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Abstract In recent years, few-shot graph anomaly detection (FS-GAD) has received extensive
research interest across various applications, which aims to distinguish anomalous patterns of
abundant unlabeled test nodes (query set) under the guidance of a few labeled training nodes (support
set). Nevertheless, the existing FS-GAD methods often assume that they can learn meta-
knowledge from training tasks (meta-training tasks) with abundant labeled nodes, and then
effectively generalize to testing tasks (meta-test tasks) with a few labeled nodes. This assumption
does not fit with real-world applications. In real-world applications, the meta-training tasks for FS-
GAD training usually contain only extremely limited labeled nodes, whose proportion of labels
usually does not exceed 0.1% or even less. Owing to the large task difference between meta-
training and meta-testing tasks, the existing FS-GAD methods are more prone to overfitting
problems. In addition, the existing FS-GAD methods only utilize the first-order neighborhood
(local structure information) between nodes to learn their low-dimensional node feature embedding,
while ignoring the long-range dependencies (global structure information) between nodes, leading to
the inaccuracy and distortion of the learned low-dimensional node feature embeddings. In this
paper, an effective few-shot graph anomaly detection framework with extremely weak supervision is
proposed, termed EWS-FSGAD), to solve the above-mentioned issues. Specifically, a simple and
effective graph neural network module~Global and Local Network (GLLN) is first proposed to more
effectively learn robust low-dimensional node feature embeddings, which simultaneously utilizes the
global and local structural information between nodes and also introduces the attention mechanism to
realize the information interaction between nodes. And then, we introduce self-supervised
reconstruction loss in graph contrast learning to maximize the mutual information between low-
dimensional node feature embeddings from the original view and the augmented view, which can
provide more effective self-supervised information for model optimization and also further improve
the generalization of the proposed EWS-FSGAD. To improve the effectiveness of the proposed
EWS-FSGAD method in real-world applications, we introduce the cross-network meta-learning
training mechanism to learn transferable meta-knowledge from multiple auxiliary networks and
provide good parameters initialization for the proposed EWS-FSGAD model, so that it can quickly
adapt to the target network by performing fine-tuning on a few or even one labeled node. Finally,
extensive experiments on three real-world benchmarks (Flickr, PubMed, and Yelp) show that the
proposed EWS-FSGAD achieves state-of-the-art performance in comparison to the existing graph
anomaly detection models. For example, AUC-PR improves by 28. 8% ~35.4% on the PubMed
dataset. These results strongly demonstrate that the proposed EWS-FSGAD can better learn the
essential characteristics of abnormal nodes under the guidance of an extremely limited meta-training

support set, and further improve the effectiveness of FS-GAD tasks.
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AN Lo (PEWLER 3.4 799) o R, 3 5 19
2R I0 2] BORBEAT ARSI R T I AL R 2
SEMOCINGRZ 5 AL B BRLREAE F AR 2%
s A BRI ST RO L IR R BRI T AR
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K1 EWS-FSGAD &M s A HE L

) 78 TE X
AR AT E R RN G=(A,X) 5L
G=V,&EX). W JE MRS N X=
[l d, o, b JERY Y, Hirp x, R Y 45 v, 198
[ i, SR 1Y 05 v, 78 B G A 1 R 5 R R AIE B
PEST N 7m0 B, d 1 RURRIE I 4R
B4R P2 0 M 2 8 M A ={0, 1)VY, HARSR i,
A=1RRAT S o FAT 8 v, ZRIAETE — 45301
Ay,=0WRARAFAED . VERTHES W
{01, Vs, ooy un o ERNINES B { e, €0, o+, en)o

AR YV={V", v}, Hh v & mirid
(18 S 1 I IE 05 8, 1 VU AL T R AR IC Y
FEFRATE TAE T BB VE << VY | AR, LS
AR LSS B s . BAOR UG, TER LS5 B 1
S, JRATTIE H A BE AR UL B AR D BObR 0T AT (5]
WL V= 10) BN ZRAT 55 I BLHARAE i
AL 0. 1%, EEFALCAI|VE|/|VY]<0. 120 .
EWS-FSGAD J5ik B 1E2% 2 — A 5 W Kl A A, 1%
FERIGEAEAE V! P SR E MR S T S VU AR i AR
(18 S5 1 AU T L X1 a5 R A 5 AR 4 s DA

3.1

BRI FS-GADAES .
3.2 ME45EE GLN

A ) GAD W58 A8 2 > 15 35 387 B 3 A Al
FH—FNPI R GON 2, X Ry 20U A H ey 18]
B R G5 M M5 B, Z W T X F GADAE &5 E R
()4 SR 25 A B e S T A R > 7 A i e
TEZRIR AR SCHE M T — o 8 L P GNN 4244,
PR GLN, H 4k an & 2 fr s . AE 2 Fpar 2L
F i, GLN f 94> SC A He 4 1% . GCNJZ W FA-
GDC J2 28 U 22 I HLHI A FL A IR R G
oA Er = F MR T 2 GLN. R EE 4 4
XA G=(A, X), GLN Unfaf i i ix SEHL Rk
S BRI R ER Z,

GCN 2 :/E 0 GLN 21— 43l . GCN 2 &
TE Tl 1 5 18] B R A A A . AR SO S
BRL10 i GONAE AL RE L 72 5 TR ek 756 £

2= GLN H1, 253 GCN EALHS , v DA 3]
- L1
H!)=0o|D *AD *H "W" (1)

Hrh A=A+ L FRRE A B B IR &8 1
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I J2 2 (S B 5 D R D, — S A Rl

- , : TR 15 A 1R 1 5 T B AR
Hi PERYT FonH L — 1R GLNA MR AR 1y e e 72 i AR ok 2 P40 i 1 7 8
PRAVAESERE, HEJES R MORAJRAERE S FEBRHIA e o 2 5 4y B3O M L SR OEHERE . 2 GAD
A HL =X WIERY R TR S o g g O 40 1 B A
BOERE 5o (« ) RARLRVEMIE AL TEARSCH RN e R 0. @t 2 5 el
R B 5 ReLU BOR A0, T GONRE BN A e 22 5 N TiH 5 R B 5 . Il
WA — B AR R A BRI SR AR A BRI RS b ok R
WL B BT GLN Gk TR G 2 AR5 POCT R S a5 .

WNE N l — il —- |
iﬁ)\ ............. I | ............................... l?[:j | | ij: | I
l | | Wy |
i) EnTag [ e L,
. = IBUR A
N R | :
............................... il : g 1 | |
TR s NG HN = IV SO 2 SO~ I I
| |
\ \ ............................. 3 Be Hgfj)/ V4
El2 GLN MR =K
FA-GDC 2 /£ N GLN )21y 5 — & 32 %, FA- B ADC BT T GDC i PERE , {5 H Xt
GDC ELHFHIK T AN EREWER. 04 = 0 B BRI > 17— Jin ™ = 1 1) 5 . ADC Jp
GDC*E YOk Y B E R 25 2 WAL EE 2280 S B A AU 1 26 P R A g D 2R

s=No.r (3)  HOERHE. BRUEZ AP, SCHRCS3IHW] L GON BRI

) - A5 KM GNN Iy S A |-t FLAT G308 e 2
ot O SRR AR AT BT RIAME qygpe S e 45T B TR BT AR Z I

b

(Heat Kernel) %10, =¢* /;' s T FE M 1 L Fept (B SCHk 54 g i B ZBE T 9 SR IE
N,'l . B A 225 . DRI AR R 2R IR S8 w27

WP R4 T, =D *AD . M EIR T SRR R R S AR MELLIX 4y . — BB b

H T GDC B2 MO B SLARAE ADC™ ool sl B £ 55 o G 90 £ B T S0
(Adaptive Diffusion Convolution) ¥f Hi#E47 T 2tk . T B e g FE e E L, AR N AR AN R
E1zigﬁﬁ§sADC>lyj‘[7§l:ﬂhgﬁ%Eﬁ§J/I\GNN)%E@ ‘I‘iﬂﬂ'o EGAD’ff%EF'sFI:{a:j%ﬁ%,ﬁ@ﬁFﬁ*ﬂﬁ
AR 8 A — R A5 B AL R R BT IR i B B B 3 LT o 52 (s o L35 A

T Y T (3) BRI R IR JLAE S AR A R b

=0 R REAR Y AL A AR L R AR —

Sob O R R R O g, ko LA RREEREE M. P mELT

Lot Ao Al T FhBAS (& LA AP 1 P BUR LUK B 6

RS i MR TE i =0, 1, -+, A7V — 1;01 27T 2% S i

S AT A FORAE (5 LR R (R ﬁ;ﬁ%@ O — o
AR 10 £ BRI R I Ll i o> ool A RO

S a) Hae(0,1)H}, GNN R B 5538 U8 i 45 1Y)

20=1 Bt ST 0, 77 LR 9 (R . GNN BUS R
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28 T 208 Y08 TR 1R T, DA BN 5 ) S Y0 R AR AR AR
JFA B S RN TUARAR S, T P A 1
PERE . Z s k. ARSI T FA-GDC, 38
1 REBR ADC 0y = 0 iy BR L BP 4 0l e( —1,1).
XHE L FA-GDC AU RE IS AG R 2K 57 s8] 1Y 42 Jmy 235
P58, 48 mT LA 3 2 2] RIE BUAEE R 50 050 F 18
i T AT R R L DA TTIAR V37 K S 01 0 1) v A
58 . M, FA-GDC 55 —4 3 #% GCN By £b
70, 5 # EEH T ARG .

i T ELA Y S U2 FA-GDC
AR AT 2 B R B, FETCYINZRAT 55 AR I A
WG Z () FS-GAD 5t Ho BRI A A
D5 T s —J7 T - FA-GDC RERE 2 H 7 8 1) B R 1E
{75 AT BIRAEAS p 482 I AR AF B I RORLEL A X )
M5 55— 7 il FA-GDC 47 Bl Tk /0 45 M 75 1l
TGS 20T S5 AGL D 235 SR %) TG (AR AR B o & 3
AR5 55 A O R .

5 )2 GLN Ll i FA-GDC AT Al LA
(CE|P

HY)=HYWY)
Hop =Y, VERY Y IR L — 1)2 GLN i iy 4
Joy B0 J2 R AR I L e AR R B A i A HY) = X
W ER! A 2 o] L BB RE s 0 € —
L, )T ) WA R G HY ] R B I
iH) BN i AR EE . =0,1, -, AV —1. M
TFRANRN T 5 e B TR IGHE ST, PRI A SR
ADCY e 4 fle A T M BRI L FA-GDC 2.
RO LAE— 20 oR N

M

k
[ H;;,gl_g(zew(ﬁigﬁi) (Y ”1)

=AW )
SO 06 2 I A T L AR (BRI o5
e A 2 B0 Y AC I TR 49 A £
BN S LR A AR
HE S BB ,— 4 A 5 B 8 4 A7
1 4 BT RO AE L L 94 . D
AT A (D R AR RS, TR
i P 1 AT S T MR 4 10,
LRI LA A P O T 5
LB 6 . £ GAD o J T LIS 5 15 8

BEARE R R TEARCT A R T
ARG BN E S, POy B A TR E ST
Rt A DX R TS RS T AN R AR
IR X EEE BRERS T B Ul 5 BRI 254 1 2
i 5 A5 s BRIV S 285 SORBEARIC . 8T LU ET
FUER TP A2 B A 0, ] DL IR AR S P i S
AR ECT

EICER S AR —)Z GLN H L A SCil T GON
JEARAGT B0 SR B 2 R AR B H ) e RN s sk
FA-GDC 2 3k 13 97 & 1 4 5y K& 2 1k 28 1
HY) RN, Sy T AET R SE B R a5 B
oS R SN R Sy G RN R i Y SN R N
B ARSCTIAT )z A 4 R AR ) (Scaled
Dot-product Attention)HLifil . ZHLH 240

QKT)V (6)
Jd
Hrr, g e RV FRIn A i (Query) ; KERY K
7N B ) 5 (Key) 5 VERY Y R {H In] & (Value) ;
HERY W7 1 1 4

S, A S0 S 8 P T 4L AT 2 3T i AL S0
HBE AW 0 WD WD ERY AW o, Wik,
W) € R Ay GLKE HYD A H) B E] = A4S R )
Y ) d s [l

H = softmax (

Q) =HIW,
K!/)=H"W (7)
Vio=H{W),
QY)=H{)wW!),
K\ =H{WS) (8)

IRIG L T S Lh QU AE g 38 1) L K0 SR e 1)
VO (L A RS B 2 7 T A5 3]
QK.
h(/)
P25 UL QU R i 1) i KO VE S o VIOFE N
(L1 4, 07 R4S B T A5 2
QK"
N
R ARSI T R A S A S
LIRS B E . )l kS E RS
BRRS .

H')= softmax |47 (9)

H})= softmax Vi (10)

H{)=H{)+ H{) (11)
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HY)=H)+HY) (12) mEkEE M RELNRESE S, R=

AT B3 5 E B — )2 T e I SR B 2 R R R B
H{)ERY " M4 R B ZFR A M H ) e RV,

JRhEsF 5 B 4 Jm 25 A A BRI TR Z R
FURE FAERIE . A8 R A X £
ROEAR B A BB S 7R AR IO RE A AT BRI L
B A B R A AR L I A v A B R
sk S » AT ARG SO RURS: o (RIS ZE = A
ICFEAR IR OL T 558 1 ] R AN Y &) M 43 A 72 &
Rl AN TR RO 945 S8 AT B TR0 5k 2 58 1 a5
RO ] B e BRI =X, 45 5

HEMNIARE 4 L2 GLN)Z 5, 384
A5 307 8500 B 2 R R B2 RR AR AR B H € RN A
SRR R ARG H ) € RN, Hoh o = AP Ry
SR SRR I A PV LERE . R T AR
FEIR AR SCHE 3 5 — AN 0] 2 ) AL E S5O B
WE R FEAF RS _E b AT FE R MBER G

2 =h"OW,+ ' OW, (13)
Horp hre R Fom HY WS 47, " IR 3 ; W, eR®
TR WIRNEE 147, W, [H H 2, € RO KR 9 5 v, e &
(T RN s O FRBIL R R, XAE—ok, A
REAE AT A 1AM IR RSB SRR ZERY .
3.3 REBKL,

GLN 215 1995 s s i vl A B 0 28 88
VLt — DAl B S e e . BRI 7 32k
v ok H— A B2 19 2 )2 B HL (Multi-layer
Perceptron, MLP) » F T K i A B9 19 55 387 5 46y
Xof L F1 5 A4

h,=ReLU (W,z,+ b,) (14)

si=w!h,+ b, (15)

Ho, s, F0R 1 Mo, S HEAR5 s h e R

W, R Flw, € R 43| & 75 W] 2 2] ) AL 6 B A

K )4 50, € R b, € R AR (0 BT, A< SO
FMLP,Fmiz 5254 I A B an s .

s;=MLPy(z,) (16)

MARAS FiF EWS-FSGAD A4 H bRt H b &
AR I T A 38 2 T3 S B A5 0 ok X 40 S 1 s
IEH M. I AR SCR A T SCHRL 20 1 2 1 19
24515k (Deviation Loss) » LAPR AR Y Ky 5575 1550
Be o & SR A5 . 0 T 51 B A2 ) i R AR
LEEE LT =N 058 p, N — AL
A IEE 1 s i w15 U b s S
IEH AT S Z A 22 o Bk UL, A S e —A>

{rlv T2, ."7rk}NN</u7 0'2)9;5\:[:':' 71%‘:2/?\‘%Mjiﬁryﬂ@
W TR SR . S5 00 B, WO SO KSR

1 k
ﬂ,,:er,» (17)
k=
PRUERF 3 8E SO T v, 525 0 B Z [l Y
P 25 -
dev(v;)= o ; i (18)
;H\:I:F‘ ’dziﬁﬁ%ﬁdﬁunﬁ‘ﬁﬁﬁﬁﬁé\R :{ (AT E TR
IR ZE o BRI H bR pRECH
Lpo=(1—v,)|d ;

—Fyf-mar(o, m— dev(v,))
Hrr,y B so R AR 2—TRET
FL Uy, = 1,450 y, = 03 m A EAF X[
i fe/ME IR R EWS-FSGAD fgf%
A 1E 5T B S A A AT T [R5 4 R S
WS SR ARy S o, Z RAFAEE D m Y IE
TRZs . BXAE, RIAE ZE AR 1 A AT BRI BL T
EWS-FSGAD e 242 > 9 s o i 7 A7
R TR XA S S IE R B R T . 2%
TR E AR 22 3K £, EWS-FSGAD fig%
0T R RS
3.4 EHEMKL:
T MR EWS-FSGAD Jf 24 2 ] 145 5 &R
B e AR SCHI AT T 2 ) Wy e A
P DRI E A 00 A M BHME B . BRTm S Xt
T A GRIEHEE G=(A, X). 15 5eF F K 3
3% 4% R (Graph Augmentation) , 1 i B HLfE#E G
(R K AN 5 A SR LI G = (A, X)), BV A (45
— NI EMX R —1TH Ly PR GEZ . W
B LT 7 s X 119 8 v, A G AN W] S 500
GLN, F1 GLN 4857, 43 551 3R B AR T e AR ] A3
P T R
2,=GLN,(A,X) (20)
2, =GLN,(A,X) (21)
B J » AR SCH e — AN TR R p, (— > FR S 1Y
MLP)S™ I = A B HUIAE po( 2, )s o po(2,) f2
XFE . RSO FEEEHAR R 2 R T,
RS B8R 2, 5 po( =) Z [ AR APE . Mk AR
SCHE AP Z B A3 — 38 5 iR 22k S0 B
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2

. N 2 C))
MSE (2, po2))=| 1= I, [ o], |,
o Erpz)
[2:0,] po(20) ]

Horpro [l o |, FROR Loy 8. iyt 5 a4 ) LU
SR
o Zpo( )
121, 2oz ],
L S2PR b 245 po(2:) Z 18] 4% 5% A AL E 1Y 111
H o BRI AR, 7R L B AR, IR R AT
SRR AT B T I 2 AR A R R LA
A DR AL B ) s — Bk I R BT Z A Y B
B B AR ] DIAEAT B A B TR
TEREAS YN LRI B, A Sl T3 A i 48 CRAR ey
ROMME AR, SRR AL T 2 f EE R, A
TR SRR AL, S HZ AR B
3.5 \EZ5NK
25 FRTIR R Y H AR eR BT 2 R O
LR — SR X PR IC T A G B B % R %R
B 220 2K L5 25X Topnic 15 sl (A 5O I A
WA R R, BV AR Lo PRI, EVAO A 2K PR
BT LARIR A

(23)

rR—

L=L,+ BLx (24)

Hor, BRI £, 0 £ Z 181 LB AIA B S50

WE R SR IR, R SE BRI v FRATTE L ARk
R DB BRI A R K R AR IE T . SR
7 s IR S HP AR A AEAE — 28 55 H AR N 48 Ab T AH {1 45 45K
B A4 . 40, ACM A DBLP T 4 R 28 5541
Bl i A AT R 5130 . Britz
Ah, CA RIS, TR A R AT SR A
AEARUHE & T LK 15 090 2 v (8 A5 A0 (BT A iRaE & 51 H
BRI 2%, 32 TH H bR M4 B9 PERE . S TR EL S
A I — 8 EWS-FSGAD HyPEfE .
CHIA T2 N Y 5 X 2% 5T 2% 2 (Cross-network
Meta-learning) Y Zr L. ELKIM S L BR T HARM
%G ={A X"} ZH AR EAEP S5 HIrM
26 4 F R TR) A50I BE B I 4% ROoR Ok G ={ Gl =
(AL XE), Gi=(A4,X5), -, Gi=(Ap, X¢) }o  1E
B b g — o y={V", v}, K&
oV D AR TE Y SR SR E AL VU
A5 AR ARFRIC T .

VB R — A S AR S I S R, Jose

I A ofe PR FLAE 2 A G v ) )3z N I A7 8 ok
FEZ IR I OCUE . AR b, e I B H bR R AE
LR AT 55 BN SRR, o H B 08 7 T X A 2
2 HA — A i B s BT 55 i AR SR R IR R 4
IE W PE . 5 45 0T 2% > B A EWS-FSGAD 7£
YIZR B B A B M 2% b AN TR FS-GAD AT 55 42
BB JT AR IFXE H AR 2% 1 8T 55 i A7 iE—
A OIS DT AR A B 8 PR HL A R AT A
TN o
BRI T S A SR R 25 24T 55 38 SOR TE AN
W4 AT FS-GAD. & 7, %78 th GAH Y FS-
GAD 1155 » WA B VI 25 JE K AEAE PSR 2
IMES . T B UL . 4 08 IR GLN,, MLP, Flp,
) JIT A A 2 2] 280, 4 ¢ 3RoR GLIN, 1 Jir A ] 2 2]
ZH, WK 1R, EWS-FSGAD Ayl a7 %
ALFE P B B - SR AN TR B . ZEROIE B B, X T
MBS G e 2155 T NV R B AL
SRR KA S5 0 M KA IE 519 05 0 R S
MV BEPLRAE Q/2 A4 54 19 U Q/2 /1N 1E 8 717 5%,
A AR Q.0 RIS M 0961k 0,:0) < 0. 4F
BT L30T T
LUS, 0% 06 )=rLi(s;060 ")
+BL:(95 6! ")
0:=0!'—aV, L({S, Q%6 ') (26)
Bk 1. EWS-FSGAD Myl 4581 .
LN
(OPAHRBIF% B G ={ Gi = (A1, X1), Gs =
(A5, X5), -+, G=(A%,X3) 15
(D—AHFpRL G ={ A, X' };
(DAEAN L% 1 /0 R RTAC 5 K B B TEARE
P S (VE, V), e, LV VYR VR, VP )
WOINGERE , LR AR BLK, 24 A
QWL T. % a1+ fse
il VOSSR M
1. WS %0. 45
2. WHILE ¢<<E DO
FOR &AM % Gi(T55 7D DO
M VERBEHLRRE KA1 SR KA
FOW A R St N VY R BIHLREE Q/2 4 S Y
BRI Q/ 2 IE 5 M R A A Qs
VIHEAL0,: 07 < 0;
WHILE << T DO
AR ANTE S EitE
Lo(S5 600 1) MHHAR231E QF 1T

(25)
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Lo(Q5 0! ) AR COIE L({S:, Q) 0 1), FF
WV, LS5 Q% 6! ')s

8: MR 22D FIAZ26) M FRLEE
TR 6

0i<=0! ' —aV, L({S Q) 0 ')

9: END

10: END

11: FEFARADTE O S L,,( Q5 07 MEFHAR 23

T8 Qs BT L( Q5 07 ) AR O L( Q5 07 ). FHF

BHTFEV,L(Q5 07 );

12: HHEARCOFAI2) JCEH 0.¢,0< 0 —

ﬁlvaiz(g@ o ),¢«¢—ﬁ2v¢2.ck(gﬁ; 0r);

13: END

14: 76 BFRMZ G R VE, VY i 05

15: 5 VY SR .
Ho, el 2, T Lo(Ss; 00 ") FmRETBH
0! VHESCHEE S EATR MR, L Q5 0 1) IF]
s o BRI B B 25 2 3. (EARRIE 02, 7R ROM
BB i TR AL GLN, #1 GLN , 4= S 250808 1 7
Tt CRP P Az i O, DR SR ORI B B, 24K ¢
TREFAE .

15 5E BUEAN 7 2D AR 55 T, 00 T W0R IF 345 6,
J& s ASSCHEXT 0 FN p HEATICTE BT o 8 ) I 4% DT A
SJVNGAIY , A SC B AEM EWS-FSGAD 2% > 3| B
FARFY A Ui AL S50 TN o LIAE T8 T8 % 0 X A T 55
NN A G RO R = T S SR 2y e 5T ST A= R NI TR
X — H AR AT LAE 2 A B AR BT AT 5 2 AT 55 rh A i)
LT RER SEI . RN H AR eR AR S

min ;c( 9; 0!

F IR FBRAEDIRE b 928 5, A SO0 Hoo
FEHTR T T AT 69 27 o SRANR eREC . HAROR
Yo, TERTA Qb ARSCE TR U0 0 ¢ #4708
T

(27)

666*31V6i£<gﬁ (9,T> (28)
¢*¢fﬂzv¢izk(g; 07) (29)

Horpr, g 1 B, A IR TR 0 R ¢ B TC2E 2 . T g
BIER R GLN, AUH T L I HOT B2
FeF Lo HEATI LT 0CGLN, MLP, 1 p,) 1 0 5 8
MPRIET LHEATHY

TE5E WA P2 S 55 e R 2 5 AR SO

TEHARM L G BRI VE, VAT 0 AT 00 . 3
P JG A SCGH I GLN, S VY H A5 50 s , il
FH MLP, vH53 55 45 43 - DA 58 B AsE 28 1y ) 3K
SEHE )RR I LR .

(B VE AR AR SOy R F I I 2% e 2 21 )|
SRML L 8 2 DA Bh 190 4 Hp 2 5F el pes % R H AR
I 2% (R RE 71+ BEAE AT BR B AR 15 4 R SR BT 32 8
1) 58 TC IR . XS RIRI RIS TE H AR 45 AL
R S8 95 o LGN AR SR 1 I R As A
M T R R A L1711 25, I3 3 Tl o
TN R A AT S5 TOIEAEARIC T A BRI BT Tk
TV 6

£ Meta-GDN i BT SR FH 9 5 00 £ 027 > R i
R VA R g S Tal S et E W (110 PA | 3 g = B N
RARIC S H A LA T A PRI I 1 8. AR
20155 ToE N VERT VY & BEHLRBE KA~ 5
AU KA IE 5 S DA SRR S [FIRE A V) A
VI R BHLRFE Q/2 455 9 AU Q/2 A IEH 1Y
MUK A I AE Q. SR . th T Meta-GDN ¥4 V!
T I T s B TE R SRR T S A
TR IR Y T — A BTRYE . R T
O SAH R R BE o

Ry R 1 3R ) R, A SCABR A SR g FH L B A
AR —F o3 hRic 1 55 1 805 551 A IF
e VL & A ARIC R 551 s FE 51 05
R  E M 2 2T AT 55 T N VE AP BEHLRAE KA
ST U KA IE 5 SR SRR S I VY B
MURAE Q/ 2454 1 J5 R Q/ 2N 1E 5 1 s F i A5 1)
Q.. BTy B AEEIE A h T A MRS,
AT AN 23 XA TR0 i P TR VG A By~ A5 25 o A b Al
BN 2 S R R S B 4
R ) i AT R g

4 L I§

FEA AR SCHEAT T R SR IR T T4
1) EWS-FSGAD HEAL A 2 . 5% /4 T Rl
FHM B S i & 905 R IT A 1 S g2
RIS BA R GAD BT T X5 s BRItz
Ah BT T IHRSELS , DA — 25 B IR 7 44 A SC AR
B B9 RO s e WA TR AR 280 t-SNE 1] AL
VLR S 2R BE AT T S50 430 HT
4.1 HIEE

ARSCHE = A2 W T GADAT 55 1) B A A
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pISES RS W FHIEAERE SRl
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LR BHAILI 73R IR, HAS B & 1Y 1 2%
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1 R SHE DR AR DG IR AR SR I 3R SR
ZIWEI IR . W5 RUE R TF/IDF A [m
HEFIR ) ] ik [ AL 500 A L] iR B . AR
MJELLR 58 H W 2 rh SR BT R S T R 2% DU T

(3)Yelp™: 2k H Yelp. com, L5 3 F L/ MM 4&
TR VPR B A T PR AR B P AT 2. AR
Yelp W SOVE L 8516 YRR E 90 b S OF g
B3k U8 ) PO FIE B VPR R i ny PO W
Je o R BRSCHRL 20 Jn Kot 4+ 2 D7 =X, AR SCAR A iR
B i A e 495 (] — DX I () S 0 R A i B > I 2,
o BRI R AL IS & PR ] — 4
T DA ) N7 — 2R i o SCAS PN A il P R A8 A
RIS QbR DIARAG 1 A e

e EE B R, BR Yelp B4 4E 4, Flickr Al
PubMed 4 5t I A AFAEFL SR S0 9 . 7ESK
PRIy FS-GAD 3755 rh o il - RS R T AR ey B L
SR SRR /D BB A 2R IR A a0 Bl e A H A
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FRE5& BRSNS R s A T EdE
RN ORI UE AL A M . X R SRR Ty
KO A2 TP e 7 AR . Rt i
TR5 A BT B2 B A, A SCH IR e T 58
77 3% Flickr Fl PubMed #8487 A T 5% 1 15 .
BRI S A S AT W2 5 - 2540 S F R
S o

(D ZEAE S /N A A IS 3 5
B A S 2R O R A R R
Ty S i DI e R P A v TR T L. il

TEATZE I 28 v, 7 3 P 3 2k BE AL DG T IR 1 2% 4
() BB DX 3 5 7R 5 | SO 4 b, e S i AR 5 |
FAIE O 65 AR LUK TFS R, 4
Tk — B AR SCRENLE SR p A1 SR EATZ ]
ST X B A B, A M R gk
AR B g KN p A i 2 A T A pg 45
) 5 11 A

(2) J@ M 5% AR SCE 3K B bR a5 0 RRAE RS
e Ry A B s A rh 5 RO L AR B A R A
FRAE Az - ARS8 M S AN R A S Y A I
D7 BB A SRR R SO S I R IE o A
S A IO T AT A SO A pg i
Ja P S A
4.2 ZHGE

AN LA RS0 1R AL T Y L
REHY TR PR LA S S H
4.2.1 FELpEAY

A SR I EWS-FSGAD #i 5 = K e
K I 5 2 BEAT T RFEE (1D W GAD 7k, 41
5 DOMINANT™ . ANEMONE" | CoLLA™ FlI
PREM"™; (2)2f W GAD J5 1% . £04F SemiGNN"|
DeepSAD " HI SADAG"™; (3)FS-GAD J5 i , fuf%
Meta-GDN™#I ANEMONE-FS™', DI FJ&ix sty
LI FTEAN A

(DDOMINANTY, B FIRE2= >, im o B A
i i KO 5 ) e ) TS 422 R I R e M R I L O
FH IR AG R 25 (BRI TEAS 1 500 5 e

(2)ANEMONE" ; JeFXf o2 2] L il i AR
Bm e a2 L ) R RGO SCHO Y ]
XF L7 ST P pR G 7 i S s

(3)CoL AM  FeF X b 2T o (i FH GON PRA 5
RS HAR SR BB — 2k AR S s

(HPREM"™ . i o8 5] A 5 4b B AHTDT BE 7% . TH
BRI ZR 30 015 B AL 3% 00 06 B0k, IR FH W 1R R 5 L
P o DT S 2 3R R I 22 () R PN A2 T E

(5)SemiGNN" . A H 432 1 = LI A 240
I v 2] o DL AR [ &R Sl R [l =z [ ) S K, 1
FH T HRVERI o

(6)DeepSAD " ; 3 TR B 2 > iy A 45 14 1L 2K
I S BRI T o AR SCRE Y SR PR S LA

(7)SADAGH™ 38 1+ 45 1E 5 45 A A B ER T Y
B ST A i A B ER TSNS, AT s i A S A ER
T Lo 22 T 4 B A ARG ) 5 5



940 it A

Pl

L
&

Eitd 2025 4F

(8)Meta-GDN"™" . £LFyu2% 2] , R i 25 i 2k
vity 2 ity Y11 25, I 38 1 85 I 4% T2 2T 76 224 Al Bl I 2%
Hh g ] SUATE L AT 8 35 48 S A 1 A 80t
ALk

(9 ANEMONE-FS™" . 7€ ANEMONE # # 1§
SEnth 5l A BRPRICHEA A @A SM 1 IE A
XF s DAFE 3 R B B, 3R T S Rl M e
4.2.2 FFMERRR

J T VAL A SCHR Y EWS-FSGAD #5 R K S&
LT HERE . AR SCR T AUC-ROC #1 AUC-PR
YER VN6 PR -

(DAUC-ROC : FE VAT B 9 32 H T8
fli GAD BAS g pERET ™, ROC fhR JB/R T 7EA
(] I (TS L BH PR S8 CRI S e IR R R S
4 LA 511 BH A 25 CRIPRE TE 57 s i U3 558 1
D Z 6% . AUC-ROC 2678 ROC 12k F i1

B R T BEAILE B Y S 0 S S AR o m T
TEH SRR . A R T 1, Ul B AL M g
[iLq/ TN

(2)AUC-PR: PR 14k &R T AIA] B {E T A
RS B IRZEMKFR . AUC-PRIZEPRITZE T
B4 T AR o FH T DA R TR Ko I 1) S 3 ) B ARG 0 i
J1. 5 AUC-ROC 241, AUC-PR B {H #4535 T 1,
Ul BRI ME BB
4.2.3 BHE

X 24 G i 8 GLIN,, B B L 4% 250 L K
2, BRI LEE 1 g 512, 3 AR SRR i A GEFE v
512, FA-GDC 2 ByRFIELM 24 10, GLN, 1 ¥
KAER S GLN, #A] . s =20 (1) Frs X (15 fr
TN o3 2R T B BRGREZ 1 MLP, B2 R IEZE L A
BN 1024, FU 25 po 1Y W25 2544 55 73 25 25 AR [R]
AN IAD TR g, 2 38 R BRI R T A A CEp
N (0, 1) HRFEH) £= 5000 1~ 58 1543+ 45
(95 A QLD H Y B AR X 8] m B BN 5. 764 B3
5 A (& G 15 B BL A i 1 SR R HE Ry 1B
0. L AKX CO TR 22 81K £, F1E gt 2k
L Z B LB A E S B E R 1.

X F RN L SR 255 T8 R 5, I ERER IR
EWE R 200, EBY B 2] K a B E M 0. 0001,
JCH TR B B TC2% 2 R 3, FN 2, B R 0. 003, AR
R A Adam AR 88  IF R A E S R AR BN
0.001. dropout #ER ¥ E N 0.5, TELFFE ST, &
TR KRR 1803 3. AR R/ Qi

BN 20, TEES LT3R T 207 20RO X 4%
SBCR S, Horp AR A B M 4% (P= DR 1A~ H
G O € o0 S KT R Sl A G D[ S €SB
TR BRI A SCERE T —FAS [ AR 21
BB B 5. 10 515 AN R & (V=
10, 20, 30D , B4R I 2% (A B e 79 i 48 v o il 7
5 108 15455545 AURN IE 5719 80, X SepR 1015 B2
MR i R BEMLIE RN . 7E B AR b7
ORI 5 SR 43 40 % T80 . 20 % JH T 56
UE.40% HF ML .

FE BT B 45 b AR SOl AN [ 1Y) Bl L BOR 1
PEAT 10 R S5, e 244t EWS-FSGAD J HoAth %
LAY AR 10 YRS H 1) -2 PERE
4.3 LBERS5HH

AN AL T EWS-FSGAD HE 22 Ko H Ath 45 754
PITERE . A BEEE LT i i e LA 4l SR 1 L
T3 RAMES, IR ER 50 5,10 Al
15 MR LS5 W B s, AR SC T 1-shot(K = 1)
Fl 3-shot (K=3) Wi Fl SL 40 & B W PEfig . 77 %
VLEH B S . i T OC B GAD 5 % (DOMINANT .
ANEMONE . CoLLA .PREM) & F| AR5 15 ., A
HAEPTA S50 B R W REAR TR . RIS, fr T2
B GAD J5 #: (SemiGNN . DeepSAD . SADAG) A K
FS-GAD 75 ¥ H i ANEMONE-FS & MFric #E 4
HORAE LA S R4 PG B T #E 1-shot #iT 3-shot
(3 T B REAH R] L AN R R 2 A 28 B i 1 A2 Ak i
Ak

HRAE DA 1 S50 . ol LAAS H DA 4598

(D E e TR A BRI ST E T A
SCHEH ) EWS-FSGAD #R 7E 535 K U ML BE I &5
FLT T S LAY, 0E T H A L W B g 5
TR FS-GAD 5 AR . R 5lE7E PubMed
B4 b, EWS-FSGAD 7 AUC-PR #8453 iz 4
HoAth 545 (28. 8%~35.4%) . Btz 4h, BMfE7E H
b 2% E Al B A28 750 f i — AR g AR AR (1-
shot) FEAT 13 , EWS-FSGAD 154K 26 L i ¢ A 5
K PEfE

(2) Hoyk, A B 12 W B AN /INKE AR Jr 2
FHAT BR 04 A5 0 B3 BB 02 B2 T B R P BE L (0 FE BR
Yelp £ 45 A0 Ay 5256 v, AE % W58 ) T W By ik
A I T 2R W RN AR DT IR e RE . X
AR K Oy AEAR LSS W B 1 5 T L BE ML B 1 4
A bR IC A AR A e 2 AR M, 0k T 4y i i B



43 FRICHELE W HES W 75 T A /INVEEAR (R S35 G 941
#=3 7TEFlickr #iE&E F AEEEM TR EEXT L (ROC.PR 43 34X & AUC-ROC.AUC-PR)
KRS 5 \ 10 \ 15 5 \ 10 \ 15
igﬁiﬁﬁ 1-shot 3-shot
| PEARIECY) | ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR
DOMINANT' 79.84+0.6 37.84+1.3[79.84+0.6 37.8+1 79.84+0.6 37.8+1.3[79.8+£0.6 37.8+£1.3|79.84+0.6 37.8+1.3|79.84+0.6 37.8+1.3
)EIVC/CX ANEMONE! 57.14+2.6 9.6+1.2 |57.1£2.6 9.64+1.2 [57.1+2.6 9.6+1.2 |57.1+2.6 9.6+1.2 |57.1+2.6 9.6+1.2 [57.1+2.6 9.6+1.2
i CoLAM™! 56.0+1.9 8.3+1.8 [56.0+1.9 8.3+1.8 |56.0+1.9 83+1.8 [56.0+1.9 8.3+1.8 [56.0+1.9 83+1.8 [56.0+1.9 8.3+1.8
PREM™¥ 72.840.2 24.14+0.6 [ 72.840.2 24.1+0.6 | 72.8£0.2 24.1£0.6 | 72.8+0.2 24.1+0.6 | 72.8+0.2 24.1+0.6|72.84+0.2 24.1+0.6
SemiGNN' 55.4+2. 10.24+1.0 | 59.24+2.3 14.14+3.4|61.3+2.1 15.7£3.9(55.4+2.8 10.2+1.0[59.24+2.3 14.1+3.4|61.3+2.1 15.7£3.9
ﬂﬁ'ﬂr’r{’*g I')eepSAl')“‘” 79.54+0.5 30.94+1.2[80.3+0.9 33.7+1.2[81.3+£0.8 37.0£2.6|79.5£0.5 30.9£1.2(80.3+0.9 33.74+1.2|81.3+0.8 37.0+2.6
SADAG! 71.3+2.2 17.4+1.7 | 74.4+1.3 22.3%3.4 [ 75.4%1.9 25.0£4.9|71.3£2.2 17.4+1.7 | 74.4+1.3 22.3+3.4|75.4+1.9 25.0%+4.9
Meta-GDN®" 75.54+5.8 29.4+6.7|71.0£7.2 22.9+4.8|76.2+5.8 23.7+7.5|77.9+6.5 28.946.4|74.3+5.6 23.7+5.5[76.6+2.1 22.5+3.1
JINEEAS | ANEMONE-FS®Y | 59.341.8  8.940.6 | 60.14+1.5 10.31.5|61.243.3 11.342.9[59.3+1.8 8.940.6 [60.141.5 10.3+1.5(61.23.3 11.342.9
EWS-FSGAD (ours)| 82.5+4.3 38.7£6.8 | 83.3£3.5 39.2%7.2|83.5£3.2 41.2%+7.4(83.7+4.8 39.11+6.1 |84.2+1.3 39.7+5.1|84.6+2.6 42.5+8.8
*4 7EPubMed #E&E F AEE ARSI MHEEXT L (ROC. PR 43 711X & AUC-ROC.AUC-PR)
AR RO 5 \ 10 \ 15 5 \ 10 \ 15
SR 1-shot 3-shot
B | P ARIECY) | ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR
DOMINANT™ 93.34+0.1 35.6+0.7[93.3+0.1 35.6+0.7[93.3£0.1 35.6+0.7]93.3+0.1 35.6+0.7|93.3+0. 35.6+0.7[93.3+0.1 35.6+0.7
%E’% ANEMONE"? 90.74+0.4 40.7+2.0(90.7+0.4 40.7+2.0[90.7+0.4 40.7+2.0]90.74+0.4 40.74+2.0]90.7+0.4 40.7+2.0[90.7+0.4 40.7+2.0
CoLLA™ 88.8+0.3 32.0+£1.5(88.8+0.3 32.04+1.5(88.84+0.3 32.04+1.5|88.840.3 32.04+1.588.84+0.3 32.0*+1 88.8+0.3 32.0+1.5
PREM!™ 84.4+0.1 45.040.11(84.4+0.1 45.0+£0.1|84.4+0.1 45.0+0.11]84.4+0.1 45.0+0.1 | 84.4+0. 45.040.1[84.4+0.1 45.0+0.1
SemiGNN™! 65.64+3.1 21.7+3.7[68.8+2.3 25.5+2.6(69.84+2.3 27.94£3.6|65.6+3.1 21.74+3.7|68.8+2.3 25.5+2.669.8+-2.3 27.94+3.6
¥ﬂ§g DeepSAD““‘ 62.3+1.1 9.440.8 [63.8+=1.5 10.8+0.8|65.1+1.3 12.8+0.7|62.3+1.1 9.4+0.8 |63.8+1.5 10.8+0.8|65.1+1.3 12.8+0.7
SADAG! 65.84+6.0 8.3+0.9 [65.1+5.5 81+0.9 [67.3+4.0 85+0.7 | 65.8+6.0 8.3+0.9 |65.1+55 81+0.9 [67.3+4.0 8.5+0
Meta-GDN™" 81.1+1.9 15.5£3.5(80.6+2.4 16.54+3.9(80.64+2.3 15.74+3.6(83.24+2.8 18.64+3.8[82.84+3.1 18.5+4.1[80.2+3.8 16.1+3
/J\ﬁj[i ANEMONE-FS®' | 81.4+0.5 27.8+1.9|81.840.7 29.24+0.6|82.240.9 30.342.1|81.44+0.5 27.8+1.9[81.8+0.7 29.2+0.6(82.2+0.9 30.3%+2.1
EWS-FSGAD (ours)| 96.0%+1.7 73.8%+8.7 [ 97.1£1.2 77.5%+6.0 | 97.2+1.6 79.3%+6.3|96.1£1.9 74.8%9.6 | 97.2+1.4 78.8%5.3|97.7+0.5 80.4%5.7
K5 EYelpHIFEE L ARRE XL HREXT L (ROC.PR A5 R AUC-ROC.AUC-PR)
b 5 \ 10 \ 15 5 \ 10 \ 15
i?ﬁfx‘% 1-shot 3-shot
2R | PEIERHECY%) | ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR
DOMINANT' 37.9+0.4 3.8+0.1 [37.94+0.4 3.8+0.1 |37.9+0.4 3.8+0.1 [37.9+0.4 3.84+0.1 [37.9+0.4 3.8+0.1 |37.9+0.4 3.8+0.1
%%ﬁ ANEMONE"?! 42.0£0.8 4.440.1 |42.0£0.8 4.4+0.1 |42.04+0.8 4.4+0.1 |42.04+0.8 4.4+0.1 [42.04+0.8 4.440.1 [42.0+0.8 4.4+0.1
CoLLA™ 43.5+0.9 4.7+0.2 [43.54+0.9 4.7+0.2 |43.5+0.9 4.74+0.2 [43.5+0.9 4.7+0.2 [43.5+0.9 4.7+0.2 |43.5+0.9 4.7+0.
PREM™! 50.74+0.1 5.1+0.1 {50.7+0.1 5.14+0.1 [50.7+0.1 5.1+0.1 |50.74+0.1 5.1+0.1 | 50.7+0. 5.14+0.1 [ 50.7+0.1 5.1+0.1
SemiGNN"! 51.2#+2.2 5.6+0.5 |52.4+2.2 5.7+0.4 |53.2+1.4 5.8+0.3 |51.24+2.2 5.6+0.5 [52.44+2.2 57+0.4 [53.2+1.4 5.8+0.3
l}i%g DeepSAD“ﬂ 59.84+0.7 7.2+0.3 | 60.7+0.9 8.04+0.3 [61.9+0.6 9.0+£0.4 |59.8+0.7 7.2+0.3 |60.74+0.9 8.0+0.3 [61.9+0.6 9.0+0.4
SADAG! 47.7+1.3 5.1+1.3 |48.5£1.0 5.0+0.1 |49.84+0.3 5.2+0 47.7+1.3 5.1+1.3 |48.5£1.0 5.0+0.1 |49.84+0.3 5.2+0
Meta-GDN™! 63.7+3.2 9.240.9 [60.04+3.2 88+1.2 |61.2+3.9 8.8+1.4 [61.9+3.3 9.14+0.9 [60.24+2.7 9.2+1.2 |63.2+1.7 8.7+1.3
/J\#ZIS ANEMONE-FS?" 46.1+1.6 4.7+0.1 [47.04+2.0 4.8+0.2 |47.7+0.6 4.9+0.1 [46.1+1.6 4.74+0.1 [47.0+2.0 4.8+0.2 |47.7+0.6 4.9+0.1
EWS-FSGAD (ours) | 65.7£1.3 10.3£0.9 | 66.5£3.0 10.5+0.8 | 66.8+£1.6 10.71+0.8 | 68.4£1.7 10.5+0.8 [ 68.7£1.1 10.8%t1.1|68.9+1.7 11.1£1.2
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detect abnormal behaviors of abundant unlabeled nodes.
Although the existing FS-GAD methods have made some
progress, their superior performance highly depends on a large
amount of labeled information from the meta-training tasks,
which is contradictory to the extremely limited labeled data in
the real world. Meanwhile, most of the existing works only
consider the first-order structure information between nodes to
learn node representation, while neglecting their long-range
dependency relationships that are crucial for graph anomaly
detection tasks.

Consequently, we propose a simple yet efficient EWS-
FSGAD framework to solve the above-mentioned problems,
which provides an innovative approach and perspective for FS-
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Network (GLLN), which can effectively capture global and local
structural information between nodes simultaneously and also
introduces the attention mechanism to realize information
interaction and fusion between different nodes to learn robust node
representations more effectively. In addition, the self-supervised
reconstruction loss from graph contrast learning is further
introduced to maximize the mutual information between low-
dimensional node feature embeddings from the original view and
the augmented view, which aims to provide more self-supervised
information for the proposed EWS-FSGAD optimization to learn
more robust and essential low-dimensional node embeddings.
Finally, the proposed EWS-FSGAD can quickly adapt to new
test tasks of graph anomaly detection under the guidance of cross-
network meta-learning technology. Extensive experiments have
demonstrated the effectiveness of the proposed EWS-FSGAD
framework.
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