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WE RERNEALEREY BT IHWER, EABICEURNAABENETREE &
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BRI T RERN. BRI, SCAD MR L EEE ST T — RARKA FHEE BEHHE
G REREEEESNGHERTULEATRERN. RITESAAFHEE LEAT AREE,
3tk B A A SR B SGAD 534 7B T B EWRERA

LR ESHEE BELN, HBESY, ERERE BEEST
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1 35

S (anomaly detection) B 7EFZHEEHE H AN R T 54 BCE WU O JE ek, xR0y
PG T AR T DA A2 56T, H LM R s AR E AR T SRR vERI 21, 2% N R
W B PR R A S db b, S R Ut 0 B A B RS PR E, B BT i s a0 SR B
FE Tt T AR ROt B AR 40 2R . KRB A J7 ik 2O T BRSO, DL RS 33 b i) S s Al
SR, IS4 35 B SEAR B AR AR AP ARG R SR AR IR R, AL AE 4% . HLT R 9555, XU i)
FER R B I S50 SR i B . BRI, 2T PR 1) S Aan A 55 38 T )l 1 SRV A4
MR B, (R EEEE T R AN R — AR AR S5, — 5 T 2 R B A5 R AL T S A
B S J7 T, AN B 5 e B AR AT SR A RS S R PR R . B 1 B A M g e R A 55 e
KT HTHIPLE 5Pk K.

SIAHE: KR, XIS, 20, 5. AT A B B B EEGE T kel . R ERRE: [FERFE, 2023, 53: 2202-2213, doi: 10.
1360/SSI-2022-0179

Zhang Z, Liu M H, Li Z, et al. Self-supervised end-to-end graph level anomaly detection (in Chinese). Sci Sin Inform,
2023, 53: 2202-2213, doi: 10.1360/SSI-2022-0179

© 2023 (PERZE) it www.scichina.com infocn.scichina.com



HERBYEERE B3 E H 1M

R, N T FE R BB, N B G 2l R S R 1 R o, RS E I (]
RS0 B s R (B~ 101 R O v P B AR T AR AR R KA R AR A [ B, R M AN H
FEITAE Sy 012 e, IR A R A R B E B T AR RS R, Ok TN AR AR
AEROMERE, ANTTTE— 2B BR 1) 1 A% Gt 5 WA O 040 PRI 350 B 2 . B VR B2 2 ST R, Rl 2
(77 AR R AT E B i 21 X B AR A SR L. 0, 3l B AP I 2% (convolutional neural
networks) FEHE J RAF [ SFEAT 32 1314 DL RG@ I JE AP 4% (recurrent neural networks) $2HX
SCARAE ) Bt AT R U5 16] AR5 UG T R k. B, B REM A ML (graph neural
networks) 17~200 AARA 5 T RS 250 52 A% 1) BIBOH BEAT SRAE 7 2, 3807 AE 25 M AR O T IEAT: 5%
wnrR R, VLR T p 3 2 I A0 5 B 1R e

BT, ASCE AR TURE T BRI 2% 1 B % R S AR . BRI, AR BT B EYR
WA (graph-level anomaly detection), RJIR H B #da £ & i U 35 A RIROFEAR. B 2 K0
Ze M2 B, (R EATRHRSE T U LA RO B AR R R 07200 DR [T Ab A 2122 2
W T AR EAS LSS LRSI A, BUA RER o> BT e 2 i 5 B R Jo T M B R M U, Rk E
BT TEM B R A RS . B B0 AR Sa R To s TR 28 o) 2% RS TR 301 AT (R AL 27 5] [25:241 4R
Ja FRR HRAL A B A A gt o A A (R A\ R EAT S AT 55, (HRZSRINEAEE TR G 4
N R MR, FARAJF RAE T, T8 B R AL 52 20 5 R il 7 R AE 95 A7 A8 — 5 1 S, Bl et
B BARAL 2 ST SRR I AR IR A — e & T R WA IR 55 BE— 20Kk, BT BBt 2 A I T AR A
AN 2T R4 B 5 A % PRI v S 0 L R TR B e T I 25T SR R R R L A
VA EEERE YR FHRNES, EFEN RIS R B+ R EES PR R R L k4
JE PR S AR, SO R e R 4 A S A TIAE 55 BRI Bt RPAE R ISR Y T B ) K.

N T R EIR PRSI TAERI AR, ASCHR 1 3T B B 1 3 29 s P s St B AL IUATE S (self-
supervised graph anomaly detection, SGAD), ZMEZLE] N T H M B % 2] KT Al e /7. A
Be— ISR I T I B 2 =) ik 28~301 e (0 SEVRE R AL R 25 B SR EDURR 28 1) Bl B AT 45 Sk 35 B 2 s
ITRRAES 2], Bt & PR R BT 500K A A T TH Nl EALSHIRE ). AR MM T A I E BT
FRF L, A T3 P T B S ARG DU PR 20 SR BIAE 55, SIEBIL 17 R 2 52 2% P 00 i 81 i D S AL
i LR Y, X R 8 A A 2R 1) 2 B T DAAE — MR AE 2 56 BB R AE O PR L BT 2 2R
TN, TR ES > DA CARHGR IR R 77 1%, RSB BTt — M HE B S IR B0 B4, SR 5 PRk
TR A=A B R AE AT B . 4, 35 1 AR R AE SR B AT 0 BB S A 2 AN B
SRR, BAA—E MR, A SCH I SGAD HERLH LT 3 MR (1) AR HiE
B, ARV T A BB R G 52 07 20, RIS TR N O ARAS. (2) IR LR DR, 1%
TR FH P o 228 [0 5 R 225 A [ 288 1 et 8 94 5 10 L 0 W it B SR AE 5 R). (3) e A U A
Pu, BT B BB E S 1, PO RN N B TR AN SRR AR, S BOBOR W 2R
N S A R AT BEVEROR. AR T IUE PP BRIOKEZE, SGAD a0 A H] 1 H e B4 B AT 55 1Ry A, 5K
I 1% 52 2% P B v 380 o ) S A AL . FRATTAE 6 S8 I AT 4R EX) SGAD #EAT 1 7870 Bk, 5K
g RE WX RAEA R & FIA A FREVERE T, 5 mEIEMLE, SGAD £ BZR M
AIDS #Ha4E o AIEUS T 7.2% LA 11.3% AUC (area under curve) RURMIHETE.

FEROR, 2 2 TR B SR AR I DL B B A SRR SC AR 28 3 1 an th R S AR I i)
[ RE S 55 4 O TEARAN 41 SGAD KEZRAY 3 DR 55 5 9 2e S0 v B DL SERR 45 2R
RN, BURH 6 TRES T e 3OF R T AR AT # TAE.
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2 MxXIfE

2.1 ERERN

MR, Pl WA DS A K SR ORI (R . 300 0 75 9k e g TR Bl S A e 48 A S
SRR e 131320 B R ol T BRI R 2 HESE R, LG R F A IR o AL T
R, B, — RS AR DT SRR R S B A IE AR R GETHRFE (9 AU N DL R f R
BAREE) T Tt G WA IR i N 914, OddBall 33) G G vt 47 s 0 — B4 fs A H L K AH
X AR A S RA I S H B A R (5 B AER 2B b, AWK EIEIE B b B B A I R4 AR
AEAE PRSP A, 3 W PR B e 8 N A BEVE R BT R A5 M (5 5.

T R B SR 2 R SR, FRROBR 22 AR PRI 22 0 2% I ] T 3 A DA 55 1725261
R, IX TR SR A W BIRAE R AL 2 (8] o, SRS AEARLE R AL 2 ] 3h AT B 0 A DL K R
WROAESS. 440, DOMINANT (251 7| F B R 00 4 of 45 46 2 BRI B kAT 3R AE 22 20, HFHR IR B
G T 45 10 AR TR 22 R R BEAT AL, X FE AR ZE AR R AT Y T AT AR 15 . 2R AU, GAAN 26
fE DOMINANT HE:fl 2 BT 32— R, 32 H BN A sl 2% 134 ) 40000 g SR b 4T 57 6
. RSB 25 AR AR AR T AR T R H AR, B R e I, AT
8 2027 TEk ELAR A T A SO TR B B SR WAL 55 . SR, %R T7 008 T E AR TR 2R ) B
AR A RS, I AE — e R R L PR T A R B A AT 5 RO AT, TR Rt G R R A Y
PR BEAT A il A AN — 1R D I 1.

H B % 2 (self-supervised learning) #&—ZRAFIAM G I E 72, BB & 5 T 3R1AFAR S 1 4l B
B 55 RIATRAE 2], % I BERT B%) word2vec 6 DL J SimCLR (B0 512 [ i BHAS 2 (1 g BUAR SR
EAT, 267 B B A BUR 4T AR 24— 38 0 W B AR 130.37) i 8], kbl 22 1) 2 3 5l
¥ E B N T B L. i, GOC B8 i [X 73 A [R] - B 25 1) SR 5o [ 28 I 28 3R A7 TR 25
GraphCL B $& 7 4 PS50 1) 77 3, s AN [5) B x 2 18] (9 BLAS Bk AT IR AE
2. 251, JOAO MO BLK AutoGCL MU $& 1T F@ B 1 B i 3 5 7 X, B2 #3287 GraphCL
RSB ROR. BARIX LT ELE R or 28 . TRERFE R B — SR 3T, H2 e Tev: B T
FR RIS, ZE T, AR R A B B ST R SR RAERE /g, Bt T i 3 g e B8 S A )

HEZE.

ARSNGB P WA I 17 BUE SO R 458 — RANEIEHE G = {G1,Ga, ..., G}, Hh G =
(A, X), A e R R B sl AR I 4RI I, X e R R R TS 2. n A1 d 23531
B B P S S B LR SR MRS B4R BATTR H AR S ST WU R f - G s € R 5
PR 57 T IOREAR, ek R N\ BRI Dy — AN 815 00, BB B /N T AR A2
5 W IR, EAAERRE, B A A AR R — i 1 (1) I A2
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Anomaly detection module
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| (FUBIERE) SGAD MR EERRIZE
Figure 1 (Color online) Overall framework of SGAD

4 SGAD #EZ

AR FE ) SGAD HESLHEAT VEARA FIRE. BRATTE Se xR (X B AAHE SR A — AN SR SR, 4R
JEREL 3 MO ARE > — — RITA 4.

4.1 EEKIER

B 1 B/RT SGAD [MHEARRELS, EEHLLT 3 MEOBEMI R PhbR A . [ pp e 4
PRt DR S R AR, Bk UL, DRSS R et T — R A B e s B, AN [E 1)
HE 1 SR AR A A R (R0 A ) BB 1 S5 BT T dnh. 7R B EIE AT T — R VB R SR A
J&, BATRIIE 7 %F B AR 38 9 2R B3R A7 43 2R ) B S B A B AT 55, M 5 B B [X 40 AS R A T 13 S
R, A B TR SRR A, SRS, (8 B 2 X 28 BN B B B 4R R AE 2 ) |
g5 H IS B NTS. BME M4 H 225 % 12 G AR DL A B A 50 o) 46 4 52 2 1 R B ik A7 SR A 2
>, AR HRT DU 22 A B 2 45 4084, a0 GCN Y7 GAT 181 GraphSAGE 191 L& GIN [20],
TESER H B BT SRR, 1% 8 MBMT S i i 25 R v LB B R T SRR I e 19 0 i AT 7
Fr. JE s X AR B A T o, AAE SR ST — el 3 P A v B R SR B AN B AT
FIIVEAN A 4H.

4.2 (HIREHDERIR

H AR S S R T S e R A N, DR R B R A M DL SR B R TR
T &5t SUCER, BIEER AR SRBOU AR FE 7, 6140l — > 8 5 5 R 25 i SR B FR 2K
BN KA. Sk, BATE B S IE PR R IR R I k. ARz, MG 1A T
SEH I ) B B I AESS, RIS AS[R] Kot 0 5 (1 SRR AT 20 SR, V8 B 1 5 AR TS
B EARTE F A B AU AT B T2 O ORTE, H B a0y 5 (T L BeRsE) e EEN T
SRR IR B Bt B A 1 5 05 SR AR R ATI AL TR0 B, ELAN & B A Bt 1 iy AR = A2
AN TFIRE P b e PR )3 AR IS, X AR R G . B0, AT TR P Al ) 4 ) DA 4
JRIEE R, IWELTE 3 AN FEBTE 1 iR U P s 1 nie e A

o SET LR N B RE G 0. 2558 B ECE IO AR ERIE R A, BATTA AL SR AR R AL AT B R L dt AT
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5 EAEIRS BUEIRAERE A, SRR, e A RoRi2 2R E T B WE B, 151X
HORANTRA T F R AL %R B Personalized PageRank 42 PL & Heat Kernel 43, HAK A Z 0
THR:

A=o(I—-(1-a)D7'2AD™ V)1, (1)
A =exp(tAD™! —¢), (2)

Horb A FoR BB SR IEFERE, D 2 SRR FE A& A A1 BEFERE, o RIR Personalized PageRank
BB B AR P AL R, ¢ FIA /2 Heat Kernel f& A5 284 o f)47 BN (]

o LT SEMPLEN B IE5E. AF T % B4R 2 E BRI R, JE T80 r) I 1 s
FERIET R AR S5 B AR . AEIX B, A FHREATLIN B LA LA 0 B A 1 s i 3 i 05 2R Bt
M5k (p APLEHECE),

A =DELETE(A,p) or A= ADD(A,p). (3)

o TR MEAE 2 AR T 9. 1207 R P R S A S AT R I . 2 R A
Ve X, BATES T RUR VS BT PIR Z B RS2, SRIG A A K4l ) SRR (K N
BT AR, Bk poR:

A = KNN(X, K). (4)

I RS AE G SR R AR SOR RIS H, waT DAAS 21 2 R Bt 1 s 4. 20 T30 9 B b e 1 o
BAEIR P — A B b2, B IE 2 T A 1 SRR 00 2R B B BT S5, SR, 1%
BRI T T AR B 1 o R 5, SRR R0 R — MRREE. W G = (A, X) BEATH 7;
AW EBGHT IR G = (A, X, y;), B2 A RIAE e 0 0 B B BE AR IR D br 28, TR, 1% B
55 B 0 REAE R B I [X 70 A [ BB 1032 e SRR AR R AT 3R 22 >) AR T e St e
5%

4.3 EHEMERIEIRIR

BB AE A 20 5 B AR RS RS B DU RUBRVEAS S, BRIHCR A AR 0 77 R DURFIE 3
AT FEIX HL, JRAT TR F B 2 X 45 1) 5K 3R IA e o0 48 BBl AT Y. 7E SGAD , K&
I 2 A S H T LR AT B —Fh A 1 AR I 28 320, G GON 17 GAT 181 D& GIN 29 45 AN[F]
IO 2% B Yo e A WP 2 A — T RIS I, AT TR A8 S0 70 FLAA 70 Ar 10X 2 A 0T S A 12:
FRRER. AS /N5 K 16 B 21— T BRI I 2% BB AT BILAR], ST ) P o 48 o) 2 A Y BE ARG 1 SR AE 1Y) B
B EEFWZOERAE; BRI, 25 M BB, B0 e i 28 B i o 75 PR AR 7 200 4R JE
FAB B R I RAE AT LG T 508 B CIERAE. BINESE k JZERIMA M, 45 5 v RIS 21T R
WIE fros:

Ay = AGGREGATE" ({h} ™ u € N(v)}), (5)

hyy = UPDATE"(h{ ™", ki), (6)

Horp NV (v) FORIRTT S v BIALJETT i 4E A, AGGREGATE(:) fRIRREAE, e — RIIA0ET
FIRAER &N —DRAE, HZREHRIERA ERARIERF A AFTREG R, UPDATE() 25—
AR HT 1 mUCRAL A B KL, ER IR A IR AL S 2 AT S AR AR AT Bl SR, AN TR A B A 22 )
LRIRM VT TSR RS T 3, Bl gk SRANSEE R W ERAE.
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L K JEEIE 215 3075 R RAE S, BRI RAE o] DL BB AR 3RS, A s
Fis:
hg = POOL({hX v € V}), (7)

okt POOL() 7275 ML BR 2R, &5 I T L o B SR SRS, A L o 22 4 BT
(52 4 TR SR R £ 21,22,

4.4 FRERMIRR

TEAF B BRI RAL 5, — A o8 )2 an ) THERL R R w15 0. BUA WP D BRI A Ao T
FRALRA Rk, 85 USSR IRCR. 1T SGAD 2 b B (U HESE, DR AE 73 AT 55 (1927 2
LR A R] DAREAT S H A, I HAZ AR K S H0RT LUod i B B B AT 55 A 1 9 D bs A AT AR AL
Bkl E15 8] T REHRAE he Ja, TRATHHBA R — 2 EEF14 (multilayer perceptron, MLP)
AT I RAT TS, o~ R Fs:

y = softmax(MLP(hg)), (8)

1 N 7]
L=— il Uni)s 9
N'm;;y 0g(fni) (9)

HA s A s 70 MFRZRBIRTT R 0 JE T2 0 RIVIARERTFRZEM R, N f8 I RFEARANEL, |T] R
IR BRZE S AL

MEERSUE, AT A SRR T R MR A5 0 T R A R 55 0 TR
B G sRMFEA, RN (8) W LA B — TN e it 1 o R AL FOME R 0 A, 1% 0 A v s - RER
MR L 70 AR B A5 DA, X BRI R 0 (K 25 R LS B . b IR R AR (0 P 2 vy T
SRR, B A BB AR 55 I 2RI RE b IR W R AR S B3 B iy, DRLBEAEAS R AR P IX 0 b I
AR BEEESE m. FT 0k, BATH A AR A R B8 55 07 20T BME BISIE A 1 7 A5
gy, AR 0 R Fs:

|71 |7]

(G) = —% S5 gto(d), (10)

t=1 i=1
Horp gt FoRIGEZAEARSLELS ¢ FRBARIG R NN S o SRAOBER, %8 f() MITHERIZ [T RMER
SRR EEL. BB AOR, TR B2 A D 57 3 FEAS (1 AT REEBOR.

5 SEIG

5.1 HEENIWIKE

AAE 6 ANATTEARSEY B0 RO BEAT T 50E, BERERSITHE Bk 1 s, KT
A T3 161 ATV LI P 4 SR SR AT B B e W R 55, R R AR d /D TR — 2R A
N EREE. ZRRE WA S IS 5, Oy 5 IE R AR A U, W B A AT o5 EE N
WK WFE 1A LUEH, X 6 MG 7 AR ER . SRR, DLUEAR S5 G R s,
A BT A A LA ST 2 AR B A 251k

FEREA LI, AT 1 7 MR TR i B 4 5 07 U 1 B BB BIAE S5 (1) ARty
£1FE Personalized PageRank &% (o = 0.2) Al Heat Kernel LAY (¢t = 5); (2) 4519430, BLFEFE

1) https://1s11-www.cs.tu-dortmund.de/staff/morris/graphkerneldatasets.
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x1 BWRERITER

Table 1 Datasets statistics

Dataset #Graphs Average #Nodes Average #Edges Anomaly ratio
BZR 405 35.75 38.36 0.21
COX2 467 41.22 43.45 0.22

PROTEINS 1113 39.06 72.82 0.40
AIDS 2000 15.69 16.20 0.20
NCI1 4110 29.87 32.30 0.49

NCI109 4127 29.68 32.13 0.49

WU RS 250 /5% 100 DA S35 o5 /3% 4 Fhs 4 (RBNEE p = 5); (3) RSB, BPE T35 AR HAH
IFEER KNN M (K = 5). IeAh, BATH BRI YERE R E N 128, HEH 3 )2 GIN EIAH4 M 48 484
Xof BB EAT b, AN R S BO0 BOR M RE I S2 K AE 5.6 /N TS REAT PESHT 8. ReLU 91 F1 Adam 146
43 BRSBTS BR B A B AR A 2. FRATTZE [0.0001,0.001,0.01,0.1) (170 P 48 2% B A0 1) 2 =) R
TEIRRLE. SR RRA 5 P18 EGAIE, I AUC W7 {ERVEN R bR 84T 5 IRBUAME M )5 2.

5.2 XTEEEE

BATH SGAD AR 8 ANECH kAT LLEE, e AT TR LAEG A LR 3K

o WisDIRTT% (two-step methods). 1X 277V Jafd FH HITVE I BRI R AR 27 ST R R4S 21 B SR A 1 &, S8
J PR FH A 1R 5 A 5 VR AE SR 1R i . B AT sl 7EIX B FRATRA T 3 Fi A gy
PSR B AR AL ), B30 JE TA% BR300 77k WL 810 JEFBENLIEAE 19777 Sub2Vec 231 DL R 36T
TC W B 22 R 2% 1) T ¥2% InfoGraph P4 [ J5 2 A2 ML F) 25 AR OCSVM 49 fil iForest 120 4
RN ER AT S R A 55, ot InfoGraph W8 H T 804 B9 3R 4F, &— AN ELBCH 1w AP IR L
B PRI, X 3 AN EIERAE S SRR 2 AN ST A A B AT A T LAAR 2 6 A% i,

o Ui Uit Y (end-to-end models). %I VEALE 2 AN EHT I B i S AL AL OCGIN 161 Al
GLocalKD Pl. OCGIN i GIN 1ENEIRAE: 2] gufidas, HEEFIH SVDD £ B bR AN 78 &
MAE AT, GLocal KD $i& H f8 F B AL 28 18 (1 77 AT A, RV — > B i 8 X 45 T 00 7
— AN LRGN 25, PR A I 285 B R AIE 1938 77 22 K /N T LI N RE AR (1) 57 439

5.3 LRSS

#2451 17 SGAD HEZE 5 X} LU RIRAEA [FHE AL B RE RS EE. AT RAAS 2 LR (L5 45

o T, AIEHM SGAD HEALAE SR L FIHUS T AR BIRER. Bln, 53R s Xt b
J7iEM L, SGAD £ BZR 1 AIDS #l4E EornliAs 7 7.2% LAK& 11.3% AUC MEREIHE T

o HLIK, TATIC W EZ2 RN 1% G i 2 TR R AL iR TCv UG 2 NI = I as 5, R R RE T e rtE
B 7 B AR TR O LT HOAZ R BT SR I RIRRAE . T IR 08 5 7 200 B B K B AU i, o HL v DA
HET™ B AR S () B, 80 40 43— PR S 0 A 22 90 2% B Bt A A B AN IR 1

o [, HET ML E B IR AL Sub2Vec 78K 7> Bt 48 v A 2k T BB AR AE 1Y) InfoGraph
RORT . IX A& T Sub2Vee B TEIER I E A7 s @ A5 B8, HEK T —EMEIEERE XEE,
1M InfoGraph WU AT DA [F] B FH PR A0 B 45 4045 5 LA ST s @8 1 AS AT RAE S 2.

o XA IS HAG I 28 OCSVM Al iForest, ‘CATFEA RGBSR R R 4H A %%
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%2 TREHEEL AUC HHR

Table 2 AUC performance on different datasets®

WL Sub2Vec InfoGraph
Dataset OCGIN  GLocalKD SGAD
OCSVM iForest OCSVM iForest OCSVM iForest

BZR 56.4441.71 59.124+1.15 57.04+1.61 56.70+1.29 59.45+0.56 56.95+1.17 66.54+1.41 67.89+1.39 72.83+0.88
COX2 57.161+0.59 56.54+0.96 56.89+1.07 56.38+1.52 63.28+1.07 59.29+0.60 65.664+0.39 60.70£1.32 66.75+1.62
PROTEINS 58.484+0.10 62.784+0.79 65.31+0.14 63.2640.23 71.10£0.13 59.73+0.66 65.384+1.75 63.27+2.28 76.30+0.18
AIDS 82.814+0.04 84.51+0.66 83.89+0.04 84.251+0.21 66.93+0.81 88.09+0.20 89.56+0.36 75.86+2.17 99.74+0.04
NCI1 56.2440.04 55.1440.84 60.06+0.01 58.6440.08 60.15+£0.25 53.94+0.30 57.2640.82 68.2940.03 68.43+0.17
NCI109 56.6240.02 54.26£0.45 60.284+0.03 58.5240.13 62.63£0.25 53.084+0.43 58.08+0.34 67.96+£0.02 68.38+0.37

a) Bold represents the best results and underline indicates the second best.

#* 3 SGAD EARFIEHEMERETHBR
Table 3 SGAD performance with different GNN architectures

Dataset SGADgeN SGADgAT SGADgsAGE SGADgIN
BZR 65.47+1.23 69.00£2.53 66.93+£0.93 72.83+0.88
COX2 64.05£1.69 65.69+1.41 63.05£1.57 66.75+1.62
PROTEINS 75.68+0.29 66.48+0.44 73.27+0.36 76.30+0.18
AIDS 99.34+£0.06 98.56£0.08 96.11+£0.11 99.74+£0.04
NCI1 65.16+£0.17 64.22+0.27 66.31£0.15 68.43+0.17
NCI109 65.31+£0.24 64.56£0.35 66.78+0.53 68.38+0.37

FHA — SN, BT LI B A A SR AF R AR 3. RTEMRAKTEE b s E— Bk
IR 21 45 R AP IR BB ARG

o (HAFVER IS, v B oA 4L 28R SR BRI T2 PR BRI 5 ik, 3k — 20 U B 1 o 380 o HE 42 11
Pk, RN B SR AE [0 & B N e S W R AR S5 A, MAERE T PP BRI 7 vk, BIRIES: ST
S RIS P AN A BT AR AT 55, B — 52 A S V4.

o ItJa, TERFAEN T, GLocalKD HIZRMIET OCGIN. — 72K N OCGIN X 5 i
&, F—J7 RS HERR L SVDD FAEERFESHR IR, ARSI H 1) SGAD 75 %44 1)
PERESEEBR T GLocalKD # iX /& 1T GLocalKD & AR T B HLWIA LIS H RN 2%, A — 8
H]CIRE

5.4 NEEHZ MR

TEWHT SR, FATEE 1) SGAD & —1>18 H A Bl fh 22 I 28 S i Ar IUHE S8, & ml UE FH A 4 E
A — b Pl A 2 o 2 A R0 PRI )R AT . Dy 1 A 6 A (] Pl o 22 o) 2 S o S 28 M e P 2 e, R AT T
R T 4 B I R L % 28R AR GON 7 GAT 18] GraphSAGE 191, DL K GIN 201 75 AN [E) ¥
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Table 4 SGAD performance with different types of augmentations

Dataset SGADy /6 Prop SGADy /0 Attr SGADy, /6 Pert SGAD
BZR 71.91£1.26 72.11£1.96 72.09£1.76 72.83£0.88
COX2 65.64+1.38 66.38+£1.51 66.03+1.54 66.75+1.62

PROTEINS 75.59+0.41 75.29+0.35 72.74£0.26 76.30£0.18
AIDS 99.11+£0.06 99.61£0.07 99.5140.05 99.7440.04
NCI1 66.94+0.53 68.0940.48 67.83+0.26 68.43+0.17

NCI109 66.09+0.72 68.11£0.25 67.10£0.58 68.38+0.37
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Figure 2 (Color online) Impact of different hyper-parameters. (a) Representation dimension d; (b) number of layers K
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Self-supervised end-to-end graph level anomaly detection
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Abstract Anomaly detection aims to identify unusual patterns deviating from the majorities, which is widely
used in financial fraud detection, network intrusion detection, etc. This paper mainly focuses on anomaly detection
of anomaly structural and node attribute information in graph-structured data. Most existing methods usually
follow a two-step anomaly detection procedure. They first perform representation learning on the graph, and
then the learned graph representations are fed into the downstream anomaly detection task. However, due to the
separate training process of representation learning and anomaly detection, they cannot detect anomaly patterns
effectively. Therefore, we propose a self-supervised graph-level anomaly detection (SGAD) framework, which can
detect anomaly patterns in an end-to-end manner. Specifically, SGAD designs a self-supervised pretext task to
perform representation learning, and then the output of this task can be used for explicit anomaly detection. We
conduct extensive experiments on six public datasets, and the experimental results demonstrate that the proposed
SGAD can achieve state-of-the-art performance on all the datasets.

Keywords graph-structured data, anomaly detection, self-supervised learning, graph neural network, graph

representation learning
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