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Abstract: With the rapid development of information technology, fraudulent behaviors in multiple fields such as financial transactions,
social networks, and review systems show an increasingly complex and diversified trend, which poses a serious challenge to traditional

fraud detection techniques. Although current mainstream graph neural network-based methods perform well in single-agency data
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environments, cross-agency data sharing and collaboration are difficult due to the involvement of sensitive user information, which in turn
limits the training effectiveness and generalization performance of the model. Federated learning, as an emerging privacy-preserving
distributed learning paradigm, provides a feasible way for cross-agency collaborative training, but existing graph federated learning
methods are mostly designed for general graph tasks, making them difficult to adapt to the class imbalance and data heterogeneity
problems prevalent in fraud detection, resulting in poor performance in fraud sample identification. To address the above challenges, this
study proposes a risk perception dynamic aggregation graph federated learning method (FedRPDA) for fraud detection, aiming to
effectively deal with complex fraud risk event recognition across organizations. FedRPDA includes two key strategies: the typical risk
dynamic aggregation strategy measures the structural risk intensity of fraudulent nodes in the client graph and combines it with a dynamic
weight mapping mechanism with temporal decay characteristics to adaptively adjust the aggregation weights of clients, thus enhancing the
global model’s ability to discriminate between normal samples and typical fraud samples under heterogeneous data conditions; the
diversified risk average aggregation strategy integrates a variance perturbation-based feature enhancement mechanism for fraud samples
with a global prototype-guided contrastive learning mechanism, which effectively improves the model’s ability to represent structurally
diverse and scarce a typical fraud samples, promotes their convergence toward common anomalies in the feature space, and further
enhances the model’s robustness in recognizing complex fraud risk scenarios. Experimental results on several real-world fraud detection
datasets show that FedRPDA significantly outperforms existing graph federated learning baseline methods in terms of detection
performance and training convergence efficiency, and demonstrates good generalization ability and practical application potential.

Key words: fraud detection; federated learning; graph neural network (GNN); diverse risk
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BUEE, A Bl TR BROEA 312 21)  RUVERE S, TSR THEE A AL PERE. BB I SR HMEIE, =) R f) B Bk 2 i i
WeRiRe, XA OB AE VI UG B DLl vy |, (8% 7 S (K 503k, 345 1 BN 2T AR LSR5 IR I 2%
B2 RS CRAT A RNTRBEAT T, AR AP DL, ki At 5% = i B DT ik S i 2 T PO RO AR e 1k

N, FATB T T P T AL A Sh AR R R, B R R R R P I B ALy, B E SO

1
Yn = 1 + e~ 7(H,0.5) (4)

Forb, WS BRI S BEIE B H ¢ B INTTTE S, HoE an R

T=ae T+ 5)
o, e T i S RS S IB R R IX, T O B HIEAE R IR, o NI B B ZHL, Tl T-4% I W1 AL B 22 7 (O AR 2
5 B~ WSSO 3. ARG 30), ORI + (S e O |, S8 UK, S O v 2 ) X 5 2 i 1)
HEE BRSO ¢ (3N, BTN, S e HE AR X A [R) 20 7 S RO AR EE 3 T e TP X R4 AR R I SR S
AT BAER R

N
Yn
w, = w, (6)
) ; Zz:ﬁln’

ST SR R 3 2 B N, R R i 7 I 2R SR S 2 B VR AR M 1 % P SRR, 3
S TR VR I P AE, B2 VI AR AT P #4720 P S (K1 B0 71, R R4 2 RER B I R
Sz Akt
32 BHURKRTHRAER

T N 2 2 5 P S 1 5 0 R 4 L 785 T S M 0V A K 7 5 9 B 1 2 B 2 REAL RO, R
o TR R 0 A R AR TR0 e S T L LR 26 My TR Vo, WA T 14 5 B 1 4 D A
ML TH 0 0 0 LS A 40 2 5 535 1 TR0 VA, RS0 8 e il R0 4 e 73 52 8 354 2.
SR REA T RO L R, TEORAE D R B4 RS IR ER M, SR VI SRi e 2% 5 4 s
HEVE, e LTS A R HE R HE T4 A9 A — 1 R, FRATHR th 2 R AL R B P8 S S, I B A4 R B 51 S i
S L STHUR, SR FHBIRO T A 5 REAR O 3

8 BB R 40T, R 55 5 7 B ) P S KR, R 01 S 5 2 7 5 A A 28 50 S
L LA, 0 T35 n 2 P, B ¢ € (+, —) (SM BRIV A IE 34 400 X2 R R it pe 2 SCAT T
L1
p= g D ) (7

n

vev

pa

Lrpr, ve FORE i n RN ¢ B RSAR A, [Ve| R LR SR, h() RO BRI 2% T B AR 2, il R
A JFE S A RS SR TR B B IR, RIS R SR AR S5, % ) s v S5 T 45 0 i 2 1 o A5 A Y

op

S0 ] 25 26 0 B AR 2 S S 0 BT IR 2, 9648 4 e ) AL
Py Ml 8
'Zz vel” ®

frJR R A B P 5 P R RN IRVE SN 5 IR SR R IE IR R, Ja S HAGR R AN P v TR I
R R AR R R AR AR S R, 27 S Al i 0 bl sy ST AL S0t JE SO R RVEREAR R AR RE 7, 3t — P A
FEGN 22 8] o (R RT3 SR, AV 75 380 0 0l ) B PR AN 147 5 BBOHI VR R A 0 B 25 S B BLS2 31 B ) 2K 1)
i, T AN A3V 1 s e AFE S HAH 2 R 2 SRR, 3 B I 19 i (30 FEBEIAE. D 1 1A S T O 5 5
JE, BATBETE 1 3 T A2 7> P30 B3R VE IS K 1 s L, R VA AR 1R JR) S RRAL 2 A1 A BB FUURE A, BART 55, 4
R A ZRA minibatch o, GETHZALR N VE ST S RRHESIE p, SXTT % 02,
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1
fop = =7 D h(O) ©)
|‘/n,b \*EV;'J_
1
o2y = =7 O, () =)’ (10)
V"’h VeV,

b, v, BORE N n AL b HEUCH BIRVE ST SR A 25 R B RO (1 R 3 BT S DL R SR A
B 1 s, N T BRI N AR TS, AR AR SO BUE ))~F 35 77 2 3 SR s P i g vl =
Hnp = (1 =10) oy +mpty, (11)

2
nb—

Hrp, m NREENE RN EESEL, w0 M o2, 7058 ORI EANTT 2, p,, A 02, 209009 R AL )
B 2. T UL B g A E RVET SURRE SR &
Py = b+ T €, € ~ N (0,) (13)
Forr, e NMARAEIERS 340 N (0, 1) HFRAEHIMERS, TR HERE, o, PRI & . 8 A8 B i R VERE A S
BLSHRVEREAR T RURFER & 3, TR BT SR J5 R 2
h(vy,)={Brufreve vy, (14)
2GR AL T 5 SR VE T o5 R B AT I R T LU SR, DA RIS A N St FE . AR
bl 2 TR B, R B 8 am i A 5 4 JR 20l R AL 2 (8] [ BE B 5k RIS BHE 5, W TR Sy, H5280 ¢ R
TR SUN:

O'iy,, =(1-m)o,,_ +m0'ﬁvb (12)

D; = Ik () = Pl (15)

Forh, Dy F A 45 WOV SRR B, Dy FR S A I S U OB B X T IKVE A BRI 3 P

OB, KLY P IBERS, T34 AUUA . B3 Softmax B SV S4 AR FLS UR (055 B 5040, AT 3549
VA (LR, I LA SRR S0 17 B

Lr== ) [nlog(s)+(1-y)log(1-s)] (16)

s, = Softmax(—Df,y“)) a7

T AR BE B AR S K22, BT 1 2 R A ARG 35 SR 6 SRl T 3B Mol TN S5 M B 2k . BE R
A ITIRVETS R RAE R 7. X — SRBS 151X LS IR VERE AR BB 75 42 ) SR B MR 48 5 T AE SR AE 25 8] [ S R IR VERE A
AT, TR A TR RIS AR L FRRGEE ). Mhah, ORI IC I 38 TR BUE B 5 F WA Z [ 1 X 7 R
AR CRASE TR A THDO AN P18 250 ) A SR B 1% R 3 B IR U M .
3.3 g

ML 2 U PR B T £ A0 B SR T8 4 e, FedRPDA HEeh 2 K | SRRV 35 3
SR RA TR AR 1 Ik 2 bR,
Sk L % PSRRI,
N SRS RIS IR trer, HRTIBEREUC e, 25 ¢ S 2R S 0w, IRVEST RO IE 31T i AR R (P, ),
JAEEEAE G, = (V,,E,. X, Y,), A&y,
it RS W, RAEE (pr, p), MXHRVEZmIa4 H, .
BIUGHE W — w s
1. for epoch = 1,2,...,Iter do
2. Lcg < CrossEntropyLoss(f Wy, G,), Y,); /] THET 528 U 2540 5%
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3. ift>1 then

4 A (13) A2 (14) SHRVET fUBEE AL 3347 H0HE 1 58
5 TG A (15) WET AN E (P P} EE

6. WI/AR 16). AR (17) T IER LK Lp;

7. else

8 Ly=0;

9 RIEAK 2). AR Q) IHFAXHRVER M H, ;
10. endif

1. L,=Lep+ALp; // HHHEEIR

12, W e—w, —nVL,; // EFEA 4

13. end for

14 4835 A (7) Al ERAES (pr, pr)s

15. Return w', pr, p., H,;

Bk 2 SN RR AR,
N SHTBAERR U 1, B S IRB S IR (W wh, . wh ), 2P IR KV O R & (), H,..., Hy), %05
FARBIES (P8, pSs. .- Dyt

fth: RS W, EREA (P, P).

L BROR B A 2 P AR S8 () RERIIE (e, DA BRI VERG IR B ()Y

2. R (H, Hy.... Hy) AR AR (6) WO P 0 R AR

3R RUE y, TR RBASEO < Y T

- ZNf:l?’n' "
n=1 n

4. BRI~ 8) itrHE A/ R (P, P );

5. Return wit', P*, P~;

FEYTAR T B, A% 7 e SO 55 3 B A 10 & SRR AT A 230wl Fh T 1R RSB TS 2 i A o 1R K31 X
58, AT BOAN IS KRS LUAR SCHRAE. DRLTE i e A b I ZRad 72 v, 2% 7 s N ik T b ) P 45 ) B0 dfE G, AT
TR FALSS, FIHISE SRR Lop X RIFBBE S HOIAT SR, 12 BURYBE, 20 7 i PPk 12 A P 5 A4 128 XL i B2
S54GRS AR H,, F T 20 % 7 S AE 4 R VR AR T OV A TTHR . AR S B E R, SN
BBk 1 2 B BIOR A R 55 iR 01 ) 42 R S M e, 3 RN R 42 R IR SRR P VSR SR P AEIX I
Rt R, R 2 AR XU T 5 SR X minibatch BOHRVE YT RURFEBEATAZ 3 P2 19 5 DGR A2 70 AN~F- 0o
R RSN Z5 (AR, IR 4 )R B R R S BEA K £ 98 a5 A 24 B oA Bl L (10 41 SRR VE S AR IR A
A [A] BRE A A ROR, PRI MR I R A 1 2 ST RE J) . BRI Bk H AR R B0eh T R AR S IR X
S SR A 0 At e [ v

L,=Lcg+ALp (18)
Ferb, A J9E A2 SRR R 5 JR A0 LE AR R 2 TR AL R R B P IR 1. AR — R AR ZRES R, B i R A
b7 R O T SRR RS SR pe, IR HL S EEORT IA B R SR S M e DL R VE S TR H H, — I AR B IR
55 3.

FE IR S5 3 SR A B B, RS54 B Se R WSOk &2 P i ) AR AR L. AR % P i AR R VR S i R B R A (|,
b 55 S 8 5 A P 1) SR AL 1) 50 2 AU T RS bR M S 20 7 0 1 TR A UL 7, , DASICEILAE D 20 7 3012 A g IR
Br e /7 o A RV N5 0 T U T (Y B A O o S . AR SRR b, AR 55 oo 2 7 i b A% AR 25 Bk
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TR &, B R R — e e R S we . B, A B i A 10 R B S0 S R AR 5 ST 4 JR 01
RER AP, P Y. SERE TG, IRSS T SO R R AL R 2 %% P, T R8T —f AR I 25,
3.4 WM R
AT T FedRPDA FEIE M 264 T AU S MESS T T 2R B8 20 17, JFAE 5 900 HE AR LA RO A ¥ 2 A1F
B 1. LG, A% o i) R 38 ARk B £, (A0 (18)) 72 L -G 1, RIXHE BB S 4w, filw,, 16 2 :

VL, (w,) = VL, W) | < LIW, = w,l| (19)
ST R R
£,0%) € £,00)+ (VL 00,30, = w,) + S, = w, P 20)
1B 2. ARBEE . 3T /N EBOR £ S IBENUBEEE VL, (w0 &) 50 ELS2BE E I fri it i1
E{ [V‘Cn (Wnaé:)] = V‘Cn (Wn) (21)
TBE 3. 47 07 22, BEWLBRRE J7 245 S, BNAEAE 30 o2, (4R HE RS w, 45
E[IVL, w,:6) = VL, )] < 07 (22)
M 4. 47 FARAR . BAE MR8 > 15 @ > 0, (AT B S5 w, £
D olVL AP B VL, W) P + & (23)
e, p, = ZNV"Y FRA— LR AR,
8415 5. Lipschitz ZESE. 5 s R ESEIUM 48 h(-) 6 & L,-Lipschitz ZE4E:
lh(W5v) = h(wy )| < Lyllw, —w,ll, YveV, (24)

TEHE 1. FedRPDA FOAR M st 2T L RBE, fEAF 2 HR T, FedRPDA ik Zeid T #1015 Ja ol LUAE
I NS ARILE :

lTZ]E[nw:( O]« L () - £) w2 L2 K (0 +0%)+ 2 2 Lo 4016 (25)
= WU S g e AL ThE TR

R B RS AR E R UK ¢ I 720 P 3 (K58 ke 25 AR 1 BT
Wit = Wi =1V L, (W;,k;fk) (26)
MR BE 1-3 SRS 5, W7 LA BIME R ) i 46 5 J8 05 58 X A0 SR T8 s oy B0 22 77 B
e

K-1

E[ L, (w,x)] < £.(w) =D (n - LT”Z - g) v, (w,) [+ LI; o +AnL,KG @7)
k=0
S HETRUE 4110 P 26, LIRS 4%, T BAGRIE .5 99 1.
T B 5 SRR 2 0, T BB 4 R K 0
Bc(w)] < Y [cn ()= 2 L )+ 5T 02 ek 28)

FHAR & 4 FIBE RS A TP D £ max,,,|[V.L, w,) ||, X £ =0 2 7 — 1 KF, 7T LAAS 2
1 & 2] 4B 262
= > E||[VL(W)| | < == (L)) - L)+ 28° LK (D* + 0 ) + — + 2B’ Lo’ + 45°AL,G (29)
T ; [” ( )“ ] ’IKT( ( ) ) ( ) K 2

Hr £5 2 min, L (w).
XRPEAENMTE T, BEEBEF X T HI3IN, FedRPDA 1786 B VG HCT 77 Fr 4R B, HUS 8K 52 744
P MRS DK 2 RN E [F] 20 5. VRN T AR T LS AL
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4 WA

DI BT R H T A R, AR TE 2 A BLSRVE SR PRSI VPl B e, AL 3 AN BRI VERS
TUECHR SR B4 R B, R 2 A5 R I TRl 3 SR D 45 2% 7 it 4B S0 30 PR AR BB S, A B0 LU IR R 4 v
ARSI B, b 5, BATEED SEIR FZ LT 3 AN .

(1) 1A 1. 53 Se3t (IR 2 S 7 AT EL, FedRPDA 2 75 AE STBIL AL FOASLIN 12 i 2

(2) 1)/ 2. 760 BRTHE R, M REIR T A AT T K2

(3) 1A 3. FedRPDA FHELT HoAth Stk 75 3 14 B AR 352
4.1 IR

PAWE 3 AN MBI ERVERS I3 50 T IEEL T T2 A A A TR R AR, 38 1 4245 T 0 FHURERI A B

F1 BIBEFAEER

Bl gk UGBS RIS UL A4 AR IESL BRVETT AU HVER (%)
T-Finance SRz 5 P 2% 39357 21222543 10 1804 458
T-Social LA 2% 5781065 73105508 10 174280 3.01
Amazon Rt e 11944 4398392 25 821 6.87

T-Finance {4 4 3 B2+ 458 2 0 46 o (¥ 5755 FE PRI, 2800 SE A0 T R B SEAS B i, T s #on
AR, B AR R 2547 A H EREEITE N 1 10 ANYEEE R, WA P Z B AFTESE 5 R R,
R INIER:. X T IRVE . PeBRIfERIEIAT NI -, = Amit A 7.

T-Social $#5 4 MR [ B R BAAT- &, F TR0 B2 5T /' 80572 % 478, 5 T-Finance $dl 422511, B
BN HFRR—ANEL S, LA B8 Ko Rkt 3 A H B e B E B, B R — AN R
I, B 578 J3AN1 AL 7000 2 75 430, W T IRVER AT 55 BB 1R K IIBkbk M.

Amazon FE4E W TRBITEE RGE AT F . %50 4E T Db A 7T R4, A5 R 25 0 T I &
V(S R, P SRR — AN, 35 R A T ELEME T 20%, MIFRIc o BRVE 24k, 5 T
80%, JUFLNIE® F . BeAb, 23R SR & 20 7 2 (B 8 R 288, ARV R —/ ) U-P-U 1. 7E—H
5 AR [E P43 1 U-S-U i UL R PR AU HEA BT 5% 19 U-V-U i, MR T — AN B 2 98 R 45 RHIE I =44
FIRZHA.

BT IR 3 ANEE AR, AR B I SR S R AL TR 0 5000 % 55 45 ) S A o, BRAVTSR I E BRI 2 ] 43k
iz A U2 Louvain AR 1X R4 B0 17 SN 4R 10 45 BUEAT R, b RS HO BN 1.0 iR
K0 4 ORERE, %119 o M e 7 PR 2300, AR 4525 1 it 1 R O 43 R ST v 4 S AR AE B TSR A Z-score BifEe
AL ER, R IEAT 1 B BRI P 4R A, AR FE B S50 SRS BRI e M. RE AR, RES TRIEMEY
SEM) EAFAEZE S, AE AR IOVE UG AT A 1 0 5 T — B0 32 R D 4% i 4R 1 VR RR 28 3 R VR T 0 — 1l 5%
FIU) 5 RS VR AR o, A R T IE 1T A S RV T A5 1 B A A FR Y P AR R EL
42 BE&5*%

T, oV R 55 10 BB ST BT 0340 TAR2B B, MY G0 — P A AN 2 T 1 L4070
DAL, A ST BT 7 LA BB 2 5] 3 5% DR P S 0 AT 55 P R B 57 0 LRR LA AR IR (K 7 g AT % Ll o
Hr, CAASTRIVEAS BT H 5 9210 R S s vtk

PAZS B FedAvg! " ME A FELL 7515, FedProx". MOON"H1 FedProc™* 43 5l 51 AN R Y 2R 20 TR HL 1|5k
S i b B s S A 5] Rk IR Y (RS 1) A, R TE T SN 0 Sl P BB 2 ST 5 R A T RUFR I A, BT
Shapley™ & {12 7 5t 5T BRPEAS i34 7 — Rl AT HLEARE 10 S A AR 20 BC SR, RE iR i AL R AN 5 7 o
it 4 JE AR R B P S B T R, AT DA I B8 & R L. ZEIEFR B2 3], FedSage+! A FGSSL!M! N3 it 45 4 P 45
M5 BG4S RA R, $27+ TSR TE I BE b 3 R IE e ) S B i
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4.3 PENIERR
2 8 B R VE R WA 55 w3 A7 78 19077 2 SIS A P48 ) R, S AR At 0 A DA 1k BB VP 48 A A A 3 LA 2T AR
BJABS TR VI G W0 5 T F P A (RN T A TI0 A IE 3 5% ol B VR T SR AR AR B 7). TR, AR SR AT 4 W48
T o A 2R PG U0 255 R AT A T VA
Recall, BV A [0 28, i A B SERRIRVEREA I RE ), THE A TR N:
TP

Recall = ———— (30)
TP+FN

FoHp, TP (true positive) RN EIEH, FN (false negative) RN 71451, Recall FR/RIETLRE M T B SEHRVERE A IE
AR H PR B A3

Fl-macro % %2353 BITHE F1 - BOFECEY, @ TR P 5. FLAELEE75 18 TAEIZR (Precision)
SRR, € LT

TP
Precision = ——— 31
TP+FP
Fl=9x PrecisionxRecall (32)

Precision + Recall
HrAr, FP (false positive) FNRIEH]. Fl-macro 7E 1 5LE 0 BRI T A8 [F AL E, A ZFEARZER MM, EH
T RRNA TP 4TS5 .

AUC (area under curve) # & XA ROC (receiver operating characteristic curve) [ £k~ 5 A& Fr %l [ 5 1) THI AR,
ROC £k it e 2% 73 S BIME, Fon ELFHPEZE (true positive rate, TPR) FI{EFH 2 (false positive rate, FPR) FIK R,
T B LR AN [F] R E S X IE ROFE AR X ) g

AP (average precision) J#id 715 Precision-Recall (P-R) #l14% T B I FRR AT S AR Y 14 BE, P-R i 2k idid oo 42k
WA, S5 A PR BN R A R RS B S 3 [RIPE RE, A6 R SRR, B HEfff S USSR BRVE T s IR I RE .

IR T R ARG FEERAE 0-100 (BAE 73 BT 2 B, (H 8K o 2 s A B R R Bk
44 FIRE

AR SC S AE A R S B 3508 F GraphSAGE™ BB 1 kg H fih el et 28 I 48 ME R, A A3 o A 284 19 A 11
JR B GERRFAE R, B 0538 AN [R] BB 45 4 F) B E, 7 BB 2 o rhogly )2 A 70 R 2 ST i v
% 7 v 5 IR 45 i 1) e KRB R IR B N 200, % P AR N 4, AHGERIRECH 5. SR Adam, F I %
1E-3, AU IR K B N SE—4. TEARHAE R ZRBN B, K F minibatch J5 UHEATAEAY 86 37, T-Finance 1 Amazon ¥
SR E RN E N 1024, BT T-Social 04 SR B MUAELK, b2 KN BE N 10240, DLERIE I ZRI S8 2
HiaEtt. SO B IT I, KA PSS R RIS E S S B R R IUE, X TR A 7E{0.1,0.2,0.5,
1,2,5) AT R, BCE U R E0h 1S5 a T8 4 BITE (5,6,7,8) A1 {2,3,4,5) HHE R, BT HMZ=E S m
BN E N 0.1, BbAh, ORI LL &5 R B — BRI A TR %, Br G SEIR e R — -7 & Lig47, SLIR R E A
NVIDIA RTX A6000 GPU F Intel(R) Xeon(R) Platinum 8260M CPU @ 2.30 GHz, X FT 4 1 4 1)I| 3 #5352 bt
BLFR T
45 TWHERESH

NIEIZ il 1, A% FedRPDA BATIIPE REHEAT AT VPAY, H15 2 Fh e b BeR 2 5] b AT Xl b, Seii 25
W 2 R, HEROR, X SEge 45 AT A AT

(1) K&, FedRPDA 1L AT S 4 A1 VPl FE br L300 T IUA BE48 732, R B HUAR S o g8 ) 5 iz Atk
fit. FL4K1M 5, FedRPDA ## T FedAvg, /E T-Finance. T-Social Fl Amazon ¥4 L) F1-macro 2 H#R T+ T
20.26%- 6.72% 1 0.42%, Recall 43 5 H2TH T 20.62%- 26.09% 1 2.56%, AUC 43 A& T 1.21%- 0.95% Al
0.34%, AP 2 HIHEE T 3.33%. 9.86% Fl 2.41%. AT LRI, BESR—SL AT (1) )5 74 1E Amazon $d 4 b AT ABUAS 58
RAEERIR, 1X E 2% RO SR & IRVET BT o el EOR, HAE MR AR T /N, B AS [F) 25 7 o R b
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SRR, S BR BE 657G A% o) BUHRVE ST s RRAE. JR1M, 7EIRVETT S Ll i/ HL B 45 44 5 B 24414 T-Social %1
P4 b, B Shapley 77454 R 2 BOA J7EVERESE T B, 3X 22 I J7 VR L T i BEAST-4887 1Y) 52 21 Bl 5 ) s
W& SR AEFE R BR. T Shapley 77 iR FERL Y PERE b iy SR A R T 2 DU A I TR 8 A A ek 1), Hemiik o) 1)
SRV 2 R Ko IR 55 i 12 L e B S SR (1 75 R, 7 — LR SERR IS 2% S 3 e i LS . B2 R, ARSCATIR I
THEIE S A5 T AR AR AR I AR = P g, TR ZE R VE T s B IEAA R P, R B T 38 KM Rg
# 2 FedRPDA 5 IEMRE L (%)
T-Finance T-Social Amazon

Fl-macro  Recall AUC AP Fl-macro Recall AUC AP Fl-macro Recall AUC AP
FedAvg 66.53 60.63 9437 78.27 61.69 72.05 94.16 64.19 92.05 89.70 9720 87.67
FedProx 72.45 65.28 9456 79.32 62.13 73.85 9427 66.59 91.30 90.67 96.85 88.69
MOON 74.94 67.43 9424 79.25 62.39 76.06 9436 67.54 91.90 90.81 97.46 89.25
FedProc 70.57 6421 94.17 78.16 61.03 72.16  93.02 61.89 91.18 90.38 96.16 89.16
Shapley 78.72 71.04 94.61 79.38 64.21 8438 9481 71.32 92.29 91.87 97.32 89.72
FedSage+ 68.66 62.22  94.10 78.29 62.54 72.71 9431 64.72 92.13 90.45 97.14 88.22

FGSSL 57.66 5479 93.81 76.71 49.23 5329  91.14 43.80 90.82 88.43 96.03 87.17
FedRPDA 86.79 81.25 95.58 81.60 68.41 88.14 95.11 74.05 92.47 92.26 97.54 90.08

2Tt +8.07  +1021 +0.97 +2.22 +420 4376  +030 +2.73 +0.18 4039  +0.08 +0.36
T IR R A A R, T RIS R kg R

(2) FedRPDA f£ Fl-macro fll Recall 65 P33 T BERS, X FEES T AR NN SR A RIS HRE. %
TS T 3 SR A M XS A v ) 2 i, AR SR B AR VI SRR S 5 ) MBI VERE AR R LR RRAE, IR AN
A JRENR, 5 FAR Y S AR R A IRVEREAR. (RIS, 6 L S M@ 4N T 2 ORI R, A O
R TR VRS R e 0, CESR T B i (R  ah] RR RS, AT R R T F1 203 Ak, FEAN R TV
Ehig, BATTRZ I AUC F8 br 3 f 51, 1% 5 B RN AUC AN SZREARAS P47 LU A3 ) 52 i), sz B 9 B R [ 4 1 £
FEAIIRE ST, BE DGV BUAE AN [F) BRI T 844 03 28 1 8. K 2 SO BUTE VI 4R i 78 P BB BN A i 2 BURE AR 1
Sy AL, PRGBS AR SR L 15 00 T, AL PR RS i 238 R 3 [ 2R SR B AR, {H bR T 24 X 43 BB 7358, AUC AR SRR I
RIF. AHELZ T, AP AE XA B FE PR 50 W S 501 6T P 2 B A 3 BURK, 4 B B TV ROR AR VERE AR, BB R H = ek
VEFEACE RE ) i A2 i S B0 T PR (R IR AR AR IR VEREAS) B35, AP {E#R 252 3 2 3 520, 1X {615
FLE e R WO BUTE S PR ERVERL I 5 P (B8 0. TEASSC TR, AP Fan 4R THIR & % im iR AUC, R W] FedRPDA
TE SR TR WRVERE AR I e 7 1) RIS, A7) B 4 R0 8 14 TE 5 R AR RN 2, AT H R B 11 SE B 2 FH A 1.

(3) #t— DVl FedRPDA Y& E B G5 M R VE RN 5 7% b 0z A Re 77, BATIHE CRAFEC R AE 22 5 )1 SrbL ikl A A e i
P, KA1 GraphSAGE 38498 4 8 2 2R AHL (MLP), FAURI A B s i@ Y RHEE NN, AH DS SE 6 25
R 3 R, FHEYHAISE, BT T-Social 4 £ my B2 AR Kl 2514, RIS AR AR vh sUBREE T R A Ak BT vkt v BLgR
R3A NGk, B TEA S 3 AN Z AR AR VTG . WG RSRE, SR B4 R VERL I 7 v RS & AR
SRR, (ERLAAKS I M i A AR T Se B B S50 T B IR 2 X 45 77 v, IR SR WATE IR VE T s sl . AU 3R B,
Pl 25 4 BT HR AR b T SO SRR T AR 15 TR B TE 00 R 5 A R A AIE B OB E . (AR E R 2, RIS R B
Z 455 BHITEEE T, FedRPDA 4R EAS 10T HAR 5 iR PERE R I, BoiiE 1 H P AL O SR I FE AR S M T K
RAZ RIFIZ IR

* 3 TEAEEISEWIRVERIIN 774 T FedRPDA 55 7L MERE LA (%)

Jrik:

N T-Finance Amazon
1k F1-macro Recall AUC AP Fl-macro Recall AUC AP
FedAvg 51.41 51.30 92.41 67.71 91.46 87.20 96.90 87.16
MOON 52.71 52.00 92.54 67.95 91.63 90.05 97.00 87.21
Shapley 53.35 52.34 92.75 68.14 91.70 89.64 97.09 88.01
FedRPDA 55.69 53.66 92.86 68.62 91.77 90.42 97.39 88.30

TE: I AR R B 4
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4.6 HELSHR
N T BB A R 2, A5 LL T-Finance 30442 49, % FedRPDA 8% 1 5 4 S e o A AU M e B o R 4R 47 74 b )
Br. BRSOG4 AR 4 Fios, BARS PN T,
& 4 T-Finance F#E4E L AIH L2645 R (%)

BRSNS R A LR RS PR A
RIS RN w BB wio B A w A i | mecr Reeall - AUC AP
1 — \/ - v 86.79 8125 9558  81.60
2 - V - - 84.59 7750  94.88  81.01
3 - - - V 83.99 7674 9487  79.92
4 \ - - - 69.20 6250 9452  78.95
5 - - V - 65.66 60.00 9423  77.86
6 - - — - 66.53 60.63 9437 7827

T 5| 63R IR AN S I PR SHEIE 1 2 HEFed Ave ) 12

(1) X S 7R UGy 20 25 3R 4 SR, 5 7R 1k B ) B2 T T SRR T 8 0 i SV 1 e 0 A IR 5t 2 P v s
&, DURAENZRd R o R EBE S LS. R 4 PHISLIRSE R, 571X FedAvg (5] 6) ML, 3
T8 v L EANE AT A R ERINBUR & (RG] 4) R — R AR THEE R AUR, WAL LA F 25 & B I 18] 5
FEPER BN ASBCE WM L] (ZR 5] 2) JE R L REFS 2 0 25 52 T, IX UL, B J0VE IR ) S B VP Al LU S i ROTT
£ B A AL SRS S R 1T S B P i Y L. T AR AR I R B ah A I B % 7 i B RS A, AR R A LT R O
TE R A AR A e U2 7 i, T DO SRR VEAT 9 I 2 21, SR THEE AR HE R P 5 I 2R,

(2) X T 2 FEAL R T~ 220 3 A s, B 7R PE E (1 5 T 32 BORVR T 45 578 0 B IR VE T sl R (L0 s AL i 5 4
JREAL G S H A 2] SRR L. S8 2 4 251 3. 5. 6 IR EL R DA SR, G 7R X L 2 o1 i 7 op B et
JITAS 5 R BN 2SR5 1 2 S UG I 4 P, T2 DR D ™ PR SR A T8 3 BUVE 9 s A X Ll 2 >) 3 i v 52 3 2K ] [
], S T AR IR X VT R R ST T A 4G 2 T IRVE T R 23 A1 2R B R VE T ORISR A A
HE )5, ERBRE RN LT, 78 4R IR RAIR K48 TN, — 5 T 48>0 7 i 4 37 1A PG T 5 R AR VE 1 i 4
£, FERMIE 2 (RS2 A 15 200 10 S 20 32 5 A Je S Y 1) i 2 T DR 25 0 P S AR AR 0 A LS. 55—
T, QA 3 s, A5 2 b A G544 2 REEECEA D BSVEREAS T DAFE 22 R VR IR R TR 51 3 R, 1 SR VESSAE
FEIE, HAEACHRAIE 23 18] A5 SN AT X 73

K3 FedAvg 5 FedRPDA I £k i RRAiE 25 A% B
(3) ANZR ] 1 (7SR FH 196 TSR e ) 5 3 A B Ak S s 445 PR ot B 68 SR T DL, LR XU 3 75 SR 6 S 5 22 AL R
W 135 5 G SR A H AR S AL L OAAN 78, B 8 I 25 i 2R B A AN ) 25 R B A AR A R A B Pk
T RIS SRR VERE A KR B 70, J5 3 Wt 75 7 7 i R SR 8 SO 2 5 IR VE T R R AR 18 e P B T L
AR TSR of Jr i DXL ) B AR SRR R B ), A LA THD I 22 R4 XU ) S R B . Jd I &5 5 B P 7 i, AR ST 4 L 11
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RS RN B BB TT I, AT AR LRAIE I ZRA8 R M A [RI, A R0R TH R A A

73, AEAUIE N T ST A AR 0T i R 25 P RE 28

4.7 BSHEMOH

Hof T A FAEA R BARAE T PERE VAN, FRATIE I A% 48 2R 07 S0 S S Hu AT AL, B 4(a) RAR T 1E
T-Finance (4 4E I, P47 FF A SRRV RE A REMA . SO0 45 SRR HA, 2 A BUE D 2 B, BEAY 14 BRIk 2] e £ 490 0, it
HAZAE 7E P J B0 L R 528 SO B 2k 2 TR B R i B4R . B 4(b) 38— 25 4307 7 I (R 348 AU L il o
HIABSH o 55 AT BERL LB, S R EIR, Za BN 7. BN 4 I, BERLAE S PR G T br LR, N T
FRAE RS R AE A [F) R VEAG T 37 55 T BOAa{a M, IRATHE T-Social 5 Amazon $E 4 % 7 MR 1R B0 2 8048 2% 55,
AT B DR AE AN [F) B0 53 25 1 T A s AR P .

95.0 Frgma—"

—
925 |
—e— Fl-macro
S 90.0 |+ —a— Recall
< —— AUC
g 875 | - AP
=
<
85.0
T T3
5 82.5
-9
200 Heee=t——T— =
77.5 F

(a) ZH 2 XY PR RE 2

4.8 WZEMESH
ST I 1] 8 3, AR A% T-Finance 5038 62 A0 i 75V 7E YR S RE
W, TEUSSIPERE A TH, BATIER T &R B S S AP 2 MR R, B 5 FiR. R ER, £XH
%5 MOON F1 Shapley 75 Il 254 #135 FEBLH BB M RE SR T4 34, Hoh FedRPDA 18 2 BEAL KUK T35 T4 SRS 19
VEFR, AMUAE RSB T PRIEE 25, SO YIS 5 BIEHE T 95 m IR D M R, R 48 SeBL R e sl sk — 25t
SRR, TG T % 772598 515 FedAvg 16 100 eI Z5Hh BT HUSE REAH 1 AP (B BT/ B S 500K, 45 R 5.

F1-macro (%)

5 7621 78.40 79.24
6 81.59 82.20
7
sk
2 3 4 5
B
AUC (%)

9425 9452 9466 9461

5
6 9455 94.67 94.48 94.48

1525

2% AP BRI T R VERS I AE

Recall (%)

86
84
82
80
78

AP (%)

5 79.67 79.70 80.22 80.04

95.4 81.5

95.2 81.0
95.0 6 80.11 8022 79.83 79.60

S
94.8

94.6
94.4

80.5
- 80.0

(b) B e BATEYERER W
4  T-Finance $t#fa4E i S MO0 R PE RE X 2

WIZRIN 8] A0 2R G2 BE U5 F4H _E3EAT 171

85
80 N TN RAr
=75t 7
s / — FedAvg
~ - FedProx
<70 -~ MOON
i Shapley
Loy — FedSage+
63 i --- FedProc
FedRPDA
60 M 1 1 1 1 L L 1 1
0 25 50 75 100 125 150 175 200
Round
K5 AFELDEFRIKCT BN TTER AP

*5 FINEWECEE D

VRS BERK pIlIpE
FedAvg 100 1.0x
FedProx 73 1.4x
MOON 19 5.3x%
FedProc 136 0.7x
Shapley 18 5.6%
FedSage+ 84 1.2x

FGSSL - —
FedRPDA 11 9.1x
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A LA %3, FedRPDA X5 11 $E38 15 IR IA BURH [ PEBE, AL T FedAvg W3 Ik 1 I 2Rt 7%, KB T4
9.1 fEHIRLFRRT. BLAh, NEMB KRG, BATHE—DXS L T 2% T7 A AR I SR At b (K BRI A, B4 %
J7 -5 1 55 S ) LA o P DA R BRI [) 22 P, AR SR A5 RN 6 . W LALEE 2, FedRPDA f£ FedAvg A |
LGN T RGO AT R, FoH S AR T 40 Shapley %55 2% 25 m i Hemg. iR 45 F % W, FedRPDA 7EH
PR THE ML RE R RIS, R T AU RGBT AE S RAF 9 ik, HL 2 B i S B 7).

K6 BINEAERREEINZRFT 5N A AR R T A5 %) EE

07 i P AT IR 5% ik 47 B P B P A IR 5% i o e
FedAvg O((b+k) f+f2) O(Nf?) O(kmf +nf?) OW)
FedProx O(b+K) f+wf?) O(Nf?) Otkmf +nf*+ f%) o)
MOON O(b+k) f+Qf%) o(ns?) O(kmf +nf?+Qnf) ow)
FedProc O((b+k) f+f*+cf) O(Nf? +Ncf) O(kmf +nf*+cf?) o)
Shapley O((b+k) f +f2) O(N!f?%) Okmf +nf?) O(N)
FedSage+ O(L(n+s9)f+f?) O(LNf?) O(L((m+s8) f +(n+58) %)) O(N)
FGSSL OQ(b+k) f+12) O(Nf?) O(Qkmf +Qnf?) o)
FedRPDA O((b+k) f+ f2+cf) O(Nf2 +Ncf) O(kmf +nf? +cf* +bf) O(N)

E: b Forminibatch K/, k FARKFIEAEAR DL, n FomT 58, m FoRILEL, ¢ FoRSRIEL, fRRRH AL, N ZonB M niE, o
TR TR I, Q Fomn LA ST AR KD, s FORIGIRA T R , ¢ 2R EIIAR RS, L Fon B =4

5 2 &

AN i SR PR BRH 2 2 e R SCVEASL I il 75, R3S e £ OR B B A R RT3, S e B AL 5 1 1N 0o &1
38 731 e PEAS YA ALY 1) s 7 A P17 R OB i, 65 ot 52 e 2 A XIS 7 R AR 3 I . DA, AR ST i 17—
ol T 1 3K VE RS0 £ IR IR S 3 765 SR 4 PRI R 2% 21 7V FedRPDA. %75 V2538 1 51 N LY JXURG: 2 25 58 45 SR N 22
RIS 85 2R SR, SEBIRE AN RIS 2 285 F) W TR SASE, 2 6 20 S M 1R AR R 85 00 i A R of i R SRV A
AHIRAGE T, Ja 2 51T AR SRRV AR AL 22 R v 1 Sk 5 S B, SIS AT b 2RI VEAT M A
RO SN, 78 3 A E A AR NE AR R s £ B 9290 45 R ), FedRPDA FHELT BLAT LR IS 27 21 75
IEAE 2 TVFAL AR AR L2 SEBL T VERESRTY, o 3l 2 A5 20 20 A1 B EE AN T ORI 7 5T, R B L S A 1 57 3R
HIBET). R FedRPDA 1E % A BLSSHRVEART I 7 35 th R DL tH R4 (K 68 PEAZ AL BE 0, (B IR S A7 AE — 2 )
A HETHESER AT B S I IR SE S 5 ¥, R R IE B B S BT, TR BN 52 2 Al {5 1)
PMEPR S R AT BEXS R GEAR E A BB LA, A st PR A7 AR T ELAR SR BRI, B TS5 M1 XU P I B A 2R
B RIE 2R G ROR. RKRITAF T — D A5 & & R G U5 50 20 ks U SRS, 327107 A8 B2 V) [FI A 55
g, R EE D R T S SR S5, DA 9T VA K8 A 5 NV L

References

[1] SongLY,Ma ZY, Li ZH, Shang XQ. Review on temporal graph neural networks for financial risk prediction. Ruan Jian Xue Bao/Journal
of Software, 2024, 35(8): 3897-3922 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/7087.htm [doi: 10.13328/j.cnki.
j0s.007087]

[2] Kurshan E, Shen HD. Graph computing for financial crime and fraud detection: Trends, challenges and outlook. Int’l Journal of Semantic
Computing, 2020, 14(4): 565-589. [doi: 10.1142/S1793351X20300022]

[3] LiPC, Li CT. TCGNN: Text-clustering graph neural networks for fake news detection on social media. In: Proc. of the 28th Pacific-Asia
Conf. on Knowledge Discovery and Data Mining. Taipei: Springer, 2024. 134-146. [doi: 10.1007/978-981-97-2266-2 11]

[4] Kumar S, Shah N. False information on web and social media: A survey. arXiv:1804.08559, 2018.

[5] Yin M, Qiao S, Chen W, Jiang JJ. Collective emotional stabilization method for social network rumor detection. Ruan Jian Xue

© hFFeE

P EAFIFATET  httpy/ www. jos. org. cn



http://www.jos.org.cn/1000-9825/7087.htm
http://www.jos.org.cn/1000-9825/7087.htm
http://www.jos.org.cn/1000-9825/7087.htm
https://doi.org/10.13328/j.cnki.jos.007087
https://doi.org/10.13328/j.cnki.jos.007087
https://doi.org/10.1142/S1793351X20300022
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11
https://doi.org/10.1007/978-981-97-2266-2_11

MRE F @E BN 6 RS B dosh A AR FE ) 1527

Bao/Journal of Software, 2025, 36(11): 5134-5157 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/7322.htm [doi:
10.13328/j.cnki.jos.007322]

[6] Shang LY, Zhang Y, Zhang D, Wang D. FauxWard: A graph neural network approach to fauxtography detection using social media
comments. Social Network Analysis and Mining, 2020, 10(1): 76. [doi: 10.1007/s13278-020-00689-w]

[7] Liu NH, Shin D, Hu X. Contextual outlier interpretation. In: Proc. of the 27th Int’l Joint Conf. on Artificial Intelligence. Stockholm:
IJCAL, 2018. 2461-2467. [doi: 10.24963/ijcai.2018/341]

[8] Macha M, Akoglu L. Explaining anomalies in groups with characterizing subspace rules. Data Mining and Knowledge Discovery, 2018,
32(5): 1444-1480. [doi: 10.1007/s10618-018-0585-7]

[9] LeCun'Y, Bengio Y, Hinton G. Deep learning. Nature, 2015, 521(7553): 436-444. [doi: 10.1038/nature14539]

[10] Zhou J, Cui GQ, Hu SD, Zhang ZY, Yang C, Liu ZY, Wang LF, Li CC, Sun MS. Graph neural networks: A review of methods and
applications. Al Open, 2020, 1: 57-81. [doi: 10.1016/j.aiopen.2021.01.001]

[11] McMahan B, Moore E, Ramage D, Hampson S, Arcas BAY. Communication-efficient learning of deep networks from decentralized data.
In: Proc. of the 20th Int’l Conf. on Artificial Intelligence and Statistics. Fort Lauderdale: PMLR, 2017. 1273-1282.

[12] Zhang HD, Shen T, Wu F, Yin MY, Yang HX, Wu C. Federated graph learning—A position paper. arXiv:2105.11099, 2021.

[13] Ye M, Fang XW, Du B, Yuen PC, Tao DC. Heterogeneous federated learning: State-of-the-art and research challenges. ACM Computing
Surveys, 2024, 56(3): 79. [doi: 10.1145/3625558]

[14] Li T, Sahu AK, Zaheer M, Sanjabi M, Talwalkar A, Smith V. Federated optimization in heterogeneous networks. In: Proc. of the 3rd
Conf. on Machine Learning and Systems. Austin: MLSys, 2020. 429-450.

[15] Li QB, He BS, Song D. Model-contrastive federated learning. In: Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021. 10708—10717. [doi: 10.1109/CVPR46437.2021.01057]

[16] Wan GC, Huang WK, Ye M. Federated graph learning under domain shift with generalizable prototypes. In: Proc. of the 38th AAAI
Conf. on Artificial Intelligence. Vancouver: AAAI Press, 2024. 15429—-15437. [doi: 10.1609/aaai.v38i14.29468]

[17] Zhang K, Yang C, Li XX, Sun LC, Yiu SM. Subgraph federated learning with missing neighbor generation. In: Proc. of the 35th Int’l
Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021. 511.

[18] Zhang K, Sun LC, Ding BL, Yiu SM, Yang C. Deep efficient private neighbor generation for subgraph federated learning. In: Proc. of
2024 SIAM Int’l Conf. on Data Mining (SDM). Houston: Society for Industrial and Applied Mathematics, 2024. 806-814. [doi: 10.1137/
1.9781611978032.92]

[19] Li T, Hu SY, Beirami A, Smith V. Ditto: Fair and robust federated learning through personalization. In: Proc. of the 38th Int’l Conf. on
Machine Learning. PMLR, 2021. 6357-6368.

[20] Gao YJ, Wang PF, Liu L, Ma HD. Personalized federated learning method based on attention-enhanced meta-learning network. Journal of
Computer Research and Development, 2024, 61(1): 196-208. (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.
202220922]

[21] Fan ZN, Fang H, Zhou ZR, Pei J, Friedlander MP, Liu CX, Zhang Y. Improving fairness for data valuation in horizontal federated
learning. In: Proc. of the 38th IEEE Int’l Conf. on Data Engineering (ICDE). Kuala Lumpur: IEEE, 2022. 2440-2453. [doi: 10.1109/
ICDE53745.2022.00228]

[22] Zhao J, Zhu XH, Wang JZ, Xiao J. Efficient client contribution evaluation for horizontal federated learning. In: Proc. of the 2021 IEEE
Int’l Conf. on Acoustics, Speech and Signal Processing (ICASSP). Toronto: IEEE, 2021. 3060-3064. [doi: 10.1109/ICASSP39728.2021.
9413377]

[23] Lv HT, Zheng ZZ, Luo T, Wu F, Tang SJ, Hua LF, Jia RF, Lv CF. Data-free evaluation of user contributions in federated learning. In:
Proc. of the 19th Int’l Symp. on Modeling and Optimization in Mobile, Ad Hoc, and Wireless Networks (WiOpt). Philadelphia: IEEE,
2021. 1-8. [doi: 10.23919/WiOpt52861.2021.9589136]

[24] Xu XY, Lyu LJ, Ma XJ, Miao CL, Foo CS, Low BKH. Gradient driven rewards to guarantee fairness in collaborative machine learning.
In: Proc. of the 35th Int’l Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021. 1232.

[25] Pan CL, XuJR, Yu'Y, Yang ZQ, Wu QB, Wang CB, Chen L, Yang Y. Towards fair graph federated learning via incentive mechanisms.
In: Proc. of the 38th AAAI Conf. on Artificial Intelligence. Vancouver: AAAI Press, 2024. 14499-14507. [doi: 10.1609/aaai.v38il3.
29365]

[26] Tan ZH, Wan GC, Huang WK, Ye M. FedSSP: Federated graph learning with spectral knowledge and personalized preference. In: Proc.
of the 38th Int’] Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2024. 1090.

[27] Zehtabi S, Hosseinalipour S, Brinton CG. Decentralized event-triggered federated learning with heterogeneous communication
thresholds. In: Proc. of the 61st IEEE Conf. on Decision and Control (CDC). Cancun: IEEE, 2022. 4680-4687. [doi: 10.1109/CDC51059.

© TEBREEEEIEDT  htp/ www. jos. org. cn


http://www.jos.org.cn/1000-9825/7322.htm
http://www.jos.org.cn/1000-9825/7322.htm
http://www.jos.org.cn/1000-9825/7322.htm
https://doi.org/10.13328/j.cnki.jos.007322
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.1007/s13278-020-00689-w
https://doi.org/10.24963/ijcai.2018/341
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1007/s10618-018-0585-7
https://doi.org/10.1038/nature14539
https://doi.org/10.1016/j.aiopen.2021.01.001
https://doi.org/10.1145/3625558
https://doi.org/10.1109/CVPR46437.2021.01057
https://doi.org/10.1609/aaai.v38i14.29468
https://doi.org/10.1137/1.9781611978032.92
https://doi.org/10.1137/1.9781611978032.92
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.1109/ICDE53745.2022.00228
https://doi.org/10.1109/ICDE53745.2022.00228
https://doi.org/10.1109/ICASSP39728.2021.9413377
https://doi.org/10.1109/ICASSP39728.2021.9413377
https://doi.org/10.23919/WiOpt52861.2021.9589136
https://doi.org/10.1609/aaai.v38i13.29365
https://doi.org/10.1609/aaai.v38i13.29365
https://doi.org/10.1109/CDC51059.2022.9993258

1528 HAFFIR 2026 FF 37 AF 4 B

2022.9993258]

[28] Suzumura T, Zhou Y, Baracaldo N, Ye GN, Houck K, Kawahara R, Anwar A, Stavarache LL, Watanabe W, Loyola P, Klyashtorny D,
Ludwig H, Bhaskaran K. Towards federated graph learning for collaborative financial crimes detection. arXiv:1909.12946, 2019.

[29] Pan ZR, Wang GZ, Li ZN, Chen LF, Bian Y, Lai ZY. 2SFGL: A simple and robust protocol for graph-based fraud detection. In: Proc. of
the 2022 IEEE Int’l Conf. on Cloud Computing Technology and Science (CloudCom). Bangkok: IEEE, 2022. 194-201. [doi: 10.1109/
CloudCom55334.2022.00036]

[30] Li MQ, Walsh J. FedGAT-DCNN: Advanced credit card fraud detection using federated learning, graph attention networks, and dilated
convolutions. Electronics, 2024, 13(16): 3169. [doi: 10.3390/electronics13163169]

[31] Guan ZL, Du JP, Xue Z, Wang PW, Pan ZH, Wang XY. Personalized public safety event detection based on reinforcement federated
GNN. Ruan Jian Xue Bao/Journal of Software, 2024, 35(4): 1774-1789 (in Chinese with English abstract). http://www.jos.org.cn/1000-
9825/7019.htm [doi: 10.13328/j.cnki.jos.007019]

[32] Yang YJ, Wang L, Wang YH. Rumor detection based on source information and gating graph neural network. Journal of Computer
Research and Development, 2021, 58(7): 1412—1424. (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2021.20200801]

[33] Chen B, Zhang J, Zhang XK, Dong YX, Song J, Zhang P, Xu KB, Kharlamov E, Tang J. GCCAD: Graph contrastive coding for anomaly
detection. IEEE Trans. on Knowledge and Data Engineering, 2023, 35(8): 8037-8051. [doi: 10.1109/TKDE.2022.3200459]

[34] Chen JY, Zhu GH, Yuan CF, Huang YH. Boosting graph anomaly detection with adaptive message passing. In: Proc. of the 12th Int’l
Conf. on Learning Representations. Vienna: OpenReview.net, 2024. 1-22.

[35] Wang CX, Wang KY, Wang MQ. Malicious node detection based on semi-supervised and self-supervised graph representation learning.
Ruan Jian Xue Bao/Journal of Software, 2025, 36(5): 2288-2307 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/
7211.htm [doi: 10.13328/j.cnki.jos.007211]

[36] 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]

[37] TanY, Long GD, Liu L, Zhou TY, Lu QH, Jiang J, Zhang CQ. FedProto: Federated prototype learning across heterogeneous clients. In:
Proc. of the 36th AAAI Conf. on Artificial Intelligence. AAAI Press, 2022. 8432-8440. [doi: 10.1609/aaai.v36i8.20819]

[38] Wang Y, Li GL, Li KY. Survey on contribution evaluation for federated learning. Ruan Jian Xue Bao/Journal of Software, 2023, 34(3):
1168-1192 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6786.htm [doi: 10.13328/j.cnki.jos.006786]

[39] Song TS, Tong YX, Wei SY. Profit allocation for federated learning. In: Proc. of the 2019 IEEE Int’l Conf. on Big Data (Big Data). Los
Angeles: IEEE, 2019. 2577-2586. [doi: 10.1109/BigData47090.2019.9006327]

[40] Li XK, Wu ZY, Zhang WT, Zhu YL, Li RH, Wang GR. FedGTA: Topology-aware averaging for federated graph learning. Proc. of the
VLDB Endowment, 2024, 17(1): 41-50. [doi: 10.14778/3617838.3617842]

[41] Huang WK, Wan GC, Ye M, Du B. Federated graph semantic and structural learning. In: Proc. of the 32nd Int’l Joint Conf. on Artificial
Intelligence. Macao: IJCAI, 2024. 3830-3838. [doi: 10.24963/ijcai.2023/426]

[42] Chen C, Xu ZY, Hu WB, Zheng ZB, Zhang J. FedGL: Federated graph learning framework with global self-supervision. Information
Sciences, 2024, 657: 119976. [doi: 10.1016/].ins.2023.119976]

[43] Page L, Brin S, Motwani R, Winograd T. The PageRank citation ranking: Bringing order to the Web. In: Proc. of the 8th Int’l World
Wide Web Conf. 1999.

[44] 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. Baltimore: PMLR, 2022. 21076-21089.

[45] McAuley JJ, Leskovec J. From amateurs to connoisseurs: Modeling the evolution of user expertise through online reviews. In: Proc. of
the 22nd Int’l Conf. on World Wide Web. Rio de Janeiro: ACM, 2013. 897-908. [doi: 10.1145/2488388.2488466]

[46] Wang Z, Kuang WR, Xie YX, Yao LY, Li YL, Ding BL, Zhou JR. FederatedScope-GNN: Towards a unified, comprehensive and
efficient package for federated graph learning. In: Proc. of the 28th ACM SIGKDD Conf. on Knowledge Discovery and Data Mining.
Washington: ACM, 2022. 4110-4120. [doi: 10.1145/3534678.3539112]

[47] Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. Journal of Statistical Mechanics:
Theory and Experiment, 2008, 2008(10): P10008. [doi: 10.1088/1742-5468/2008/10/P10008]

[48] Mu XT, Shen YL, Cheng K, Geng XL, Fu JX, Zhang T, Zhang ZW. FedProc: Prototypical contrastive federated learning on non-IID data.
Future Generation Computer Systems, 2023, 143: 93-104. [doi: 10.1016/j.future.2023.01.019]

[49] Hamilton WL, Ying Z, 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.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CDC51059.2022.9993258
https://doi.org/10.1109/CloudCom55334.2022.00036
https://doi.org/10.1109/CloudCom55334.2022.00036
https://doi.org/10.3390/electronics13163169
http://www.jos.org.cn/1000-9825/7019.htm
http://www.jos.org.cn/1000-9825/7019.htm
http://www.jos.org.cn/1000-9825/7019.htm
https://doi.org/10.13328/j.cnki.jos.007019
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.1109/TKDE.2022.3200459
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
https://doi.org/10.13328/j.cnki.jos.007211
https://doi.org/10.1145/3539597.3570377
https://doi.org/10.1609/aaai.v36i8.20819
http://www.jos.org.cn/1000-9825/6786.htm
http://www.jos.org.cn/1000-9825/6786.htm
http://www.jos.org.cn/1000-9825/6786.htm
https://doi.org/10.13328/j.cnki.jos.006786
https://doi.org/10.1109/BigData47090.2019.9006327
https://doi.org/10.14778/3617838.3617842
https://doi.org/10.24963/ijcai.2023/426
https://doi.org/10.1016/j.ins.2023.119976
https://doi.org/10.1145/2488388.2488466
https://doi.org/10.1145/3534678.3539112
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1016/j.future.2023.01.019

MRE F @E AN 6 RS B dosh A R A BRI FE ) 1529

B Fh 32528 3k
[11 REz, DR, ZRER, 2R, T v 4 b RCRS TR0 R i e B i £ I 2% 23708 . 31 241k, 2024, 35(8): 3897-3922. http://www.jos.
org.cn/1000-9825/7087.htm [doi: 10.13328/j.cnki.jos.007087]
[51 B, Fohk, BRI, 24k 0. 36 T BRI 2 A S0 B0 AR 2 W46 0% 5 Rl 7 ik B 2441, 2025, 36(11): 5134-5157. http://www.
jos.org.cn/1000-9825/7322.htm [doi: 10.13328/j.cnki.jos.007322]
[20] AR, MG, X5, TAAR. LT R SO 58 0 o) WL AN PEAG IR R % 2 O 2k, THEHLE 7T 5 K, 2024, 61(1): 196-208. [doi:
10.7544/issn1000-1239.202220922]
[31] &EAL, FLZESF, B, IS0, WYIDE, EWeBH. JE T 5L GNN M E AL A 3522 4 RO SRR I 3154, 2024, 35(4):
1774-1789. http://www jos.org.cn/1000-9825/7019.htm [doi: 10.13328/j.cnki.jos.007019]
[32] MHAEAS, EF0, EFM. BA VRS B4 B e 2 W 4 108 5 RO 7. THENEE RS KR, 2021, 58(7): 1412-1424. [doi: 10.7544/
issn1000-1239.2021.20200801]
[35] /=M, FHLA, TAB). B2 WBOR B B B R 2% o A 3 s I B 243, 2025, 36(5): 2288-2307. http:/www.jos.org.
¢n/1000-9825/7211.htm [doi: 10.13328/j.cnki.jos.007211]
[38] 5, FER, TIP3 BN S STIRITAL 4558, 243k, 2023, 34(3): 1168-1192. http://www.jos.org.cn/1000-9825/6786.htm [doi:
10.13328/j.cnki.jos.006786]

Misk A

BT 5 3.4 THVBBRAT, A FARSUE R 1 MTEAREYI L.
TEFE 1. FedRPDA RN SSIE. 6T R BBE, AEAR MR T, FedRPDA HAL T #8185 5 ] LA 3
U0 WS AR

S 4" : 28
ZO VL ()| < o (£ () =)+ 2B LK (D7 %) S 4267 + 46°ALG
R B SRR R UK ¢ I 720 P i (K5 k25 AR 1 BT

nk+l = w’n,k -nVL, (W;_ka k) .

w

MRAE R 1, AT AR 3]

L, (W) < Lo (W ) (VL (W) ~1V L, (W,:60)) “nvz Wfk) :
RIE B 2. ik 3 FFHUHE:
B[L, (W )] < L2 (whe) =]V, (W ” (ch W, “ +0')

FEIESC RN S5 B AR B B A 2K (18) o, F B8 8 2 R P 2 SR & T L, RSN, i 5 A0 b e e B,
FEFH G > 01§15
‘ L, (W;,kn) -L, (W;,k)

B3 33 F Cauchy-Schwarz 253
E [' L, (W;le) -L, (W;k)”] <nGE H|V£n (W;l\)”] .

<G|, (w8

BURTA L, i 22156 A2 -

Ble (< (-1 Tl b + 5 ooz ()
REF Young &5 xS A I, b 45
B[L, (wh)] < £4 () 5 1(n————)HVE,, W +¥0’ + L,KG.

=~

k=0

X R 55 S AU 3R 5 I

© PEEREERKEEIFTI  hps/ www. jos. org. en


http://www.jos.org.cn/1000-9825/7087.htm
http://www.jos.org.cn/1000-9825/7087.htm
http://www.jos.org.cn/1000-9825/7087.htm
http://www.jos.org.cn/1000-9825/7087.htm
https://doi.org/10.13328/j.cnki.jos.007087
http://www.jos.org.cn/1000-9825/7322.htm
http://www.jos.org.cn/1000-9825/7322.htm
http://www.jos.org.cn/1000-9825/7322.htm
http://www.jos.org.cn/1000-9825/7322.htm
https://doi.org/10.13328/j.cnki.jos.007322
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.7544/issn1000-1239.202220922
https://doi.org/10.7544/issn1000-1239.202220922
http://www.jos.org.cn/1000-9825/7019.htm
http://www.jos.org.cn/1000-9825/7019.htm
http://www.jos.org.cn/1000-9825/7019.htm
https://doi.org/10.13328/j.cnki.jos.007019
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.7544/issn1000-1239.2021.20200801
https://doi.org/10.7544/issn1000-1239.2021.20200801
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
http://www.jos.org.cn/1000-9825/7211.htm
https://doi.org/10.13328/j.cnki.jos.007211
http://www.jos.org.cn/1000-9825/6786.htm
http://www.jos.org.cn/1000-9825/6786.htm
http://www.jos.org.cn/1000-9825/6786.htm
https://doi.org/10.13328/j.cnki.jos.006786

1530 HAEFIR 2026 F

ole(o) « S )45 oo o5 o )

Ml 4, FAEFE L > 15 2 >0, 5

N
Zp’n
n=1

2

N
ZACN = PWAZACH
n=1

—K,

iR R, A

an VEn W, k

n=1

HAREEA FHE D £ max, IVL, (w,) ||, 15245 H fn 22 51

2HV£

2
' '
Wik _WS” v

N
r Zp’n
n=1

%37 A% 4

E [| Wi~ w;||2] < 172k(D2 + 0'2).
Xtt=0%2]T—13KHM, 7] LS 3
T-1
% ZOE [ch (w) 2] néfT (£(w))- L)+ 28 LK (D* +0%) + 2—1'5 +28°Lno? + 482 AL,G,

Hdr, £° 2 min, L (w).

EEEN

R, Wi, BT T N TR e 22 4, 2220, 2 T B 12 48

BRX, WA, T LW SO &% 2 31, RAES 3, 2 T I B2 4.

BRATER, 1 b2k, R BLRT FE A T 5 1 A RN TR e, R 2 1.

ERPRIL, T2k, SR OISO SR TE, 6 T IR 1248,

T, TR, LT TS Bk, A T e

WA, Rl L, SR T U SO, N T e 4, KRBT

SREAZR, WL, 2, WLAE S, CCF kg 5, 2R FE MU tH SNV SE, IR 5 N TR e, HLas A0
BYE, WL, BIAER, LA R0, CCF %lkax B, O USRI E 2 EIG 4 b, BEELRAL, 25T B 248,

© EEEES

BEFRIFSERT  https/ www. jos. org. cn



	1 相关工作
	1.1 图欺诈检测
	1.2 联邦学习
	1.3 面向欺诈检测的图联邦学习

	2 预备知识
	3 风险感知动态聚合图联邦学习方法
	3.1 典型风险动态聚合策略
	3.2 多样化风险平均聚合策略
	3.3 训练过程
	3.4 收敛性分析

	4 实验分析
	4.1 实验数据
	4.2 基线方法
	4.3 评价指标
	4.4 实验设置
	4.5 实验结果与分析
	4.6 消融分析
	4.7 超参数影响分析
	4.8 训练效率分析

	5 总　结
	附录A
	参考文献

