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Abstract: Graph anomaly detection, as a critical task in graph data mining, aims to identify anomalous nodes that significantly differ from
the majority of nodes in a network. Existing methods for graph anomaly detection typically adopt dataset-specific training paradigms, i.e.,
training a separate model for each dataset. However, such methods lack generalization capability across datasets and incur high training
costs. To overcome these limitations, recent studies have begun to focus on the generalization potential of residual features. Such features

are obtained by computing the difference between a node’s own representation and the representation after neighborhood propagation,
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which can largely offset dataset-specific semantic information and thus retain general information closely related to anomalous patterns.
Despite initial progress in this direction, the modeling of residual features still faces the following key challenges: First, when computing
the difference between a node’s representations before and after neighborhood propagation, the sparsity of neighbors and potential
structural noise affect the reliability of the results to some extent. Second, the computation of representations relies on graph neural
network (GNN) to learn local relationships, which makes it difficult to model global relationships that are also beneficial for anomaly
detection, thus limiting the expressive power of residual features. To address these issues, this study proposes GRAD, a generalizable
graph anomaly detection method via joint perception of global and local residual information. Specifically, based on GNN for modeling
local node relationships, GRAD introduces a linear Transformer module to model global structural correlations among nodes in the feature
space without relying on the original graph structure, thus obtaining node representations with global awareness. Then, GRAD transforms
the representations into residuals between each node and its neighbors from both global and local perspectives, and integrates them to form
dataset-independent general node representations. Extensive experiments on multiple public graph datasets from different domains verify
the effectiveness of GRAD.

Key words: graph anomaly detection; graph neural network (GNN); feature representation; generalization; residual feature

PRE L St S b TEARARTE, AT SRR 5 T R 2o 2R 1. TS 2 5 1 B 1 — T 55, B
TE VR 59l ) 265 45 4 v S 2 M 25 22 51T AT R SR T AL AR S AE S M s BT IR A, A s har SRR A A
T 4 R VR AR 2 LA 9 S5 G B AR Mt 40U % SR R AR TR, A0 B 3 g R oC-SVvMP, Ji
1, BEE TR 2 SRR I R IE KR, 45 B2 B 2 [ 2% (graph neural network, GNN)' {1732 R FH, % S14E %% (n
BEBR TR T, A oK B BE T BE . Uk E &, MRS T AR GNN 5] NELSRE RIS, LA S RH Al
SR SRR, P 3T GNN (7R AT KB N PIR P — 200 B S W A B 1 2 — 20 25 IRl BB, 3 5 i e 22 )
LA BRI SRR G 55, IEAR B B MG B T F I AT X4 B 5% %W SRR, A—RFEMMOET 3 E %,
AL 2 A M B M 2 IV A, SO RS2 SR 55 (R AR EE A L 4 TINS5 DARLIDLIE 7 (Y 3w A X,
AR B R WA Y R 7).
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e fe 77, (R BE TR 2 AR FLIIBR AR, BT, AN [F) a4 2 18] (0 10 3 F e o B A AE AR 22 ., DRI, i AN S d 2 b7
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LAR & B AEAR AR B AR, SR T4, 2 ARCHM™. AnomalyGFM! 3 1 Bk 25 R AEIX — M, BV s 3 40
FEXERT G MR 228, 5 B3 AR LEFRE A bL, 7R8I Jsy2: 45 B 0 FR 20 AE Y, 550 B D ) o 72— 2 12
JE R AH LV BR, REE T S R S i S R

(R IXFE M AAZLE G DAF M. B0k, R SRR A U S T 25 T 700 AR = B A% 48, SR T S X 4 o 4 A
{1 B S AR AN TR o A U0, A 2 B, FRATTEG ) T WL 3 B 4 v 4T B A A I L. AT LA, R 24 EL A
P R B A AT E. [FR, AEBLSg 5o, i@ BIRL am BM A 1 I L. R, 7RI i LT SR 5R 220
fEL R PERE. FLIR, XL 7R Z AR T GNN TR0 5 3R 7R 42 2], (0 GNN A BT REE R R
AL, XML AR B R SCE R. T C AW IR B, AR e B T IR B B A U BRI
B2 2RI LML (GNN) B LY 37 B DU P B B A0S 18, (5L 2 1T SR (0 A2 1 s s 1P A s 7 .
GNN RN —FRIBIE 2%, 22 2 107 B AL 30 2B ks 578 5 5 Rk U0

AT IR ) ASCHE T — Rl A R AR AR 22 AE B BN IR AT v AR B R RN T V2 GRAD. %771
T HAE H A B HEE AT 85I ZREUOR, 5 vy S B0 Hh S i1 R 0. el b, GRAD G 7E GNN
AT R iR AE BRGN  E A L, 5l NZ8YE Transformer, DAy 0 1T AU7ERRAE 25 7] 1 4 Ry o 1@ 5 5 4R REE
AV, 15 34 RFRZRAE. X — I FE AT AR AR 3 T 15 RURMAE I B S5 0 2 =T, A 800 1 0 SR 25 445 B )
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T REAHEAT BRI, 10 06 75 % B AR HE AT AT AR Y1 G5 s i

(2) R H—FET 2 FRRZERE B UMERAZ B 5% 7% (GRAD). %77, TR A T 4k
Transformer = 50T 425 5 REEAT @A, HR AR N R 205 B AN e 4T R SR EE g 2% S AL A o

(3) TEAL S ARk ) 2 AN FE 2B HR 45 FIHR BT H (Y GRAD k. SRI6 45 SRR W, GRAD 7243 Rk 5B
T EAN BRI SRR, 5 SOTA J7VEMEL, GRAD & 8 AN H hrdi 4 _E 1°F 34 AUROC F1-£}) AUPRC
ItEge > AERH T 1.9% il 5.4%.
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28 GRAD AR ZEME T 5 S 28 4 15 SIE A S0 v G k. 38 5 9 g 4 SO R AR SRR 7L 7 1),
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B2 N 4% (GNN) FE 4R KL A% 2% ST AT i B 0 7 1H, B A8 AL HE AR RR L B 15 2 1) wh (1 B 4 M i 102,

© HFBIERAIEIFIDN  hipsswww. jos. org. en



KRR F: kG B AE B B 07T 2 ALE FF ) 1563

FEAERE RGP, 21 10 PR A o T VAT S5 B TR T AR AR, BIUA K GNN 3 AT gl 42 R
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BHINT — T BP0 5%, 12582 T s RN B SGENL, R A R A FNERE /) FU B . Tang
28 N VOSE T BURHAEAS 5 A8 (LR, BV 58 (A7 06 2 SO0 I A8 5 4041 70 AR AT ) 4 v BEBRAR, 76 A
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12 ERERN
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F5 i, A FEAR AT DA [ B R FH 45 R 0 i PSR A — SO R AT 20 Sk, 3 T R0 S T o A 48 TN % L PR A A DA T
%, QAT RS, BEES TN EE LRI R, V2 B SR R I SR GNN SR M RAF. 7EA I EBE B RI5I |8 T,
B TTIRAE 5 K2 70 R IF L 0, Gao 2 N B T —ANbR&s (TR S8R bRk i 5 R A T ROAR
BAPEAR 53, FHAE LA EAS BT W] REAFAE S BT M 1), AT EAT e 36 Ao DU

T BHE B Z S 00T, B 50 U4 e R F 22 0 T M B 2 ST B R IZ IR B i e R A,
XS] BRSSP e, Lin 28 N PRI T —ANE T B HE S A SHESE CoLA, il 4 0 5
LA 1A T b SEAFI SAE, 45 A 5 5 0 B AR RN ZRRT Ee e SRR, TAMPYRBL T SN R 5 B SE R H
GAD ¥l 45 FPAEE i KR T DR, 418 ARt 3 JR 840 a5 S R 7 03 2R 0 M B A B . 3 A, Qiao 25 AL
FF s B, Wit 2 A N 7 vk A i by 57 B R A B AR R 2 o JREL T B RS, RIT S N Y E
) FH 5 R A5 R 2 AL X 5 A0 S 49 U AT AT . SR T, I e T VR VR LR AN AR AR kR, AR AT
YILRBA BB L 2ok 2 ), B A5 R B Bz A PR 2. DRIk, — N 8 — /MR Y (1 5 ST K DA Res 215 B
PRI I SE 3 55, R TR U B R A U v, AT 75 R I 2R AN 0, A2 BT ZE KR Bt B St kAT
Forul.

2 EEEXSEZETE

2.1 [EEENX
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© TEBREEEEIEDT  htp/ www. jos. org. cn



1564 RAFFIR 2026 5 37 K 4
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W, R — N8 A P e A AR, m A Sk [ A [] 454k B A 7] PR Bl 2 b I 3 09 i, AN R B R R
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FEATIIRACRAE Ty = (DL, DY} FHOSR 1 . 2200 R B, JAR IF 3 R ACHEIT 1956 2%, Bt T84 H bR
WA, T4 ny (ne < n) DNIEFFEARAE R LR SCRAIRTSAR G AT,
22 $HESE—

AT E R BT A8 A X 4R AT S A S Y L R A, BT DA 2 N TR B G —. Ak, BT
B b= SRR R 4E A AE .25 25 5, U Cora S 1433, CiteSeer SN 3327, N7 b B IRAAE T A M, T35 1 SRR It
O B ILEAAE A ). 2% O I AR, A8 TAE R 3 SR (SVD) IX— 43 2 M4k 7513 . SVD al ¥ v 4
TEFE 52 2 48— K47 25 10], I H RE B R AT M R FF IR UG EIR M BE B 6 R, W TER — MR L MRHERERE: X e R™,
BRI FET & LT

X eR™ S ¥ e R (1)

Hor, @ A BRI S RO T E R 5 R4 RS . X B B4 71 ANBR T SVD, AT 3EF L 04 (PCA)Y™,
RV S ME T (CCA) BT B e

[FIB, BERSRIFAE I 52 Re 8 G0 — 4, (E AN [R) B 4 R LR AR AIE R0 15 3L SUATIAFAE 22 5%, BIUAS [R) 7 28 PRV AR AAE X6 1
FEARFEME . Bk, % ARCUOFHE H 73, FRATIIE TR XS 5 8 AR AT 55 1) S b TR BEAT X4 5%, B B, 48
SERFIERL IR X, RRAE STHRE AT @ R

- 1 - o \2
)= T 1)

Horb, BURA o FORIERT U2 ISR k MRAEA A 1R F A, XN T R 5. 2Tk, BAT LUK B A
FRURFAE A% I8 STHR B BEAT BLHEFF Oy X7, AT HE— 2060 5 4> B0l 4R ORI 2% ).

3 ET2RZEEERIMENTZAERERNGE GRAD

AR AT A P S A U I A (PR SBRERE 1) 5 2T AR R TS K B I R, 2) B S &R E
SR AR, SR T — M AR AR AR ZE (5 B BERIIAE S GRAD. EAASKU, Tl 3 o, 8 T ZMAESRIX
JRI R BRFEARFALL N 25 K 5 SR AN R BANHETF 3 R AR, BRATTE Sk 1719 RO AL, A Ze1E Transformer BEAT e R ) 45
K22 2], I 45 B B2 RALAS B A R IRZAE B, SR A TR R A 42 R (5 B AT Al 2 o) IR L, 4tk
Transformer ] E KT il 2 8] (42 JR A G A, DAAR IS SURI TSR 6 45 M AN RERIT AR K A5 2. R, thm] $2 AL St ik
B IHUR TS RE R e o SRR IR, 3558, A TR R 8 5 R R AR S AR A DA DR 5 38 i 1
TR, e, OB IER RGN, TR TR U R E ) NN R, R R ATy R 4,
R S P R K A SE R T B 1 AL R TR, AT A 4 GRAD JHEH T 3 AN SRR,

31 ETEBERERENERTFES

EH LA P A I ()R, BATTRR A2+ GNN [ B G 45 R 27 ST Al 538 SO S50 15 2 079 | iON, 1%

HRACREAE 0 T 7 PR R SN (B0 T 2 MR SR, 1% 5 57 B2 R A 22 53 1, BRI RN
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A B85 B0 A ik B LA B AR R R SUAE B, B0 R R 0 5 UM 4R 1 SR S W REAE, AT Bz e . R,
FEASCH, BRI AT RURR IR 213047 5 2], RIS s T2 B AR R A0 J5 3R 248, l i 2 40 18 B RHRAE, v A
A AN SR AR 2R 5 SR B A O B A, AT 8 5 S A DR AT 5 AT SR B2 . FEIX PR e [A] v, FRZE MR B4
SRS RS AR, BRI R ZE R X B B i (9 3 W N6 TEBRAE b, 1 2, FRATIE A e A% 35 ) 40 IR ZRAL X 5
RTINS AN, BB SRS IAIIR T SRR PR X0 = X, TS 1 A% FR I (R R AE o] 4 7 204k

X' =Ax"! 3)
o, A R LHAREAERE. &3l 1 RAEHR G, AR 3] L MG AERE: (XO,..., XY). 555, WAMEB 2 28 ¢¢)
VERFAE LS 21 vy o 25 ()

Z'=g(X') e R ©)
et N
/m ERRICE: N IR SR 0 R
‘/ 2] 1§ 7o \ Qo012 ' \
| om ) | 7 W W, . P B my . !
! e BN /100 I
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G4 {} 1 — < EFxEEHR )
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32 ETEREERRBHERTRFES

TEIRA R A A T R ZE RS S5, & BN T 5 E AN, A7 LUR AN SR I R (1) <3t i 17
J BRZETH SR AL J R A DR AR, L SRR I 48 e 2 A R (18] 2) BG4 715 AU SRS BAREE R B,
I R G HME DATRE S R 7S T T H0, B MRPR ZE R I R (2) R 2 ) BB E2 T GNN HUHEZE 2 i
T AR AL, B =54 R w0 B e 0. BARIRE QLM TT LAY R BRI, (& 51 R RIE A R
1k (over-smoothing) f 7T RN BRI, A SCH) ST RPAEREAT 4% Ja 14 (1) 25 40 2 o) Rk 22 3R 2% 2] . 78 LAE BT b
BOUE T Transformer " K14 JR i B T WL AR HE 1T s (AR & AR G R, 48171, “F JLIY) Transformer #4511+
A R S R B 5 B S O R, I PR T N P A s DR, AT S O o T SRR U, e R e
B iz S S R ST T 2R 1 2 A . T4 R A DGt A, T NBL TR B A TN T (1) R 2 2 B & M 4%
Sk A5 2 Wb B, M 785 5 M 4 RARETF. (2) B3, X T JRUAA BRI, 5 T AR B AR R, R 9 B R A
(41 PageRank %) #EATHE) ™, 49 B —AHEXS AR 25 0 B, 75 b B AT R 2 ST AT @A 4 R AR DG k. AR A S, f T3k
T B e 26 M Transformer HEAT &4, BARIIERAEL R IT.

AR B EUE, 4 EVIRRHEAERE X7, R A B Z A N 48 4 H U BB S 8] 2 = h(X). 35, AT
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R SRR S A A R] L B [NV A 8], K I AT R RO R B0 TR E LT
0

Q=fQ<Z’>,Q"=”?|| @)
K= fu2). K= . V = (2 ®)

HH, fou for f REBEPEMLS. BT UL EROR, all-pair 2 )5 BT R R IR:
D= diag(l + %Q(iﬁ)) )

L83 4 R 5 AR IR AT e U T
Zyowa = D! [V+ lQ(I?TV)] (10)

n
Forft, 1R n 4 | (0516, diag () X6 n 4160 BN moon HORE S AEIERTSE R 0000, BATHFLRIT 4 AT

P AR I R SRR R S AH I, 13304 RAA T IR Z L
Hglobal = Zglobal -7 (1])

33 ETEBENNENERFIMRENRIE
FEIRAH R 05 2 R T SRR R R e, FATE TR —F 5%, (F 8 SRR &SRR

H = [Hlocal”/leglobal] (12)
Horb, AR AT IS, FRT )R 5 A2 R A5 B A IR
B, BT NS, JATA A B A BIE R (B30 WL O Tl BRI EAN, RIS 05 (AR D

MY BOIEAT 4 A IE I, RO A I R Jy 3k T IR ST pi R B 22 ) RIS T AN i, AU IR ne DM IEH
T RURHIE R 2 AR R RS 2. AR IR, FIRERI) TR bR, BRfEd e .

ST G A AL H € R, DB IEH T s ARF IR m BRI T AR 23 HOR, ZETT 20 A€ SO Hy e R
A H, e R BEEERENF R R ARE LT

0.=HW, K,=HW, 13)
qu = Softmax(QrK;r)Hk (14)
Vd,
Horp, W, M0 W, RTINS EOE RS, B, 0 T EE— AT Ry, SUR BRI H0E LT

. | 1-cos(6), ify, =0
C(Hy.Hy,v) = { max (0,cos (0) — margin), ify, =1

Hot, margin ZABSHL BRIH 0, FA T HIAAR IR AS (R AE ST 3R, max (-, -) i KA IR cos() HHELIIA T (16):
_ Hq, i qu
\H, |- H, |

XN, LI R, 5 5 v BB 2 SO e SON:

sy =\, ~H,) (1)

Hor, |7, RUH, Y87 R TR RAE R 4R ME.
3.4 GRAD 5%EiR#g

HRARE HTSCAR, FRAT4 H B3R 77 GRAD IVEANAR, W% 1 Bk,
% 1. GRAD Ji i
BN W ZREAR R T, BEARTRZEFAE LA B B 2 > P K 2 AW UG AP 2 Y 45
i BB H, R YIZRECHL E; RRAEAR AR ICHL L.

15)

cos(6) (16)
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IR 24
#ll ZRid 2
1.for Di . €T, do

2. HETAR (). Q) FFFUHL;
3. end

4. for epoch in E do:

5. forDi
6 AT EHEE T FURFEAERE X7, AR EHRE A, i BME R y;
7. for /in L do
8
9

€ Tlrain do

Z' — B AR (G)s (@) THEA SR T ER;
R A (5). (6) THET REREMA T RIFRZRHE;
10. end
11. Hypoo < ¥ L EWIRERHAEAT RSP,
12. H oo BIE AR (7)~(11) THE SAE AR T 5 24T
13. H — F4J 3B 4 Al I ik ZE R EAT 12 51 D42,
14, H M H, < Q5 HE R 508 RS0 RIRHE;
15. L« BEAR AS) iIHEHRA;
16. T HAE TR RIEE IS4,
17. end
18. end
#I L A2
1. for D € T,y do
2. BEEMSE, PATIZd RE A 5R 6-14;
3. s() I AK 17) HEFHEE
4. end

4 KSR

FEARTT, TATE T BUAEEARE . B RIE DL 53 LRI 4H, FF 3T SRE0 SR IGIE 7V A Rk,
4.1 SLEEHE

NEEETVEN, TRATERIT Sk A 2 A0 0 BEHELE, 3L 12 4, KGR Mg, 51 30 W4 o755 S0P
WA 4. SEAE 513 ARCU™, FEAEANATIR_E 10 K ZR A SR YIRS Y 70300 A% O Kt 4 kA7 AR, LA, I SR st 48
Tun B0F5: PubMed. Flickr. Questions F1 YelpChi; MR HH4E T, E%5: Cora. CiteSeer. ACM. BlogCatalog.
Facebook. Weibo. Reddit 1 Amazon. X S64HE 4215 B A R B8, DA RTE H ALY n] 2 31 )2 (1 i A (R
BF, LR HHE 1) 2o B T DAL b VA AR R T T AR S L B 1 RE . A, fE AN RS, B (LR
30) AR BEEDN 10 BB LM SUTHE B WER 1 PR, HAIE BT,

o 5| LM% Cora. CiteSeer. PubMeds ACM, 1 s AR, WNFIFIR R, 1 s @ 91 58 ) &

o 12X 2% BlogCatalog. Flickr: T s A 7, N KE R R, 1 sUB A& B P 7R AL 22 P 4% v A2 1 14k
SCA R, Ut B B AR B I AL I8 A Facebook: I A BRI 4. Weibo: I 15 K], 4E I 4542
R P BRiE AT BE. Reddit: RGP 2%, B 35025 F P B br id R e 819 A, JB A - SCA I & Question: K H
%75 Yandex Q, 1 MU, R IR— 4 W2 B ARAE 1012 58 B, 715 mURRAE B0 A P 3R SCA Y FastText 1] ] &
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KA.
o LTRSS AT 44 Amazon: #9777 fh O R B, TR0 S 4 S R B0 st P BT P YelpChi: 85
ERVES, TR IR R ER.
Tl KRB ENGIHE R

Hd MR UG MR TR DR BEME VIO RWECR SRR (%)
Cora v 2708 5429 1433 3.90 150 5.53
CiteSeer - v 3327 4732 3703 2.77 150 4.50
51 R %
ACM - v 16484 71980 8337 8.37 597 3.62
PubMed S - 19717 44338 500 4.50 600 3.04
BlogCatalog - v 5196 171743 8189 66.11 300 5.77
Flickr \/ - 7575 239738 12047 63.30 450 5.94
T Facel.)ook - v 1081 55104 576 50.97 25 231
Weibo - v 8405 407963 400 48.53 868 10.30
Reddit - v 10984 168016 64 15.30 366 3.33
Questions \/ - 48921 153540 301 3.13 1460 2.98
" Amazon - v 10244 175608 2> 17.18 693 6.76
25 VP L
! YelpChi \/ - 23831 49315 32 2.07 1217 5.10

4.2 THNIERRRITEL T

FEAR L, FRATF L H FTE 1845 AUROC A1 AUPRC SR 31-fiti K I R fr 4 8 541 %4 T AUROC (area under
the ROC curve, ROC #1 4 T IAR), T AL A [R] RME T X 43 IR FAFEA IR ), BUETE A [0, 1], fEHR#R
TR BERET . ROC Hi2k i TPR (true positive rate) fil FPR (false positive rate) 7, i+ 5 77201 T

TP
TPR= ——
TP+FN
FpP ~°
FPR= ———
FP+TN

HoAr TP (true positive) R IET TN A IEAEA, FP (false positive) 7~ i TN A IEAEZAR, TN (true negative) &R
IERR TN AL AR, FN (false negative) Z7n i i I Y A AE AR, XJ T~ AUPRC (area under the PR curve, PR £ T
TR, FT PP RE IEFEAR (055 BRI %1 B S R I, BUE Sy [0, 1], MEREUT 1 SBIRRIRT IR 2R
HIR R HE. PR 128 H1 Precision (FEHiZ) T Recall (44 [F15) ¥ RE, vH5 7 a0

TP

TP+FP
TP '

TP+FN

NEGUEFTHE 77 GRAD FA 20, AT TR LA T AH S A VA AT LU L.

o GONI: [ 2 k) 4% AT sk Fr) S At A 20 368 3o 400 Js 8 WL ) v A Ak 28 R 5 M 00

o GAT™!: Qg Mt 51 NFE R JIHLH, 2h A BT S oTih B, REAR IR AR F R IE S5 A LIRS 5
PLJF IR R RAE.

o BGNN": i FE $ETH e B (GBDT) 5 GNN IS5 &, & 1AL HE & 46 B4 s 85 1 1) I 503 . GBDT 11 3%
HAE AL T, GNIN T A 25 4405 8., CU7E 2 Bl R MR AE B 54 1 R AR 5.

o BWGNN"!: il Ab 7 i B AT /2 7] J& 3 s G ok 2, Al 23Utk 5 Al h <A RS B, RIVIE e
S 43 A1 T R AT AR AT X 35 PR R AIE (7] R

o GHRN™: 3T B3 H0 (0 M B o 3 A I 7 925, 36 HE 3 B k15 PR A0 2R 5 T A . 308 3o 494 5 7 51 4 Sk 1)
RGN, WE ST S R .

© DOMINANT!: S P 57 5 A A 8 152 1 o 19 288 s R0 50008 JE 2 ek ) 10 A1, 45 & GON 5 T FEE 1 4 ) 2%,

Precision =

Recall =

© TEBREEEEIEDT  htp/ www. jos. org. cn



KRR F: kG B AE B B 07T 2 ALE FF ) 1569

T I TR B R A B B AT S RRAE, KR B AR R S5 A R

o CoLAP™: SR b 1 W 2 51, st SR tof b sz 451 ot ) P PRI 3845 8., 0 M B St 4 0 5 L AT a7 45
IR R, B S 5 FEIEBEE N A B BES.

o HCM-APY: BB T VE Ay 5 W BT 45, [l @R 5 40 1R S0fs B, Wik wikh s YE 48 4%, IF9IA
DU 2 I A B SR AR

o TAMPY: - 8 i) o P A0 Jo) 30 57 A0k iR B4 T, 38 3 48 A0 02 0 e s B3 04 1 2 SRR R FE A
R SIS AR,

o ARC!: —Fh3EF | N 308 o B mTvZ A0 B0 B S5 A DN 7 vk, R (S8 PR /0 0 0 5 3 e S b S A RY
(R TE TR S 50 3 R R 22 3R R Rk J= 3B A5 B R AN — 50l A
43 SLRERSHH

2 MK 3 BT FERMERIRE R RATFTIEH 0777 GRAD 55T L5kt Re4s . vl LU B, Xt AR
a0 N7, GRAD 8 B iR, TEA RO LT, 752 MR 4E Lk s 7 B4 S rEas. R,
AL F I #IH) SOTA J57% ARC, 7 8 AN Edi4E T4 AUROC A1 AUPRC 47425 T 1.9% 1 5.4%. £551
Hh, 75 Amazon ZUHRSE A 35 0% O3 T, VEE 00 SR DR 7E %5008 45 P 42 RV IR 2545 S5 0] SR A 1) 2 PR A . f
FERBEEMIST, B FHIRERTERIIZM A%, 10 GCN M BGNN %5, BT 4 )12 R 55 1), kg
2 BT %7 B SR W A BE 7T, AR T X ATz A P R R R R () 7 oKk X TR IR B E AU R I 5 vE, W0 CoLA
1 DOMINANT %5, JRULH 7 B B354 g, IXVATHF e AT THE S B 5 G000 Fr) T AT 55, SR AT (38 FH R 2
3, R EA B ALRE AT, L, 7E CoLA Hh, 12 SRRt b Sz xet 301 FH B 5 345 8, TC W B $th A 44 o 5 L 40
WA RE R R, 53— NI, TR SR ST ORI, H A R — B0 M se$E Ft, W7E Facebook
1 Weibo L HBL T FUER A G, X AREL T 78 I i) A 55 S et A SR

# 2  AUROC J5 i {5 A ML RE (T HIMEEAREE) (%)

Type Method Cora CiteSeer =~ ACM BlogCatalog Facebook Weibo  Reddit Amazon Average
GCN 59.64+8.3 60.27+8.1 60.49+£9.6 56.19+6.3 29.51+4.8 76.64+17.650.43+4.4 46.63+3.4 54.98+6.6
GAT 50.06+2.6 51.59+3.4 48.79+2.7 50.40+2.8 51.88+2.1 53.06+7.4 51.78+4.050.52+17.251.01+4.0
BGNN  42.45+11.542.32+11.844.00+13.6 47.67+8.5 54.74425.232.75+35.350.27+3.8 52.26+3.3 45.81+4.1

BWGNN  54.06+£3.2 52.614£2.8 67.59+0.7 56.34+1.2 45.84+4.9 53.38+1.6 48.97+5.755.26+16.9 54.26+3.4
GHRN  59.8946.5 60.27+8.1 60.49+9.6 56.19+£6.3 29.51+4.8 76.64+17.6 50.43+4.4 46.63+£3.4 54.98+6.6

DOMINANT 66.53+1.1 69.47+2.0 70.08+2.3 74.25+0.6 51.01+0.7 92.88+0.3 50.05+4.9 48.94+2.6 65.40+1.8

Unsupervised- CoLA  63.29+8.8 62.84+9.5 66.85+4.4 50.04+3.2 12.99+11.6 16.2745.6 52.81+6.6 47.40+7.9 46.56+6.0

pre-train only HCM-A  54.28+4.7 48.1246.8 53.70+4.6 55.31+0.5 35.44+13.965.52+12.548.7942.7 43.99+0.7 50.64+3.3

TAM 62.0242.3 72.27+0.8 74.43+1.5 49.86+0.7 65.88+6.6 71.54+0.1 55.43+0.3 56.06+2.1 63.44+1.8
DOMINANT 72.23+0.3 74.69+0.3 74.34+0.1 74.614+0.1 49.92+0.5 92.2140.1 52.14+5.0 59.06+2.8 68.65+1.1

\=

Supervised-
pre-train only

U“S“‘ze‘,v‘s;d‘ CoLA  67.62+4.2 70.75£3.4 69.1120.6 62.49+3.3 64.70+18.8 31.5546.0 58.12+0.6 52.5146.6 59.61+4.2
re-tramn
pﬁne—tune HCM-A  56.45+4.9 55.5444.0 57.69+3.5 55.10£0.2 36.57+10.7 71.89+2.7 49.15+2.7 42.20+0.5 53.07+2.4

TAM 62.56+2.1 76.54+1.3 86.29+1.5 57.69+0.8 76.26+3.7 71.73+£0.1 56.62+0.4 57.13+1.5 68.10+1.4
Few-shot without ARC 85.33£0.4 90.64+0.3 79.27+0.1 74.81+0.2 69.57+1.4 89.24+0.3 58.95+1.2 69.77+3.8 77.20£0.9
fine-tune Ours 86.89+0.8 91.07+0.5 79.95+0.1 74.26+0.1 65.46+1.8 90.07+0.2 60.01+0.4 84.66+2.9 79.05+0.8

T IR H AR A Y SRR 25 R, TR RIER I () S 25
# 3 AUPRC J7 ikl ML aE CPEELhRMER) (%)

Type Method Cora  CiteSeer ACM  BlogCatalog Facebook  Weibo Reddit Amazon  Average
GCN 7.41+£1.5 6.40+1.4 5.27+1.1 7.44£1.0 1.59+0.1 67.21£15.2 3.39+0.3 6.96+2.0 13.21+2.8
GAT  6.49+0.8 5.58+0.6 4.70+0.7 12.81£2.0  3.14+0.3 33.34+£9.8 3.73+0.5 15.74+17.8 10.69+4.1

BGNN 4.90+£1.2 3.91+1.0 3.48+1.3 5.73+1.4 3.81£2.1 30.26+£29.9 3.52+0.5 7.51%0.5 7.89+4.7

BWGNN 7.25+0.8 6.35+0.7 7.14+£0.2  8.99+1.1 2.54+0.6  12.13+0.7 3.69+0.8 13.12+11.8 7.65+2.1
GHRN  9.56+2.4 7.79+2.0 5.61+£0.7 10.94+2.5 2.41£0.6 28.53+£7.3 3.24+03 7.54+2.0 9.45+2.2

Supervised-
pre-train only
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#* 3 AUPRC J7 [H 5= Rl Ve ge CPIMEEPRIEZ) (%) (£E)
Type Method Cora  CiteSeer ACM BlogCatalog Facebook  Weibo  Reddit Amazon Average
DOMINANT 12.75+0.7 13.85+2.3 15.5942.6 35.22+0.8 2.95t0.1 81.47+0.2 3.49+0.4 6.11+0.2 21.42+0.9
Unsupervised- CoLA  11.4143.5 833+3.7 73114 6.04+0.5 1.90+0.6 7.59+3.2 3.71+0.6 11.06+4.4 7.16+2.2
pre-trainonly ~ HCM-A  5.78+0.7 4.1840.7 4.0140.6 6.89+0.3  2.0840.6 21.91+11.8 3.18+0.2 5.87+0.0 6.73+1.8
TAM  11.18+0.7 11.55+0.4 23.2042.3 10.57+1.1 8.40+0.9 16.46+0.1 3.94+0.1 10.75+3.1 12.01+1.1
] DOMINANT 21.35+0.7 23.02+1.5 22.74+0.9 35.7940.6 3.56+0.1 77.69+1.4 3.84+0.7 7.48+0.4 24.43+0.8
U“::I:rexs;d' CoLA 1391455 19.5143.7 8.48+£0.5 104312 15.19+11.7 8.03£1.1 4.07£0.1 7.27+1.1 10.86£3.0
pﬁne_mne HCM-A  6.41+13 4.76+0.5 4.41+0.6 6.62+0.1  2.23+0.7 27.2045.5 3.10£0.1 5.64+0.1 7.54+1.1
TAM  13.62+0.5 18.66+1.4 58.04+8.1 13.90+0.5 11.1143.2 16.4740.0 3.93+0.1 11.56+1.8 18.41+1.9
Few-shot without ~ ARC  47.26+0.9 48.38+0.7 40.14+0.1 34.80+0.1 8.96+1.7 65.46+0.9 4.14+02 15.45+4.3 33.07+1.1
fine-tune Ours  49.27+1.1 46.58+1.5 40.47+0.1 36.31+0.1 5.36+1.1 65.21+0.6 4.55+0.1 60.24+4.8 38.49+1.0

TE: AN B R B S IR a5 R, TR IR B S a5 R

[, BATE Amazon it L X BRZERHMEIEAT T AT L, W& 4 JrR, Hrh IR O IEH RFEA, o 7 H
FREAR. AT LRI, 4 JR) 5 22 R AE T LAS B J5) 0 9 225 AR A A 49 1E 5 R S 6 DS P RE AR 2 IR PO B B B 00, RDR N R,
FRIAVEE T, JL A e 5 5 R M T AL FP O I B, St SR T SRR AR T — R B AR T -SRI TR

80 f 60 r 4
60 40 |
40
20
~ 20 o
M
-20 20
—40
0 | —40
-75 =50 -25 0 25 50 75 100 —-60 —40 20 0 20 40 60
YEJE 1 HEFEL
(a) JR BBk ZE AL (b) 4= R ik ZERFAIE

4 AL

4.4 JHRASIE

AFIRFEAF AR FrHe i GRAD fizm. Fpdst, ATEAT 1 3 FhAe4k, 0ol e: 1) Kk ZRon &5, R
il A B s (K AR 1 TEsk 22, 2) R IR an B Ak B 5, ROR B AR {2 AR 1A T Jmy . e Ak (] I th AL 17 1
ZER AR I AR 5T, AR Transformer 4% #5300 F6 0% R AT AL, 3) K 42 fe B AR B & 7, RAE
HIZET GNN F)J=EE B TR, SeIn g R RER 4 th.

K4 A0S MNHRE L IHERSELE (%)

BN Cora CiteSeer ACM BlogCatalog Facebook Weibo Reddit Amazon
R 86.89+0.8  91.07+0.5  79.95+0.1 74.26+0.1 65.46+1.8  90.07+0.2  60.01£0.4  84.66+2.9
T 61.49+13 6228+2.7  73.00£0.6 73.89+0.3 47.00+2.7  94.36x0.1  46.95+3.7  79.62+5.0
TR 73.72£0.8 758504  74.95+0.2 75.77+0.6 5417412 9070405  56.06+32  84.59+2.1
AR 8560408  89.85:0.6  79.41+0.3 74.10+0.2 66.59+2.0  89.47+0.9  59.49+0.6  72.56+5.1

IR AT SRR IS 45 SR, R RIZ R U T Y SR 5 R

FTELUA L, 3 AR R RE B — 2 RO TR, RF M, SR 22 (5 B RIS B R, SR ARIL T AE AT AR I R
HRIN 7 5T SR B S TO R AR AL K 6 B, — MRFBIRAE Weibo i 4 L AORBLR A S, TE1E SR A 2 1%
B A ) 5 F BB A AE T IR B AoR b, ZIR R K T AT TR 223075 @ M2 ) R R, A ARk ik
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R Z—. b, AT LU I, (LA FIE R IR0 R, 8228 T4 H 10 4 R 15 BB, AR A TG o o A A DR 43 $i e
£ FREAF I, Ho, 7E BlogCatalog FRILH T ftEM: 8. T8 ZE U IR, XA I To 4 RS aT A R 775 ARC,
PEREA X SRR R E T L4 B2 AR R SE B /E GRAD FIEER_ L3k, EBSHM I E 5 ARC A FIARF. 7T LA
RIL, 1€ 8 MHRAEN T AUROC THAE_E, ARC A 77.20%, T4 )RR 77.13%, GRAD SN 79.05%, [F It ] 4
HEFTH T IR A R
45 BEEMWSH

AR FAEE A 3 ANSHBUEE, VS5 &Rk EE B Z MRS S A BEZE KD d, FEE AR
e SHTF A, AT S B ETEEE B A {1, 0.1, 0.01, 0.001, 0.000 13271, K 5 Rl LA IR, U Cora. CiteSeer-
Facebook iX 17 A AR5/ M BE S, MEAERILLE 0.001 ZLHAS, &N Reddit Al Amazon X357 s B % 5
45, HERERRTE 0.01 b HUR. WEMEFRETEN SRS NEY, 2REEFENERE, EITE RS ER.
HNEFEILY R, BAKESHE —RE N 0.01. X T n, BATNSEOEBECEIEBLE (2, 5, 10, 15, 20} 29, Xf
RS R IR RTE R 6. AT LUK IR, BRI, B MPERERES R SCIE MR AR E i $2 5. [Fef, 72 B R
SCT SRR O, BRI REAE R 2 BBUE A BRI R IR RIFI0. T o, FATHI S Bk 36 % B A
{128,256, 512, 1024,2048} 2 1. I\ 7 &5 AT LUOR BRI, R SR 4ETE 1024 WIS S tERE, 7TEXF 1024
JE WP RE I 28D R, %S 3003 B A R N GRS I, 80/ N B At BB A B ) 1 BB R B TE AT, ZAE
G—WE N 1024,

95 100
B P ——e—— L i !
265t /" g 70t — e
E: 55 F / % 60 | L —
-—— " —o
45 + < 50 |
35 . . . . . 40 ) ) ) ) )
10° 10! 102 1073 10 2 5 10 15 20
A 1073
-+ Cora = CiteSeer - ACM BlogCatalog -+ Cora = CiteSeer -+ ACM BlogCatalog
- Facebook =+ Weibo - Reddit == Amazon - Facebook -+ Weibo - Reddit == Amazon
K5 RS eRERNRESH A Ko ERFEAESH N,
100
90 |
< 80 | e
Q /
S . ——
PR =
2 60 o 7S = — o
50 L
40 n n L L n
128 256 512 1024 2048
d,
-+ Cora = CiteSeer -+ ACM BlogCatalog
-« Facebook -+ Weibo - Reddit == Amazon
Bl 7 R DS,
5 82 %5

L S5 AU D TR o D 4 v G 5 0 R R AR 55, AEBR)T . R SRR U U B A 2 B (H
A 77 95 THI s A KA o T — S MR S 72 I 238 s S B i A 5 5932 A6k, Ml LI L 12 508 17 FH 4537
Sy TR T AR A S AR ZE R I SRS A7 [ GRBE, B GNN R R . TR A R A& A A DL &
WP T PIE. BT IR L ], AR T 42 R 5 R Ak 22 05 B S B Az AL B S W AR N T % GRAD. 1277 B 45 5
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21 Transformer e R R A4 5y 3 R RALE, I £ 42 JR MR BEAL AR TR 35 s RoR e o B 5 I AT Ja 2 18] IR ZE T
2 DA i S TE SR R HYRFE, B J 45 6 D REAR B 22 ST SEBLTE 7 H A S50 S0 ) v kel sSi8% , GRAD
RS USRI ME RO 46 B AR T- DA T3k, AEASC, W RURCI, it B e R R Z2 AR AL P R A — A5 2 A, i LAY
T 2B G B AR & R AKMER IR R AR, [FI, T2 Transformer, S AT e T2 JZ M2 p 45 3047
JERAE, AR T RIS, A S H A I M Bt B 7 R, B R I B XU BRI, R s g BoR
Ky FE N SR ESdfE R ARK MBI T 1) 22—

References

[1] Wu ZH, Pan SR, Chen FW, Long GD, Zhang CQ, Yu PS. A comprehensive survey on graph neural networks. IEEE Trans. on Neural
Networks and Learning Systems, 2021, 32(1): 4-24. [doi: 10.1109/TNNLS.2020.2978386]

[2] Qiao HZ, Tong HH, An B, King I, Aggarwal C, Pang GS. Deep graph anomaly detection: A survey and new perspectives. [IEEE Trans. on
Knowledge and Data Engineering, 2025, 37(9): 5106-5126. [doi: 10.1109/TKDE.2025.3581578]

[3] PanlJJ, Liu YX, Zheng X, Zheng YZ, Liew AWC, Li FY, Pan SR. A label-free heterophily-guided approach for unsupervised graph fraud
detection. In: Proc. of the 39th AAAI Conf. on Artificial Intelligence. Philadelphia: AAAT Press, 2025. 12443—-12451. [doi: 10.1609/aaai.
v39i12.33356]

[4] LiJD, Dani H, Hu X, Liu H. Radar: Residual analysis for anomaly detection in attributed networks. In: Proc. of the 26th Int’l Joint Conf.
on Artificial Intelligence. Melbourne: AAAI Press, 2017. 2152-2158.

[5] Erfani SM, Rajasegarar S, Karunasekera S, Leckie C. High-dimensional and large-scale anomaly detection using a linear one-class SVM
with deep learning. Pattern Recognition, 2016, 58: 121-134. [doi: 10.1016/j.patcog.2016.03.028]

[6] Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. arXiv:1609.02907, 2017.

[7] Xiao SX, Wang SP, Dai YF, Guo WZ. Graph neural networks in node classification: Survey and evaluation. Machine Vision and
Applications, 2022, 33(1): 4. [doi: 10.1007/s00138-021-01251-0]

[8] Zhang MH, Chen YX. Link prediction based on graph neural networks. In: Proc. of the 32nd Int’l Conf. on Neural Information
Processing Systems. Montréal: Curran Associates Inc., 2018. 5171-5181.

[9] Ma XX, Wu J, Xue S, Yang J, Zhou C, Sheng QZ, Xiong H, Akoglu L. A comprehensive survey on graph anomaly detection with deep
learning. IEEE Trans. on Knowledge and Data Engineering, 2023, 35(12): 12012—12038. [doi: 10.1109/TKDE.2021.3118815]

[10] Liu YX, Li SY, Zheng Y, Chen QF, Zhang CQ, Pan SR. ARC: A generalist graph anomaly detector with in-context learning. In: Proc. of
the 38th Int’l Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2025. 50772-50804.

[11] Qiao HZ, Niu CX, Chen L, Pang GS. AnomalyGFM: Graph foundation model for zero/few-shot anomaly detection. In: Proc. of the 31st
ACM SIGKDD Conf. on Knowledge Discovery and Data Mining V.2. Toronto: ACM, 2025. 2326-2337. [doi: 10.1145/3711896.
3736843]

[12] Zhu JW, Pang GS. Toward generalist anomaly detection via in-context residual learning with few-shot sample prompts. In: Proc. of the
2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 17826—17836. [doi: 10.1109/CVPR52733.2024.
01688]

[13] Zheng WQ, Huang EW, Rao N, Katariya S, Wang ZY, Subbian K. Cold brew: Distilling graph node representations with incomplete or
missing neighborhoods. arXiv:2111.04840, 2022.

[14] Zhang JQ, Wang SZ, Chen SC. Reconstruction enhanced multi-view contrastive learning for anomaly detection on attributed networks.
arXiv:2205.04816, 2022.

[15] Jin M, Liu YX, Zheng Y, Chi LH, Li YF, Pan SR. ANEMONE: Graph anomaly detection with multi-scale contrastive learning. In: Proc.
of the 30th Int’l Conf. on Information & Knowledge Management. Queensland: ACM, 2021. 3122-3126. [doi: 10.1145/3459637.
3482057]

[16] Tang JH, Li JJ, Gao ZQ, Li J. Rethinking graph neural networks for anomaly detection. In: Proc. of the 39th Int’l Conf. on Machine
Learning. Maryland: PMLR, 2022. 21076-21089.

[17] Wu QT, Zhao WT, Yang CX, Zhang HR, Nie F, Jiang HT, Bian YT, Yan JC. SGFormer: Simplifying and empowering Transformers for
large-graph representations. In: Proc. of the 37th Int’] Conf. on Neural Information Processing Systems. New Orleans: Curran Associates
Inc., 2023. 64753-64773.

[18] Wu QT, Zhao WT, Li Z, Wipf DP, Yan JC. Nodeformer: A scalable graph structure learning Transformer for node classification. In: Proc.
of the 36th Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2022. 27387-27401.

[19] Geisler S, Kosmala A, Herbst D, Guihnemann S. Spatio-spectral graph neural networks. In: Proc. of the 38th Int’l Conf. on Neural

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/TNNLS.2020.2978386
https://doi.org/10.1109/TKDE.2025.3581578
https://doi.org/10.1609/aaai.v39i12.33356
https://doi.org/10.1609/aaai.v39i12.33356
https://doi.org/10.1016/j.patcog.2016.03.028
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1007/s00138-021-01251-0
https://doi.org/10.1109/TKDE.2021.3118815
https://doi.org/10.1145/3711896.3736843
https://doi.org/10.1145/3711896.3736843
https://doi.org/10.1109/CVPR52733.2024.01688
https://doi.org/10.1109/CVPR52733.2024.01688
https://doi.org/10.1145/3459637.3482057
https://doi.org/10.1145/3459637.3482057

KRR F: kG B AE B Bty 7T 2 ALE FF ) 1573

Information Processing Systems. Vancouver: Curran Associates Inc., 2025. 49022-49080.

[20] Han HY, Liu XR, Shi F, Torkamani MA, Aggarwal CC, Tang JL. Towards label position bias in graph neural networks. In: Proc. of the
37th Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2023. 22999-23018.

[21] Wu SW, Sun F, Zhang WT, Xie X, Cui B. Graph neural networks in recommender systems: A survey. ACM Computing Surveys, 2022,
55(5): 97. [doi: 10.1145/3535101]

[22] Liu Q, Allamanis M, Brockschmidt M, Gaunt AL. Constrained graph variational autoencoders for molecule design. In: Proc. of the 32nd
Int’l Conf. on Neural Information Processing Systems. Montréal: Curran Associates Inc., 2018. 7806-7815.

[23] Wang SZ, Cao JN, Yu PS. Deep learning for spatio-temporal data mining: A survey. IEEE Trans. on Knowledge and Data Engineering,
2022, 34(8): 3681-3700. [doi: 10.1109/TKDE.2020.3025580]

[24] Hamilton WL, Ying R, Leskovec J. Inductive representation learning on large graphs. In: Proc. of the 31st Int’l Conf. on Neural
Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 1025-1035.

[25] Veli¢kovi¢ P, Cucurull G, Casanova A, Romero A, Lido P, Bengio Y. Graph attention networks. In: Proc. of the 6th Int’l Conf. on
Learning Representations. OpenReview.net. 2018.

[26] WuF, Zhang TY, de Souza AH Jr, Fifty C, Yu T, Weinberger KQ. Simplifying graph convolutional networks. In: Proc. of the 36th Int’l
Conf. on Machine Learning. Long Beach: PMLR, 2019. 6861-6871.

[27] Bo DY, Wang X, Shi C, Shen HW. Beyond low-frequency information in graph convolutional networks. In: Proc. of the 35th AAAI
Conf. on Artificial Intelligence. AAAI Press, 2021. 3950-3957. [doi: 10.1609/aaai.v35i5.16514]

[28] Yuan RW, Tang YQ, Zhang WS. A structure-aware invariant learning framework for node-level graph OOD generalization. In: Proc. of
the 31st SIGKDD Conf. on Knowledge Discovery and Data Mining V.1. Toronto: ACM, 2025. 1879-1890. [doi: 10.1145/3690624.
3709227]

[29] Xu YM, Shi B, Peng Z, Liu HX, Dong B, Chen C. Out-of-distribution generalization on graphs via progressive inference. In: Proc. of the
39th AAAI Conf. on Artificial Intelligence. Philadelphia: AAAI Press, 2025. 12963-12971. [doi: 10.1609/aaai.v39i12.33414]

[30] LiuZW, Dou YT, Yu PS, Deng YT, Peng H. Alleviating the inconsistency problem of applying graph neural network to fraud detection.
In: Proc. of the 43rd Int’l ACM SIGIR Conf. on Research and Development in Information Retrieval. ACM, 2020. 1569—1572. [doi: 10.
1145/3397271.3401253]

[31] Breunig MM, Kriegel HP, Ng RT, Sander J. LOF: Identifying density-based local outliers. In: Proc. of the 2000 ACM SIGMOD Int’1
Conf. on Management of Data. Dallas: ACM, 2000. 93—104. [doi: 10.1145/342009.335388]

[32] Perozzi B, Akoglu L. Scalable anomaly ranking of attributed neighborhoods. In: Proc. of the 2016 SIAM Int’] Conf. on Data Mining.
Miami: Society for Industrial and Applied Mathematics, 2016. 207-215.

[33] GuoJY, Li RH, Zhang Y, Wang GR. Graph neural network based anomaly detection in dynamic networks. Ruan Jian Xue Bao/Journal of
Software, 2020, 31(3): 748-762 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5903.htm [doi: 10.13328/j.cnki.jos.
005903]

[34] Gao Y, Wang X, He XN, Liu ZG, Feng HM, Zhang YD. Alleviating structural distribution shift in graph anomaly detection. In: Proc. of
the 16th ACM Int’l Conf. on Web Search and Data Mining. Singapore: ACM, 2023. 357-365. [doi: 10.1145/3539597.3570377]

[35] LiuYX, Jin M, Pan SR, Zhou C, Zheng Y, Xia F, Yu PS. Graph self-supervised learning: A survey. I[EEE Trans. on Knowledge and Data
Engineering, 2023, 35(6): 5879-5900. [doi: 10.1109/TKDE.2022.3172903]

[36] Duan JC, Wang SW, Zhang P, Zhu E, Hu JT, Jin H, Liu Y, Dong ZB. Graph anomaly detection via multi-scale contrastive learning
networks with augmented view. In: Proc. of the 37th AAAI Conf. on Artificial Intelligence. Washington: AAAI Press, 2023. 7459-7467.
[doi: 10.1609/aaai.v37i6.25907]

[37] Zheng Y, Jin M, Liu YX, Chi LH, Phan KT, Chen YPP. Generative and contrastive self-supervised learning for graph anomaly detection.
IEEE Trans. on Knowledge and Data Engineering, 2023, 35(12): 12220-12233. [doi: 10.1109/TKDE.2021.3119326]

[38] Liu YX, Li Z, Pan SR, Gong C, Zhou C, Karypis G. Anomaly detection on attributed networks via contrastive self-supervised learning.
IEEE Trans. on Neural Networks and Learning Systems, 2022, 33(6): 2378-2392. [doi: 10.1109/TNNLS.2021.3068344]

[39] Qiao HZ, Pang GS. Truncated affinity maximization: One-class homophily modeling for graph anomaly detection. In: Proc. of the 37th
Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2023. 49490-49512.

[40] Qiao HZ, Wen QS, Li XL, Lim EP, Pang GS. Generative semi-supervised graph anomaly detection. In: Proc. of the 38th Int’l Conf. on
Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2025. 4660-4688.

[41] WulJH, Duan L, Yue K, Li AS, Yang PZ. Structural-entropy-based anomaly detection in attributed graph. Ruan Jian Xue Bao/Journal of
Software, 2025, 36(11): 5031-5044 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/7374.htm [doi: 10.13328/j.cnki.
j0s.007374]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1145/3535101
https://doi.org/10.1109/TKDE.2020.3025580
https://doi.org/10.1609/aaai.v35i5.16514
https://doi.org/10.1145/3690624.3709227
https://doi.org/10.1145/3690624.3709227
https://doi.org/10.1609/aaai.v39i12.33414
https://doi.org/10.1145/3397271.3401253
https://doi.org/10.1145/3397271.3401253
https://doi.org/10.1145/342009.335388
http://www.jos.org.cn/1000-9825/5903.htm
http://www.jos.org.cn/1000-9825/5903.htm
http://www.jos.org.cn/1000-9825/5903.htm
https://doi.org/10.13328/j.cnki.jos.005903
https://doi.org/10.13328/j.cnki.jos.005903
https://doi.org/10.1145/3539597.3570377
https://doi.org/10.1109/TKDE.2022.3172903
https://doi.org/10.1609/aaai.v37i6.25907
https://doi.org/10.1109/TKDE.2021.3119326
https://doi.org/10.1109/TNNLS.2021.3068344
http://www.jos.org.cn/1000-9825/7374.htm
http://www.jos.org.cn/1000-9825/7374.htm
http://www.jos.org.cn/1000-9825/7374.htm
https://doi.org/10.13328/j.cnki.jos.007374
https://doi.org/10.13328/j.cnki.jos.007374

1574 RAFFIR 2026 5 37 K 4

[42] Stewart GW. On the early history of the singular value decomposition. SIAM Review, 1993, 35(4): 551-566. [doi: 10.1137/1035134]

[43] Abdi H, Williams LJ. Principal component analysis. WIREs Computational Statistics, 2010, 2(4): 433-459. [doi: 10.1002/wics.101]

[44] Hardoon DR, Szedmak S, Shawe-Taylor J. Canonical correlation analysis: An overview with application to learning methods. Neural
Computation, 2004, 16(12): 2639-2664. [doi: 10.1162/0899766042321814]

[45] Tang JH, Hua FR, Gao ZQ, Zhao PL, Li J. GADBench: Revisiting and benchmarking supervised graph anomaly detection. In: Proc. of
the 37th Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2023. 29628-29653.

[46] Pang GS, van den Hengel A, Shen CH, Cao LB. Toward deep supervised anomaly detection: Reinforcement learning from partially
labeled anomaly data. In: Proc. of the 27th SIGKDD Conf. on Knowledge Discovery & Data Mining. Singapore: ACM, 2021.
1298-1308. [doi: 10.1145/3447548.3467417]

[47] Ivanov S, Prokhorenkova L. Boost then convolve: Gradient boosting meets graph neural networks. In: Proc. of the 2021 Int’l Conf. on
Learning Representations. Vienna: OpenReview.net. 2021.

[48] Gao Y, Wang X, He XN, Liu ZG, Feng HM, Zhang YD. Addressing heterophily in graph anomaly detection: A perspective of graph
spectrum. In: Proc. of the 2023 ACM Web Conf. Austin: ACM, 2023. 1528-1538. [doi: 10.1145/3543507.3583268]

[49] Ding KZ, Li JD, Bhanushali R, Liu H. Deep anomaly detection on attributed networks. In: Proc. of the 2019 SIAM Int’l Conf. on Data
Mining. Calgary: Society for Industrial and Applied Mathematics, 2019. 594-602.

[50] Huang TJ, Pei YL, Menkovski V, Pechenizkiy M. Hop-count based self-supervised anomaly detection on attributed networks. In: Proc. of
the 2023 European Conf. on Machine Learning and Knowledge Discovery in Databases. Grenoble: Springer, 2023. 225-241. [doi: 10.
1007/978-3-031-26387-3_14]

B Fh 32528 3k

[33] Sh3ask, ZFoRfE, Tk, EEAT. BT 0 20 00 2 1) 2 s 00 46 St o A WU B0 30HR 5741, 2020, 31(3): 748-762. http:/www.jos.org.cn/
1000-9825/5903.htm [doi: 10.13328/j.cnki.jos.005903]

[41] RILZE, BUR, &R, A5, Bs 0. JE T S50 1 Ja 14 I 53 R, SR At 2241, 2025, 36(11): 5031-5044. hitp://www.jos.org.cn/1000-
9825/7374.htm [doi: 10.13328/j.cnki.jos.007374]

UE=1EM)
KRR, W2k, CCF A i, EEWT U KN 7>, Bl 4248,
RRHSAL, 911, 0, 12 S, CCF 4042 5, 1 B0 FU UL 88 2 1, BEaRiRUA, A 5L

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1137/1035134
https://doi.org/10.1002/wics.101
https://doi.org/10.1162/0899766042321814
https://doi.org/10.1145/3447548.3467417
https://doi.org/10.1145/3543507.3583268
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
https://doi.org/10.1007/978-3-031-26387-3_14
http://www.jos.org.cn/1000-9825/5903.htm
http://www.jos.org.cn/1000-9825/5903.htm
http://www.jos.org.cn/1000-9825/5903.htm
http://www.jos.org.cn/1000-9825/5903.htm
https://doi.org/10.13328/j.cnki.jos.005903
http://www.jos.org.cn/1000-9825/7374.htm
http://www.jos.org.cn/1000-9825/7374.htm
http://www.jos.org.cn/1000-9825/7374.htm
https://doi.org/10.13328/j.cnki.jos.007374

	1 相关工作
	1.1 图神经网络
	1.2 图异常检测

	2 问题定义与准备工作
	2.1 问题定义
	2.2 特征统一化

	3 基于全局残差信息协作的可泛化图异常检测方法GRAD
	3.1 基于局部残差信息的表示学习
	3.2 基于全局残差信息的表示学习
	3.3 基于注意力机制的重建学习和异常分数计算
	3.4 GRAD方法流程

	4 实验分析
	4.1 实验数据
	4.2 评价指标及对比方法
	4.3 实验结果与分析
	4.4 消融实验
	4.5 参数影响分析

	5 总　结
	参考文献

