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Motif-augmented Contrastive Learning-based Defense Against Backdoor Attack on

Graph Neural Networks

CHEN Jin-Yin' MU Wen-Bo> ZHENG Hai-Bin"**

Abstract Graph neural networks (GNNs) have demonstrated strong performance in graph data mining tasks and
are widely applied in social networks and recommendation systems. In graph classification, model decisions rely
heavily on global topological structures, making GNNs vulnerable to backdoor attacks. Existing studies show that
injecting poisoned samples into the training set can implant hidden triggers, causing the trained model to be misled
by trigger patterns at inference time and thus posing serious security threats to model security. However, existing
defense methods still suffer from limited generalization to different backdoor attacks and difficulties in balancing de-
fense success rate with main task performance. To address these challenges, we first propose a motif-augmented con-
trastive learning-based defense method against backdoor attacks on graph neural networks, termed Motif-Defense,
which can effectively defend against multiple unknown backdoor attacks while incurring only a slight performance
degradation on the main task. Specifically, a motif-oriented enhanced contrastive learning framework is designed to
identify suspicious backdoor samples, which are then purified into clean samples using Jaccard similarity and label
smoothing strategies, thereby achieving defense against graph backdoor attacks. Extensive experiments on four real-
world datasets against six backdoor attack methods and five defense baselines show that Motif-Defense reduces the
average attack success rate by 84.70%, while the classification accuracy decreases by only 5.32%.
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RO SEARLE S, AR /N T BIA 0o HITT RUXT
) ) T AR Oy b B T T I B AN R R A S
s 2 ST PRI 1) B B AR R AR AR R
T M IERTBE S T TREA () B iR AR 25, Motif-
Defense KPR F15 Hms. BART S, R X AR
RUAH RS AL S ) BAE 203, 1 B 1 75
ARG EE D, R
aConcr (i) + (1 — a)Cong(i),
Conpew (i) = {

J(?]i, Uj)

Ai > 01
Conr(i), HoAt

Forb o ARRZEFIE R, « AR (8) R N AT 5E
JETTREAR Y 5. R Ja 1 BAS 7 Ba B ik
(B B S A D RIS T TREAS BB bR 28 12434
ANSCRT AR A e A B SN R e b 28 oK 1) A7 T
SO, 30 AT LAy LB AR R e 9D 5 I SR B R
M3 iR (72 AL fE

3.4 Motif-Defense Bf|8] & 2+ 51

Motif-Defense B [A] pl A 3 2k 5 PUAN#H55,
AL FE AR BT I B] BSOAS (Toonir) ~ X bE 2 S AR
SR I I TE] AR (To) ~ PT 58 A S 1R 51 1 IS T[] Bl AR
(Tius) A2 AT 58 A AR 0 3 1Y B T8) BOAS (Tooa) - PRI,
Motif-Defense [ [8] & 4% B ] £ 7R A:

(10)
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O<Tm0tif) + O(Tcl) + O(T@us) + O(Trnod) ~ O(N) (11)

Horfr, O(Thotr) 78 SEFRFAE 2 BRAIBEAR KN, i
PN RLAEAT 23, ELO IO HEAT SRR,
SRR I R, T DL PR S A O(Th)
g0 LEAS R I R KT 8], 11k 58 R By it e
TATZ LR, O(Thws) BOR T Hd K/ K1
1555 O(Tonoa) BB TMHIER .

4 SCBY

TEARTH, N T P-4l Motif-Defense H 54 G
71, FEVAESEEE A b XSSP s T 8oy vE A
A T4 7 VR R TT B A S, BRI &, A
SEH B LR B2 DA 78S S i)

1) RQ1: 7ETH I 2 F A K 118k B, Motif-
Defense [ 1HEI1:RE 2 5 B L7

2) RQ2: A A FE H e 1 5 7 sURIAR 25118 2R
i X Motif-Defense [ 18R 5 #5200 2

3) RQ3: Motif-Defense {5 i 1 54 512 3 B
MR

4) RQ4: Motif-Defense FHF ] 5 44 5 fuifa]?

5) RQ5: Motif-Defense 7E [ llf [ 1& 8 2 7 I
RERA

6) RQ6: Motif-Defense [ e & B2 HiES
BOR PRI R ?

4.1 SIRE

4.1.1 BEEKBREE

ARATLEVYAN T2 A% A FL L 48 VPl Mo-
tif-Defense BB 14 68, 400 N AEWE B 221
PROTEINS"M. 3k H /N1 AIDS"L Sk H /N1
1) NCI1M™ Fik 5 #E 22 25 ) DBLP _ v1M, BA s
THR SR 1 (BFREE A 511 [0] F1[1] 2
MBRRZER O FMFRZE N 1 EEAYE, 0
DBLP vl 5% 9530 4> 0 KA1 9926 4~ 1 2K [H).
GIN (graph isomorphism network)!"" 1 A4 it ¥%

IR AR S R, IS5 K 1) 5 H 2
HOBE T, BeEE AT VERE BT DL T AL BRI
L) A . BT LA SO % GIN RV E N T i H
PREEAY,

4.1.2 REIBERIEER#E T E

ARATIRI T AP RE A AL 5 T B 7 v
AT MR S 1B 18 7 . Hh B 75 N
Prune, BloGGaD!"", ES""\ CLB-Defense!"* fl
MD-GNN" | ¥+ 778 Erdés—Rényi backdoor
(ER-B)P\ most important nodes selecting attack
(MIA)Y, MaxDCC!""| graph trojaning attack
(GTA)M, Motif-Backdoor" L & unnoticeable
graph backdoor attack (UGBA)M. & &7 H
BEhi B AR 11 R AT R R, A FE B¢
R, TN BN R R AR T R AT T A

Prune!™. i i1 B 7 K AR 2 A BURE Y 201
RARBIFIRE R 5 T Ik g, AT BRI et R B Dl 2.

BloGGaD"". i e ik A B U B A =
I3 AR s, T B SR R R B ik
FRHAIE.

ES!T. FI I REPEFR bR R X 4 R AR A FE &
U /NI 15 U i R a1 6 S e 0 R S R S o
FAVERT I B E AR A SR A, R )5, 18 H AT ik
PETT R BTN fid A #5%

CLB-Defense!". > X} b 2% 2] 8 DL K P &
BEPEFRAR 2 BRI EUE S PR3N, AT SL X B
Ja T Be B .

MD-GNN". W58 1 AL AL H DA A
[B) L AR AE 22 5, FEARBE T Jaccard FHALLEE 1)
AR R R, RS AT BE DR AE B AR Fh

2
B

4.1.3 TFMNIELR

AT HER VRS Motif-Defense 15 18I 2R
AT BT D # (attack success rate, ASR)
HEAEZHEMZE (accuracy, ACC) EAFALTRR,
Fosg i F:

THEA A AR A IX 23 1 1 3R oR Bk BE BT 1T R ASR = Dsue (12)
fiE, T 25 S B I 25 K 45 . GIN B AE S 1 att
* 1 BESERASIHUE
Table 1  The basic statistics of datasets
Bk PR A% R HERE AL bR oy A H brk B
PROTEINS 1113 39.06 72.82 663 [0], 450 [1] 1 AE S
AIDS 2000 15.69 16.20 400 [0], 1600 [1] 0 NPT
NCI1L 4110 29.87 32.30 2053 [0], 2057 [1] 0 NPT
DBLP vl 19456 10.48 19.65 9530 [0], 9926 [1] 0 *EAZ 4
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S 52 &

A, Nowe BRI BULFEA I HUR, Nowe RN
KUl REA ) . ASR B | Bl & 75 i)
HoAE H AR PN TS T, & ASR R B 5K
WA R, i T DL fRR R AT .
NCOI‘
Ntotal

N, Neop FRRBAIE#H T IR AR, N R
TN AL FI RE A S B ACC H T IR RS AL A IE
WAL LRI, 5 SL B s i 5, ik ACC R
FREC R KT 2% BH 40 SR B A I 255 2 ) A 28 1 R A
PERE.
4.1.4 ZWEE

ALK F AT A8 I, BE £ s A bl
LRI 28 10 MR RN 745 Bk B 1
MTFEEAERIMRLE, 7o 9 MTFHEERINGE. K
AR ET, PERNINGHIEN 10%, HEZ
Ja UV B, Al RN BN 4 AT S BAR.
ER-B K i A1 B R R AR B — A7 A v fi K 2
HA R B 0.8. GTA RH =24 1
LEAE R AR AR RS B TV E Y Prune 1)
D MR B N 10%, BloGGaD i s s A 2%
TRN SR RIS B AR B N 2, H AR R S
BN SEk B, %1% 8 0.01 [ Adam it
25T GIN A 34711 25, Motif-Defense o 7 B1H
BIE BB N 0.5, AHALLRE BREL7E 35 M B 10% &1L
BUR TN TEh A L, AR PRI E N 0.5, 525
W BAARLE iR CPU #4524 Intel Xeon E3-
1231 v3@3.40 GHz (4 # 8 Z&#%), GPU 45K TI-
TAN Xp 12 GiB x 2, iB8{THAEN 32 GB x 4, #
1 Z24t N Ubuntu 16.04, 4ifEi%E S N Python 3.7,
15 ) B TR FE 2 SIHE 428 Py Torch-1.4.0, &3 1%
J& 2 > £,y Torchvision-0.5.0.

SSWERS O

4.2.1 RQ1: Motif-Defense BIBF I BES #

N T BAE Motif-Defense B[54 B8, A Cik
BT DY B S EYR SERNONFR S 1T XE vk, VRAG
Motif-Defense 5 FrFp 4t EG B I vk O B fE4: RE, B
RS EG 45 5 L3 2, R e I 508 3R R ROR B A
PLUR /Xt 36 2 g5 R4 o #r.

#%, PROTEINS. AIDS. NCI1. DBLP_v1 [l
MIHREAE GIN B8 ER LG ACC 40508 76.23%-
98.92%-+ 80.41%- 80.83%. MIA. GTA. ER-B.
MaxDCC. Motif-Backdoors UGBA /NFhI ;77
EVUAS B4R b, fERBI MBSO T 3 ASR Al
ACC 4518 86.00% F1 79.42%.

ACC =

(13)

4.2

AT i 11380 B (4 975 260 258 SR 75 T 404, Motif-
Defense 3R ILAE K 2 H0fE Ol F #OA T3 Ath T Xt
EE B 487795, JUHAE PROTEINS Al AIDS #d 4
b, FETE B N AR AT BT o LB AR v
HEARK U, Motif-Defense 7& JUF % # 4 = ASR *F
PMEN 13.16%, “FIIBFAK 84.70% B i 2.
M Prune. BloGGaD. MD-GNN. CLB-Defense.
ES 1) ASR ~FH1ME 7 HA 43.97%- 20.18%- 27.70%-
19.77%- 22.33%. *tit, A3 5341 Motif-Defense
FERIPT N RACRAS 2 T LA R AN R A 1) B SR
X} b 2 2] R Re % BF A R 2 ST )RR, i ik
FEER G v AN AFAE IR AR 45 A A7 200 19 5, X bb
SRR ) R EE RIS WG R, Il
HEX D ERT A, XHE Motif-Defense 7
O B e 0% SE A R0 S TR AR B ik 2%
R 72 2 A i B gt b R U0 k. 2) FRE
11 TR BB 8 ok Ut v B O R B s AR A i SR )
BH S, Motif-Defense 1| F X b2 SRR H b
L At () A A 4, Bk IR 3 1 O U4 B
W IR EAE 5, FELAAS 2 mT &8 Ja [ TREAR 3T b
25 IR TR 25T T TR S e 0 ek 2D AR TR G R bR 2R 1
M, AT B2 A5 2 ) & R . A, Motif-De-
fense 7£ AIDS $i¥i54E F R Bl IF, MIA. GTA. ER-
B. MaxDCC. Motif-Backdoor- UGBA HJ ASR 43
WAL T 99.26%- 95.85%+ 90.28% 92.35%-
89.25%- 90.14% (FHLLTCRIE). AL 5 Hr H K N
AIDS FHs 417 s R iE =& H I S5 M AE X 18] B IX
15 Motif-Defense R 5 ff th 5 # HAH H ()% L
ML, BRUbz Ak, B gl T B iR > T B R
B A B R U 415 E6 Motif-Defense HFZM, fif
FLRENE T Ly R T2 S R S5 M AT BURFIE Z A R &R

MBHAE G H FrA T () B4R BE 7 TH 43 BT, Motif-
Defense 3R ALK 2 HiE 0L T RIFEOL T HoAh F 5
X EL B A i, JGHAE ATIDS A1 DBLP v $i#idk
b, FERTE B st N AR A0 T BT G LR 1R v
HARK A, Motif-Defense 7E UM %i#ia 4 F ACC *F
BIE N 82.05%, 73 FUERZ-TF IR B 2.53%. 1M
Prune. BloGGaD. MD-GNN. CLB-Defense. ES
) ACC “FHIME D 5N 79.51%- 79.87%- 79.04%-
81.60%- 80.45%. XM Motif-Defense 7E (R HK
R uemf Ty T B B, A8 T 1
MEPE R AN AT 55 MR, A SN AR RAE T Motif-
Defense K T 5 T B4 f B 08 14 58 07 =X, Al
X} b2 )T e A 25 S1 B N =E 8 M E s
B, T AE VR 30 AT S8 RF A B B I A, o2 5 IE
FEAH) R . AR, Motif-Defense ) Jaccard #f
AR SRR ) H Bl S A A AL B AR P 1 i X 2
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* 2 AFRBHESFT Motif-Defense [FIF T (%)

Table 2 The defense performance of Motif-Defense in different attack scenarios (%)

- Ja 1B vk
B4 RIS K1 A0 5%
MIA GTA ER-B MaxDCC Motif-Backdoor UGBA
TRt 68.07 95.80 72.23 93.28 94.12 98.94
Prune 20.56 18.63 28.57 10.76 79.85 80.69
BloGGaD 20.67 9.75 13.92 11.26 24.87 23.63
ASR MD-GNN 22.35 16.47 18.15 30.00 25.43 16.64
CLB-Defense 4.86 3.58 9.39 15.86 11.76 8.96
ES 13.61 12.35 9.71 11.76 16.64 15.37
Motif-Defense 4.03 2.26 8.93 9.07 10.92 4.58
PROTEINS (76.23)
Tt 66.82 65.02 64.13 66.37 74.89 73.95
Prune 73.45 72.38 72.56 73.00 76.23 72.72
BloGGaD 73.90 72.56 72.56 70.76 75.93 74.52
ACC MD-GNN 66.69 69.23 65.47 69.06 71.33 70.97
CLB-Defense 73.35 72.44 72.24 74.39 75.03 71.45
ES 71.57 71.30 68.43 72.55 76.23 71.14
Motif-Defense 73.69 73.93 73.49 69.24 72.11 74.69
TRt 92.19 99.34 80.94 91.88 98.75 96.72
Prune 38.99 47.33 35.63 22.43 39.63 93.47
BloGGaD 14.75 20.75 14.63 9.19 19.87 22.41
ASR MD-GNN 16.87 25.19 16.00 23.62 27.75 19.25
CLB-Defense 23.99 17.56 25.38 8.13 20.75 15.84
ES 1.21 9.63 4.33 11.33 19.63 18.25
Motif-Defense 0.68 4.12 7.87 7.03 10.62 9.54
AIDS (98.92)
ToBii 94.00 98.25 94.00 95.25 99.00 98.65
Prune 96.50 96.33 96.25 82.33 97.45 94.93
BloGGaD 96.30 96.25 95.25 97.10 97.20 95.92
ACC MD-GNN 95.45 94.47 94.75 95.85 98.11 96.38
CLB-Defense 97.45 97.07 96.57 97.86 98.16 97.05
ES 95.45 95.25 96.10 97.00 98.15 96.72
Motif-Defense 97.55 97.15 97.55 97.95 98.25 97.65
T 96.98 100.00 98.33 100.00 100.00 100.00
Prune 50.50 45.10 38.20 46.00 53.30 98.32
BloGGaD 33.26 39.44 27.36 30.25 20.64 28.34
ASR MD-GNN 37.23 41.04 34.92 38.54 62.66 32.63
CLB-Defense 55.36 46.85 45.39 43.58 48.96 23.09
ES 39.57 40.31 39.46 32.07 41.00 18.36
NCT1 (8041) Motif-Defense 32.74 30.38 25.58 23.58 34.36 13.64
TRt 73.36 76.52 70.80 76.89 80.41 81.45
Prune 76.23 76.74 73.48 77.47 74.96 78.33
BloGGaD 74.31 73.55 74.92 74.33 73.84 80.84
ACC MD-GNN 75.50 72.90 77.10 75.00 73.80 77.97
CLB-Defense 76.06 76.87 75.74 76.53 75.78 79.36
ES 75.06 77.20 73.58 77.13 75.11 80.33

Motif-Defense 77.41 78.99 77.88 77.34 76.47 79.67
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* 2 AFABEHE T Motif-Defense (B HIPERE (%) (4:3)
Table 2 The defense performance of Motif-Defense in different attack scenarios (%) (continued table)
B Je U180k 7532
EVE/E S TN FRER i A 752 X
MIA GTA ER-B MaxDCC Motif-Backdoor UGBA
Tt 48.75 62.17 62.29 69.86 70.84 72.56
Prune 19.20 11.50 25.00 23.00 60.50 68.00
BloGGaD 8.60 10.90 19.20 17.50 24.00 19.20
ASR MD-GNN 18.40 20.10 32.77 24.00 29.50 35.40
CLB-Defense 10.33 10.28 15.28 13.66 24.39 18.52
ES 18.80 10.36 18.89 28.25 31.00 26.79
DBLP v (80.83) Motif-Defense 14.21 6.60 13.67 8.75 22.33 10.35
T 73.46 67.78 79.52 76.23 78.85 80.36
Prune 76.00 75.20 74.05 78.00 73.70 70.03
BloGGaD 75.90 72.80 76.50 74.10 72.50 75.03
ACC MD-GNN 77.20 73.60 75.80 79.30 74.70 76.32
CLB-Defense 79.52 79.33 79.62 79.78 78.54 78.14
ES 77.92 7772 77.01 77.84 75.11 76.94
Motif-Defense 79.68 79.39 79.87 79.96 80.24 79.11
e BIRESRGS N EE Y GIN A8 SR as ki 22
[, A R B T il #s, RS 7 R IR 70
1, MT7E 22 B R B RTINS, AR MY T 60 N =i
I 2 K B, HE— 25 R T MR Rk R it e .
B, FEAbE LB 7 355 5k 2 A b A 2 1 A1 S = 4
o F R RE R R = 2
4.2.2 RQ2: jHRRSCIG o ,
N T HE— BT Motif-Defense W1 A [l F5 B % O PROTEINS AIDS  NCII DBLP vl
DR R, AR T T AR . BT AR
¥ Motif-Defense "1 [P oA B B 2 T 544 Bl 3  Motif-Defense Ji fili 556 45 Hf
i i B/‘JXUL [3[3"_%4 > *ﬁ@%u *ﬁ%?/ﬁ’fﬁfﬂ%, %%Ul&ﬁ_‘ /%’ Fig.3  Ablation experiment results for Motif-Defense

R, DASGHUE FEX B A1 B B 2R R R M. A K S T
Motif-Defense 1A M D, K HBENUN R ED EFF
T R G 5 7 SRS SR F AR 281 M SRS 1K Motif-
Defense 73 it N M DNOM FlI M DNOs | 7E Motif-
Backdoor B 77 ik VUS4 48 (PROTEINS.
AIDS. NCI1. DBLP_v1) L#HT 7925, id st %k
IR, SEGAE R 3 s, fELB ST,
Motif-Backdoor 7EPYA#i4E - 1°F3) ASR H
92.06%, fE4 3t MD. MDNO Pl K MDNOs ][
ME, P14 ASR 43 3B N 12.91%- 20.94%- 35.81%.
DRI L, 15 2P AN S5 18— R 1 A i 140 B 480 7 92
EORFBREMSE — & FEFE b PR s i Th 2, (H AR
A AN Motif-Defense; /& P& AH LSR5, M DNOMm
JE I L4 TR B AR PR B8 AR SCOF 32 B TR R B 45
R R R B A SRS R PR M Ry, A AR B
FAR 2513 SR ms SE R, A Re A Rk b i A ik 2%
IR ER S R AR (ISR, S B A I B A Ak R —

FEAR BTG SRS I I LA T BERE AR I ARZE , LT
PRI BN, AT Ok 2D A5E 2R SXoF A 5% o 25 P A4
XA B A R 1 i FU - I 2 B ) g
8 RE PRI o 1 I B bR B AR A 1R AT 1R R
PRI EE M. 1 H M DNOM BRI 4 RRAA A R 1
Fduhom iy 20, HORE 76 B2 SRR By LR 4
R T M DNOs
4.2.3 RQ3: RFKBARME TUBEETRIL S
AN T E M PR fE Motif-Defense F 5 #EI R 5,
ARATHAT TR AT, B, RS T AR AL
BEAT 0T, B LR R A B AR AR A
FEA 73 B340, Be7R T Motif-Defense 41
P EEFEA N B AR RE B 0 FONIERE IR, T T
RIRPFEn F. HRk, AT 7R ) i e — 2
i, WE 7T EA TR B AR Y1 5 R
AEMATTEE L ESR, PRIk T Motif-
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Defense I R AN EFEES T 3 5 8 ST, il R

1) N T J2 I Motif-Defense 5 K IR Y 5 10
FARAK, BEMLERE 100 DM TFEA, fH GTA Bt
NI FE FIFEA AT P B R R B A, FEd Mo-
tif-Defense X} 1 EE AL A BEAT B 1H145 2 ALFEAS.
SRFEAR A TR H AR HE. B E AR
Ik, BN Z 100 epochs, 1 RFEAR SN
IEHEFEARPEIIMER A0, &R GIN BAA AIDS
Bk, d5 XK 4 Pror. R ER, @8k )E,
HEEFEAR SRR N EHIRE, (HA 1 Motif-De-
fense Pl J5, HEEFEAR PR L 73 N IEH K, %4
B UH T Motif-Defense 7E 45510 5 ERIA %%
P, Moy Ja BB ALK rh B RE AR R 2R H FRE,
IR AL B EREARREN T R4S, SEEA
P #s 5 HAR AR L 7 OREL. & it Motif-
Defense Bl J5, #5784 68 9% 1 B Hoots b 53 FE A A
FRIEF I, X2 KRG 7 A R R Tk
ay, A IE THORARZE, NIRRT B8 i 1R 3 ik
Hih Gt

2) AN A d 5 — JE A 2 T i H B o A ik
AT T4k, BARSR L, 70l B, Wi e, &
T 5 A0 5 9T SR A [ A 2 e B AT T AT A
1k, A3 RS N 5 H e SR TS B AR R A R S e
gh . W ARk GTA, HilE%E4H PRO-
TEINS. AIDS. NCI1. & ok A Qe 4 22 so 0t
PO 1 2 R 45 Bk E 2. DL PROTEINS Jy it
T80T, NI EE S /T LR, 3 5/ 8 5
A TTRBONEERME I, (HAE GTA X+t E,
3T 8 SHA L LBt kAR T B E AR Bl
BRI R O 5 T TRE AR FIBOE R AR T B 1
A NS . F8:, &3 Motif-De-

PG, BANERAD TIKE. BAmE, &
i Motif-Defense B il J5 , #5704 8 B0 28 0 1) 0TS
1B UL 038, A > T E T TREA 1 I B
T, T B R SR AR T E ERAE
4.2.4 RQ4: BHEEZE S

AT BAF Motif-Defense B 0] & 24 FE 43 #T,
AKX Motif-Defense #5250 B Bz 47 B (8] A & Bb gk
TGRS X T O(Thour), R & M, 3
My WA At DL, H SRR 10% 1B Eds 47
T FRF T O(Tonie) T O(T), O(Tyws) F1 O(Thnoa)
(PR ()Y FE /NS 22 BT DA 14 7 35 B[] Y FETH 5
1E—ifZ. & Motif-Backdoor X i FHEAT 525, 455
W 6 Frax. g5 FEoR, AT BERE A TR ) AIE B[R]
D, X5 E 3.4 T A — 2 B H AR
FEXT L 25 ST AE Motif-Defense [ ik #2 H st 8]
bbb 2, DU B R 3 & Be g oA 44.51%.
52.59%. FEJFKAE T, AR 7 Bt 75 20T B B gk
ITIREYZYE, WP EEHN. gt LR ER T
KIS, BIE V28R T PR MRS AR O /N AT P SR A
1, (HIEARE T R BT BIMCZE R B 0 FE. b4, 1)
BN Eb A S AR Y T B R A AT S oA, XA
SENIREATAE O, R TR ST AR AR AT A B R
THRERCR.
4.2.5 RQ5: BiENKEH

PPl Motif-Defense 75t A 57 A5 il
THOLT B EE, AR T — P TR S5 1
HIE Rt (MIA-Adaptive). ZBH Rz A S E C
1 Motif-Defense #RSE A 45 14 i3t 47 204 16 98,
1M T A 3 FEABE A B mT e ) FH 0 B A 45 A A R fik R

fense MifH 5, HEEAEABAZ S, BRI A B B0 &%, 4G GNNs BT AL IE NGB, DA
1.00 x — 1.00 1.00
2 I .
pon ) i | R I /=il Wk A i
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0501} it A AviT 0.50 1 0501 1 it b e
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K4 REELFTTHL

Fig.4

Visualization of decision boundary change
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Fig.5 The impact of Motif-Defense on the activation of neurons in backdoor samples
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