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Abstract
edges change dynamically, a dynamic graph convolutional network (DyGCN) is proposed to learn representation as

In order to learn high-level representation with rich information for dynamic graphs where nodes and

a mixture of both spatial and temporal information. The model performs spatial convolutions to learn structural
information on graphs and temporal convolutions to learn historical information along time axis. Besides, the self-
adapting mechanism on the spatial convolution layer allows model parameters to update with graphs. Extensive
experiments on financial networks for edge classification tasks against financial crimes show that DyGCN

outperforms state-of-the-art methods.
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Fig. 1 An example of a dynamic graph
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Fig.2 DynGCN model architecture
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VEVE IAEJE M ) B — 51 o AR IfE GRU #8452 £ X il
2 )Y, I T GON A JE B Y 2 A e £ X
W 2 ) A o I 2 ¢ AR JE R W, 1O GRU Y
BeUIRZS: oI 2058 1R B9 R OR M X 18 GRU
oo A, LAl ACYETES 200915 B GRU SICH
WEHE R W, AERN T — 2R RCERE R . W,
B3 b A B g S R S T 2 A5 B . i T
HHE M W 5 RN X AR R RS AERE, A
IETE A J2 1 1 28 J2 B A FR BT AR X R, 1A
BEE W AR BB

GCN AL 7 T iy b3R5 s i 4B (5 5., T
GRU #5516 5] 24 B2 | 7 1) A7 BT AL 2 8. th
i, 2SI B S A AR A SRS R . Al
B RZ AT OB SR

X" =F (X, AW)=F (X[, 4,.9X. . W), (6)

Horr, pRE FAIG 5300 27 P 4 FRARAE FA H 537
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Fig. 3 An example of dilation convolution in TCN
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2.5 &A%

T AR B RN e ), AR E KL 4y
RALSS XL HEAT N G o 0 RAT 5 AEAR 2 B
Yy N AARSR BB S, Ak < 1) 285 o R A0
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A 1 52 SAR A5 2% eR K
L==3 3 @2 (E0) log), ()
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Bitcoin OTC" #it4l £ J& M 4 T 58 5 90 3l v 412
W A P 2Z A (AR BE DR R4 . P T -10 (584
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96/21/21
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ANFT 53 FERE L A B (R A2 4T B ) o 0000 4 Ay Bsp
[B) 5 B 249 Ry S AF, FRATTIE B 13.8 KAy st [a] [E] R, 4K
P A 3= 2 138 AN 20 o #4138 NI ] 20 8] 43y
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B)FI+10 (E2(F1T), B2 5 Bitcoin OTC ) 89%F¥)
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DL, FRATHE G 40 i AR R 43 25 0 28000, T e
G e ey el
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H . ekt sh A PE R 2R dEr 7679 SRR

@ http://snap.standford.edu/data/soc-sign-bitcoin-otc.html; @ http:/snap.standford.edu/data/soc-sign-bitcoin-alpha.html
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M SRR o oy Ay N Rt W e R NG TSIV =)
PEAT o W sh S P AR ) RNN By B i) i v, 6%t 45
AR, 2 2] B H R ) GON BLE S5, 7 5 1)
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PERER I . X T/NEAY 73K 45 R, DynGCN ik #|
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Table 2 Experimental results for edge classification tasks

Jiik Bitcoin OTC Bitcoin Alpha
R T F1 F1 (i 2% /43 111 5%) A T F1 F1 O/ [E1R)
GCN 0.5535 0.6155 0.3186 (0.2050/0.7148) 0.6495 0.6814 0.0992 (0.0802/0.1303)
GCN-GRU 0.5981 0.6551 0.3386 (0.2256/0.6788) 0.6340 0.6865 0.3433 (0.2353/0.6347)
EvolveGCN-H 0.6839 0.7118 0.2171 (0.1754/0.2848) 0.7569 0.7668 0.3160 (0.2738/0.3735)
EvolveGCN-O 0.6873 0.7168 0.2446 (0.1962/0.3246) 0.6773 0.7126 0.2971 (0.2288/0.4234)
DynGeN 07949 08019 03583 (0.3309/03905) ¢ 08011 08027  03519(0.3549/03489)
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