FP~ TN, B FN,, WU CWE, (1 F1 B ] @i
ARA3)HE.
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J— (11
TP + FP

=10 (12)
TP + FN,

FL:ZXP"XR" (13)
P+R

URAh, BEXEER 1A B 4 AN A, AR SCE S5 A 3.0 T PR B KU1 P FLOAE A
FabR AT AL 2, a0 A X (14)-(16) FT7R.
score(CWE,) y

w_P=— P (14)
2score(CWE,.)
=l
w R= 4score(CWE,.) xR, (15)
> score(CWE,)
j=1
w_F1 :Mxpli (16)
Zscore(C WE,)

Jj=1
Hor, w_ (¥ RN IIBUG Pl FR bR, score 2RIk B XU 1553
3.5 LWt

EEXTEETH 555 R I BBAE N TONAT 55, A SCHF AN 8 AT H ik B — A5 H AE 8 B AR T H (B AR,
SRS R R TUE AR RETE (R, Bk SIH 8 Ml gemiH (8)A &, X THANEHE, FHEPr 7 4
I AE RIS, FT COPILOT HESE Hr AR B4 (1) S 4 o) I A%, SR 5 I 400 22 Y5383 7 43 A 34 43 1 3 g s
ERBE B IIZRIY Softmax 43 282X H Ar sk Hh Bl B FE 7S 1) 8 500 38 47 T30

A SR FIAE #8 3C P IR AR ) FE 2B AC-GAN. MDAN. M3SDA VL& ABMSDA #HT L. &%}
uVulDeePecker X MFE 4L J7 ik, A SO O A W S ik (AR [7] fr) 0 48 45 ¥4 LA B 2 $0oR S BIAR SR AR 7. AR ST
T2 H ) COPILOT HEZEAIF CodeTSPAWE A BERAR AL LM, FH T4 A 4 1iE 52 B (B S5k 25 B 745 FIVRF IE 2 A5 2% ),
CodeT5 &1 6 21 Transformer £ % #%- AR50 25 40Ky I . b ah, 34 2% ot oK/ Jg 8 (BT i) iy 4
HERZ, S RENYH KN N 44 (BIERFE SR BRI &% 2. /£ COPILOT HEZE AR, EAN B AR T H (¥ 5 K4
NFPFIKEE N 800. AX(O) T RIS a® BN 0.01. 7EYIZHKEEF, COPILOT K AdamW b8}, 2 31%
W E N Se-5, #AF AR/ 8, LR epoch 4 30. TEMEA VISR epoch 1, ALK H ARSI B FAREA L 201 (1
Ee 4y, For, 173 AR N IIEER, 2/3 IBURIE NS, E R RITEITEER BTG 1R 7E T — 30 I 5
AR, MR A SRR Je B 4. AR A 45 (early  stopping)HLA LABT 1AL ik 045, B RS R AR 06
IE4E 45t 2 A epoch 33 RCRIRTHIS, UIZRK SR AT S . e AR B, A I SR 07 Ao A 200 7 0k 2 3B AT
R, FHRIEEE 3.4 WP AR PR AT B SE. A SO B BT LI TE PyTorch PREE SR, FRTEA A
32 GB W 471 Iluvatar BI-V100 GPU ¥ ik 5% #% E#E47 (FUFS K AT 7E https://github.com/starve123456/copilot).

X 3.4 WERRHBMIEM SR, A XCRH Scott-Knott Effect Size Difference (ESD)%t v £ 56 Jy v %t
COPILOT HEZE 5325 75 1E# 47 HE 44 . Scott-Knott ESD & — R Lbie 72, BRI E X EIREEIEEX N
Giit e 2 AT 2 A R AP, AR SCHE— 25 R Cohen 2N & d KAl COPILOT HE 42 5% EL A Y 2.
(R 25 SR 22 S ) B M. 20| <<0.2 B, AR ] 1) 2% 57t AT 228 (negligible, N); 24 0.2<|d|<<0.5 B, A&7 R] ) 2% 5%
/Nsmall, S); 24 0.5<|d|<0.8 i, BLAY[E] ) 2 57 & H % (medium, M); 24|d|=0.8 I, BR8] (1) 22 7 K(large, L).
A A SRR B (AN & d NIE B KT 0.2, MIRBIGA 4 BAA F & 4 AN E.
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4 ZRLERSHF

4.1 RQIZSEZERS A

F3-FK 55 HFIH T COPILOT M 5 AL 7 ik AE A B T H _EEUE BPEAS 8 br 45 RS TRE—1H
FRIGUE SR 45 R, I RIOR I gE R, T AT, “Avg TR HAEFTE BARI B L ES & R -1
Y4J1E, “Cohen’s d”1737x COPILOT 5&ANEEL J5 % 2 8] 1) Cohen 24N 2 AH.

# 3 RQI A HSEIR & B (Acc)

ER RSl uVulDeePecker AC-GAN MDAN M3SDA ABMSDA COPILOT
Apache JMeter 0.726 0.794 0.971 0.922 0.500 1.000
Apache Jena 0.671 0.821 0.907 0.880 0.764 0.914
Apache Lenya 0.795 0.890 0.897 0.908 0.901 0.930
Apache Lucene 0.828 0.731 0.936 0.943 0.879 0.943
Apache POI 0.632 0.866 0.925 0.945 0.889 0.941
CoffeeMUD 0.899 0.896 0.903 0.920 0.826 0.920
Elasticsearch 0.765 0.913 0.899 0.940 0.876 0.950
JTree 0.816 0.651 0.981 0.971 0.369 0.981
Avg. 0.766 0.820 0.927 0.928 0.750 0.947

Cohen’s d 2.770 (L) 1.934 (L) 0.638 (M) 0.658 (M) 1.357 (L) —

# 4 RQI XtELRIG L R (MCCO)

H#= 51 5 uVulDeePecker AC-GAN MDAN M3SDA ABMSDA COPILOT
Apache JMeter 0.723 0.792 0.970 0.920 0.460 1.000
Apache Jena 0.667 0.816 0.904 0.879 0.758 0.911
Apache Lenya 0.790 0.887 0.894 0.906 0.898 0.928
Apache Lucene 0.825 0.724 0.934 0.941 0.875 0.941
Apache POI 0.621 0.863 0.923 0.943 0.886 0.940
CoffeeMUD 0.896 0.893 0.900 0.917 0.820 0.917
Elasticsearch 0.758 0.910 0.896 0.938 0.872 0.948
JTree 0.812 0.645 0.980 0.970 0.353 0.980
Avg. 0.761 0.816 0.925 0.927 0.740 0.946

Cohen’s d 2.765 (L) 1.941 (L) 0.638 (M) 0.652 (M) 1.351 (L) —

F# 5 RQI XL SE5 45 R (Kappa)

HAr i H uVulDeePecker AC-GAN MDAN M3SDA ABMSDA COPILOT
Apache JMeter 0.717 0.788 0.970 0.919 0.481 1.000
Apache Jena 0.659 0.814 0.904 0.876 0.756 0.911
Apache Lenya 0.788 0.886 0.894 0.905 0.897 0.928
Apache Lucene 0.822 0.720 0.934 0.941 0.875 0.941
Apache POI 0.619 0.862 0.923 0.943 0.885 0.939
CoffeeMUD 0.896 0.892 0.899 0.917 0.819 0.917
Elasticsearch 0.756 0.910 0.896 0.937 0.872 0.948
JTree 0.810 0.640 0.980 0.970 0.350 0.980
Avg. 0.758 0.814 0.925 0.926 0.742 0.945

Cohen’s d 2.762 (L) 1.934 (L) 0.634 (M) 0.657 (M) 1.361 (L) -

K 3 X} Scott-Knott ESD #5461 HE 44 25 SR AT T Wl AL RS, Ha ik, WT LA R IR 20 #r 45

COPILOT TEFT A WAL a5 1 Scott-Knott ESD 46 HE 44 H #HLAF T & 47 45 R, 1B COPILOT W%
Rexfth L ik BA — . Bkt 530 H N2 5 2 7 EuVulDeePecker BA B 2T HLR
3 N ) SR B TR0 77 72 AC-GAN A Bk, COPILOT 784 FI ok B AN ERE I E H ACHSE SUE S, FHF
FH 22 U5 3808 7 5K W SR8/ A R T 2 8] () H0 8 o0 A 22 7, BRI EAS: 17 A T 2 T SR YR 30 I 7 ¥ ) A
BT R, dhah, Fo 3 AR TR LR G U I 2 Y5 380E M BB (AP MDAN, M3SDA AR
ABMSDA) & Z SIS B 1563, ToikA R R ARG SUAE R, TR GRS 0 00 T Sk 1y 5k s 28
FITAT 2% R T M e A & COPILOT.

X+ Ace Kit, COPILOT 7& 8 /™ H #w Il H L EUR AI-F4 Acc 2N 0.947. HuVulDeePecker. AC-GAN.
MDAN. M3SDA 1 ABMSDA #fLt, 73l#Em T 23.6%. 15.5% 2.2%- 2.1%H1 26.2%. X+ MCC
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Hit, COPILOT #£ 8 > Hkr3i H _HEUE T4 MCC 4y 0.946. HpVulDeePecker. AC-GAN. MDAN.
M3SDA H1 ABMSDA ik, 2 5IIEE T 24.2%. 15.9%. 2.2%. 2.0%F1 27.7%. %}T Kappa Kii,
COPILOT 7£ 8 A~ HA# T H _FHU{31I-F¥4 0.945. SuVulDeePecker. AC-GAN. MDAN. M3SDA Fl
ABMSDA #tt, 73 HE T 24.7%. 16.1%. 2.2%. 2.1%1 27.5%.

e COPILOT fEfiA WAL 48 F5, MI%FFuVulDeePecker. AC-GAN. MDAN. M3SDA Fl ABMSDA
Cohen XN EAH BB ZE R KNS H N L. Ly M. M AL, 41 E X EJER T COPILOT A} HhFE 4k
JHERITERRIL S, AR RIS H % H T COPILOT HEZE 1) S F 4.

o Fpjjth, COPILOT fEf# | Apache POI 1E H bt i vl 48 b5 T2 36 45 5 LT LG 7572 M3SDA BE (K,
E7E AR M A - B RS RN ZE A 38, it 04 BT LR B, Apache POT T H f3h B & 424 —
=1 APL K E:AE Microsoft Office M. Xk APT HA B M BRI R, 3 H LR
MR e, L, FZ AR (R Sk B S0 2 — DR, AR AROSR I AT 58 AR 4k 22tk 4T .

(a) Acc (b)y MCC (¢) Kappa
K3 RQI1 K Scott-Knott ESD 45 A 44k
42 RQ2EBERE D

AT )Y A SR 58 8 K COPILOT AEZE b 1y 486] $719ll Zk(adversarial training, AT)E b DK IHAL & K 3518 %
F-(WMMD)BEER 5357 530 ik, 880 12 T 50 B 2 0 AT 25 04T L. R, COPILOT,0 ar A2 AN T INBUEK
B8 7 SR BEAL, COPILOT 0 winp A 0 TR G ARAE R IR, 9 T A7 A F (5200, A RIS
3.5 WA E A9 B Il % COPILOTyy0 ar F1 COPILOT /0 wimb-

# 6-3% 8 437l FIH T COPILOT 4%l 5 COPILOT, ) ar Fl COPILOTy wamp TEEEA B ARIUH HHUAS B PF
fhfebr gt I, JEIME R R R R. TULESR: £ 3 Mis I, COPILOT £ 8 A~ HixmiH (b
CoffeeMUD M5 RILH T AR, W 4 BioR, 165 0UE A R —BRE T I 2R 10 B 48 7 i AH LU BT, SR
$2 4 (7 COPILOT HEZELE 3 M PFAli#6 4% T (1 Scott-Knott ESD %t ik B HE 4% # L AN 28 7 v 2. BAdk it
55328 7775 COPILOT 0 o A1 COPILOT o wiimp AH Eb, AR SCHITHR Hi (197775 COPILOT 7E°F 34 Ace {8 [FIAR X $2 T+
WERE A5 1.9%A0 1.1%, #£°T734) Kappa {ERIAEXTSEFIREE SN 1.9%F 1.1%. %1% Cohen i & 45 R,
COPILOT #HX} T COPILOT o ar £ AT A VEALEAR T A H&F IR IR, 11 COPILOT AHXT T COPILOT, /0 wammp
TE 3G RAR A /MBS, Rk, SRR R A S EE M. SR FH B ARTE 4T 5870
PLEE: XFT Apache JMeter Fll JTree 54085 BB/ E K Ui, £ H WMMD BB oL, Hit4rx#t
W BRI I AELE R, W F CoffeeMUD T H K Ui, WMMD A5 B JU) of 455 20 S B0 67 17 1) 20 SR R AR oK,
COPILOT ik il A5 5 B0 I 5 LA e A8k P 3 S AR v 2 0 WL ) 2% 30 380 58 o 3e8 P O AR 338 SUER 7R LU/ N AR [
T H 8]0 22 57, AT 5 35 100 E 355 T 4 v B 280 1 (R s 2 ) T AT 45 1 ek i
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%6 RQ2 WAL (Aco)

H FrI H COPILOT /6 ar COPILOT /6 wmmD COPILOT
Apache JMeter 1.000 1.000 1.000
Apache Jena 0.897 0.907 0.914
Apache Lenya 0.908 0.905 0.930
Apache Lucene 0.923 0.926 0.943
Apache POI 0.938 0.932 0.941
CoffeeMUD 0.916 0.923 0.920
Elasticsearch 0.933 0.926 0.950
JTree 0.922 0.981 0.981
Avg. 0.930 0.937 0.947

Cohen’s d 0.583 (M) 0.308 (S) -

#£ 7 RQ2 JHARLL L R (WMCO)

ERTRLYE COPILOTyyo AT COPILOTy/0 wmmD COPILOT
Apache JMeter 1.000 1.000 1.000
Apache Jena 0.895 0.905 0.911
Apache Lenya 0.908 0.902 0.928
Apache Lucene 0.920 0.924 0.941
Apache POI 0.936 0.930 0.940
CoffeeMUD 0914 0.921 0.917
Elasticsearch 0.931 0.924 0.948
JTree 0.921 0.980 0.980
Avg. 0.928 0.936 0.946

Cohen’s d 0.562 (M) 0.299 (S) —

# 8 RQ2 ML 45 R (Kappa)

H FrI H COPILOT /6 ar COPILOT /6 wmmMD COPILOT
Apache JMeter 1.000 1.000 1.000
Apache Jena 0.893 0.904 0.911
Apache Lenya 0.905 0.901 0.928
Apache Lucene 0.920 0.923 0.941
Apache POI 0.936 0.929 0.939
CoffeeMUD 0.913 0.920 0.917
Elasticsearch 0.931 0.924 0.948
JTree 0.920 0.980 0.980
Avg. 0.927 0.935 0.945

Cohen’s d 0.579 (M) 0.313(S) —
(a) Acc (b)y MCC (c) Kappa

4 RQ2 [ Scott-Knott ESD 45 - Al A4k
43 RQ3LWERS R
AR I 0 A [F) Y [ R B 7 B 2 R (R R DA R AN [ R R B Y 2R B AT 4 M, XF COPILOT (¥R
R4 28 31 FAUN P R gk AT B A8 43 (R B
43.1 AR Sy ERE o A
W 2 Fios, ARSCK 44 B CWE SREEZEA150 9 6 28, RV 56 1F A0 204 50 B % 17 JL(Typel) . THEFIARTD
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VEN 1] 8 (Type2)~ & 4 56 1IE A 452 B 1) 8 (Type3)~ %2 42 I B A 21 ) 850 (Typed)~ 2% b X 1] # (TypeS5) LA K
Miscellaneous (Type6). & 9 FIH T COPILOT Fl 5 N34k 777 Typel-Type6 FHURI F1 455, M RR
WIFIIEE R, BARRUL, COPILOT & 6 R v (B Typel JMBIBHLH T e E R, %+F F1 K, COPILOT
7E 6 FhA EEUEISFY) F1 2 0.932. S5uVulDeePecker. AC-GAN. MDAN. M3SDA f1 ABMSDA #{tt, 4
BIRE T 27.4%- 25.0%- 3.2%- 3.3%F1 36.4%. B 5 IR T TEA R B EFEI% 5P 1 Scott-Knott ESD & 484
2458, COPILOT HE4 55—, ULHARIA COPILOT J7 i Al f i i [ 268 ) T ASE B I A 2 IR e T0 55 o 2K Y
[k B, TERTA ZE 7Y 135k B o X b LAt B 28 Dy v E Re i AR B 1M RESR F+. R, COPILOT 1E F1 847
T, A% T uVulDeePecker- AC-GAN.MDAN. M3SDA #1 ABMSDA ] Cohen 3N & d 4379 3.205 (L) 3.754
(L)~ 0.594 (M) 0.484 (S)F 2.997 (L), TE4 1T = X LIIE T COPILOT Bk 5 P RE.

# 9 RQ3 XHSRISEH(F1)

KA VulDeePecker AC-GAN MDAN M3SDA ABMSDA COPILOT
Typel 0.737 0.689 0915 0.930 0.703 0.923
Type2 0.579 0.716 0.794 0.747 0.464 0.853
Type3 0.735 0.811 0.947 0.942 0.741 0.954
Typed 0.784 0.768 0.906 0.938 0.721 0.952
Types 0.783 0.745 0.942 0.928 0.763 0.970
Type6 0.773 0.816 0.915 0.931 0.709 0.943

Avg. 0.732 0.746 0.903 0.903 0.683 0.932

Cohen’s d 3.205 (L) 3.754 (L) 0.594 (M) 0.484 (S) 2.997 (L) _
i

K5 RQ3 58 1 NSkl i Scott-Knott ESD 45 R m #L4L

432 R AHEE AT
AFEHHTT COPILOT LAEKIEL VA 4 T EEHLE DA T TR, £ 10 5IHT
COPILOT F1 5 ANFELRJ7 Ve AN B AR T B M2 E S FE 2 F IS w F1 51, FF iR R i o 45

F 10 RQ3 XFLLSZIG 45 H(w F1)

ERYE] uVulDeePecker AC-GAN MDAN M3SDA ABMSDA COPILOT

Apache JMeter 0.498 0.956 0.856 0.915 0.233 1.000
Apache Jena 0.567 0.618 0.788 0.491 0.533 0.802
Apache Lenya 0.877 0.877 0.690 0.749 0.692 0.769
Apache Lucene 0.941 0.846 0.591 0.593 0.588 0.597
Apache POI 0.643 0.829 0.725 0.891 0.834 0.917
CoffeeMUD 0.635 0.963 0.949 0.931 0.684 0.957
Elasticsearch 0.723 0.937 0.838 0.816 0.895 0.971
JTree 0.809 0.568 0.985 0.985 0.384 1.000
Avg. 0.712 0.824 0.803 0.796 0.605 0.877

Cohen’s d 1.110 (L) 0.356 (S) 0.537 (M) 0.503 (M) 1.456 (L) _
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BARKUL, 75 8 N HARTH 1, COPILOT £ w_F1 $8Ax FHUE T 5 NI H F R RAERSE R, W+ w F1 3k
P, COPILOT 7£ 8 A~ HARIT H LB H9°F w F1 4 0.877. SuVulDeePecker. AC-GAN. MDAN. M3SDA
1 ABMSDA ML, 0 HRE T 23.2%- 6.4%. 9.2%- 10.1%A1 44.9%. & 6 7=, COPILOT 4 w_F1 {44
#& T 1 Scott-Knott ESD £ 45 HEZ 28—, Y Z AL e R BAF Gt B3 . FR, COPILOT 7E w_F1
$8h5 T, A FuVulDeePecker. AC-GAN. MDAN. M3SDA 1 ABMSDA [f] Cohen 2N & d 43 %1259 1.110 (L)~
0.356 (S). 0.537 (M). 0.503 (M) 1.456 (L), & H] COPILOT &/ /MEFEKES. 2 E, {H COPILOT Ji
A TR 7 2 2 R S B A BB SR AT T W I R AR T

w_F1

6 RQ3 5 2 MM s Scott-Knott ESD 45 5 vl ¥4k,

4.3.3  A[E)Hdh B R GREE 20 AT
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