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Abstract: The overall structure information is obtained in the training of the capsule graph neural network,
and as the layers increases, the structure feature information of the node will be lost. A capsule graph neural
network that combines global and local features was proposed. First, the Node2vec is improved, and the
attribute information of nodes is introduced into the random walk process, so that the network structure and
the attributes of nodes are taken into account when the network representation is generated. Then, the
improved Node2vec is introduced into the capsule graph neural network, and the capsule graph neural
network 1s designed which fuses global and local characteristics. Experimental results show that the
proposed capsule graph neural network has faster training convergence, and higher graph classification

accuracy.
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Fig.1 Framework of capsule graph neural network based on global and local features fusion
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Fig. 3 Module of graph convolutional network

2.3 BEKE

e e 3 2 GO ) A R R R R 2
WP i 4, AN [e] 11 121 Jise 48 DA AN [] Oy T sz e [0 JE 114
FEAE o B B R S AR AR A B 2 R RRAE S B A
CEIEIESN=YE PV DS E Q=Y e 291N =

JBE e 5 220t 3 B O R LW, 2l a1y
S AT A T b AR T E I
BRI SNy & oG AR BV E Y& O
PREFTY YO0 B AR R A I8 — e UK 5 o i
Jr 3 3 i W SR AR g a3 14 7 AR SO



- 1052 - THRKRKRFFRHR(OT F RKR)

% 51 %

AT A O I B BEHLE , 2 0 7 B 2 A0 4B )2
2Z 8] 4 B TR T, R R T a5 e 2 A R 2 1Y = )
FRIEAL % 2538 1Y B IR 3 1

e WALING L PS i B R M) Y e Uk e L2 |
ST AN A TR o AN H ORI R
HER" " K HREIFHYER ", K5
ST A G HEAT U5, P 2 I 2% B B 2 R
INFdX e R RN coe BTESEM S )ZHY
o Z e R RGN FE T A S A — 4k )7
B Xt Z ¥R AT RAEANE N B & W) 2= (., IR 2
AR BT SR R A B S R SR U

Node-based A
normalization 1
n

>
>

El4 FEAER
Fig. 4 Attention module

B 1] A R 265 A 0, il BB ok i) 7 a5
R & THEZMEGE . — BT, BE R &
JG — 245 B s A A DUAR G 3 0 #4181 kA7
Iy 28 MHE R, DR T A SO P A e )2 1) e A AR R 245
53 3 B0 4k AR R B R AL E AR R IR
E?%Z

Vi =L b Wi /) i W] (8)

U 2 T 50 DY A0 O Y R AT R
V1 3 T 2 (] 6 5 1 45 2R 5 W R W g3 ) Ok i e
ARG A 3 T T N Y e B R B s e S 220 TR )
BT 2 VT — A1 R 3

R, P T S B R PR AL A R R A
2.4 DERKE

e IE SRS HBUNEEY I E SONC B i
i e 2 LA AR B K C, CERY I
W, ko o S I A A B, AR SO T SCRR [ 14 142 1
4 320 545 % pRBOHE S 0 4 2R eR VK, AT TS

Loss, = Z {T, max (0, m™ — |lc,]|)* +

A(L— Tymax (0, lledl—m )} (9)
k7325 T o o JE R 78 bR B (R A7 AE
LANAFAER 0) sm ' g b5 SR A B, RIS 0 %
KA IR sm B A ISR B, B
TR 2 AN A7 AR AR L SEAFAE 5 A 0 LU 2R 880, ok
TR ME

TE A58 5% o KR A I U 458 2 358 ol T X e 1 29%
Hhews B A G AR S TR o B R R
Ve E SiIL IR (RO AN iR ci2 TN L R R 3 N A
TEAS [0 265 v Ei S T 400 Y A B A0 K R RO
F PR 45 i A P8 2 T ) BB
S HKIEH I 2

FC FC FC
Relu Relu Sigmoid

E5 FEEMEK
Fig. 5 Reconstruction losses
ik Tt s i ) J5e 34 2 ) %ok ol A TR T Y
RRAE , E AR PR OB O, B A B . TE MR
R T 70 2 IE B IR AN e 4 22 b, oAt Y o 26 Jie 4
AR5 R, SR 5 T T T JZ 4 2 o 22 T 6 T A
AFE, AKUT .
Z}]\/Ilt’[(d,-*m,-)2
Loss, = EMPI +

2(1 — MP)(d,— m,)
SDW1—MP),

s, i A Al A B A R T R s d R
XoF L P i R, Y A B R AL e ok 7, U MP =
L, #0240,
3 S I
3.1 XEIRBEEHIE

RSB A B SR AL T Ubuntul6. 04 24, N
f£ 8 GB ) CPU ¥ 5%, 4 #2155 4 Python3. 6,
S5 HE 42 Sk Pytorch,

AR SO F T Ay 4 Ry R Ry R A A M A PR e
2 W 2% 5 H AL L AR, S 50 R B St
T8 19 89k Weisfeiler-Lehman (WL) ™ f1 GK 2
U B AT SRR R SORE RSy R AL
SR G LA TR AR 09 7 SO 2 i A I8 A R T
W 2F 2 BB AWE . DGCNN F1SCHk [ 842 H
() 12 % P 22 ) 2% (CapsGNN) , AWE 2 i ™)
FIN A L A B R IR A N I TR
M ALRS % > Jr AT B 43 25 DGCNN i 1
2 J2 GNN A= jli 15 s A JF 45 G A )2 4 i

(10)




B B, F ek S A R e R SR AR AR 6 R B AV 22 W 2%

- 1053 -

(R FREAE , PR ARG DN 55 J5 — 2 BRI i A5 B
ST HER

AR SCHE 5 AN BG4 bk Bk A R R AT I IE
SR FH 105 28 SUSRIE ) J7 306k 52 56 B0 147 400 43
SEH R R 1R, K, D&D . ENZYMES J&
T AW A5 B 5 A T bR % s COLLAB  IM-
DB-B.IMDB-M 2 #t 58 W 4% %5 4l 4, A 19 &L
bR .
3.2 LWHERRESH

AT SR E S CapsGNN 58 2 A [\ .
F 2R3 3 AR S5 A HEAT L IR AT ) L 45

1 HFEEEFEHAER
Table 1 Dataset details

FETE S TP N S SR SR G CE B RS
COLLAB 3 5000 Je 74.49 4914.99
IMDB-B 2 1000 e 19.77 193.06
IMDB-M 3 1500 Je 13 131.87
D&.D 2 1178 A 284.31 715.65
ENZYMES 6 600 A 32.46 63.14

Ho WE2ME3IH T LIE 1, GLCapsGNN 7£ H:
o3 AN BOHE AR b A3 SRR T A, 0 TG 0 Y A
[ Jed 50 45 4 R AE 22 )5 I 4% 1 0 28 ofE B R A T
$E Tt

T2 W WHERR

Table 2 Accuracy of comparative %
Bk COLLAB IMDB-B IMDB-M D&.D ENZYMES
WL 79.02+1.77 73.40+4.63 49.33+£4.75 79.784+0.36 52.22+1.26
GK 72.84+0.28 65.87+0.98 43.89+0.38 78.454+0.26 32.70+1.20
AWE 73.93+1.94 74.45+5.83 51.54+3.61 71.514+4.02 35.774+5.93
DGCNN 73.76+0.49 70.0340.86 47.834+0.85 79.37+£0.94 51.00£7.29
CapsGNN 79.62+0.91 73.10+4.83 50.27+2.65 75.384+4.17 54.6745.67
GLCapsGNN 77.884+4.19 75.62+5.38 63.12+2.26 74.8843.42 58.434+4.25
F3 WIEXWHITERM
Table 3 Compute cost of comparative
s COLLAB IMDB-B IMDB-M D&.D ENZYMES
ik WrE /s AR/ % WHEl /s NAE/ % BEE/s AR/ % mHEl/ s NAE/% BEE/s AR/ %
CapsGNN 0.5463 63 0.1608 59 0.1574 57 6.1603 87 2.2738 71
GLCapsGNN 0.5792 61 0.1945 59 0.1753 58 6.6494 89 2.3452 72

AR SCAE S 06 X AS [R]) PR R 4% 4 R 3 4 AE
i, B i A9 Node2vee B 3L 1 S 5 & AR,
IMDB-M % 4f 48 0y ], Z 501 B a0 FRAE 1] 4
Y 1 205 B AL A B0 105 BE AL E K B N
105 )75 % 11K/ R 105 BE LI E R S5 p=1,
q=2,

] 6 Ay Jiz 4 [P o 220 ) 245 7S SC il 4 4 R AL R)

0.8

0.7

0.6

L 05¢F
E 04
703

02

0.1 |

50 0 40 80 120 160 200

EARIRH
E6 MM IMDB-M #5454 F A AR L &
Fig. 6 Accuracy comparison curve of two models
on IMDB-M dataset

—A—GLCapsGNN
—&—CapsGNN

TR AE (1) T 4 PR P 22 I 4% A IMDB-M ¥ 4
B3 I HEAf o 3 o 0 e S5k B, etk s Y
B A AE DU AR T A v R AR T T 20 800, O HlL
A RE Tl R SR

4 ZERE

A Node2vee 5 #4724 45 SBY N
25 e P Rl A ) B AL I A ok R e ol B AL AE R AR
— R EHATMER IR, Node2vee B
T Y R AR R AR PR A B 2% g 1) 5T 1) 42 Jy
FRAE o A SO 2 8 B9 Node2vec 51 A e 28 & #h 22
DR 2 T B T A SR RN R R REAIE 1 i 2 1]
L4 dE SR R, 51 AR AR AE A B AT L
P2 A U 2, 3G ) Node2vece 1] L AAS 7] 7
] = & B A RRAEAR B, 76 )5 224l 3B (9 i 5 R A
AL R VR, BB A% T 47 b RN . N2 R 45
WAl LA 76 20 00 L SE 5 v, 5 AN 55l 2 h Ay
3A I R R I



1054 THRAXFFR(OT FR) % 51 &
SEH: edge Discovery and Data Mining, New York, 2016:
855-864.
[ 1] Krizhevsky A, Sutskever I, Hinton G E. Imagenet [10] Perozzi B, Al-Rfou R, Skiena S. Deepwalk: online
classification with deep convolutional neural networks learning of social representations[C]/Proceedings of
[J]. Communications of the ACM, 2017, 60(6): the 20th ACM SIGKDD International Conference on
84-90. Knowledge Discovery and Data Mining, New York,
[ 2] Bruna J, Zaremba W, Szlam A, et al. Spectral net- 2014:701-710.
works and locally connected networks on graphs[J/ [11] Ribeiro L. F R, Saverese P H P, Figueiredo D R.
OL].  [2019-01-02].  https: /arxiv. org/pdf/ Struc2vec: learning node representations from struc-
1312.6203. pdf tural identity[C]//Proceedings of the 23rd ACM SIG-
[ 3] Defferrard M, Bresson X, Vandergheynst P. Convo- KDD International Conference on Knowledge Discov-
lutional neural networks on graphs with fast localized ery and Data Mining, New York, 2017:385-394.
spectral filtering[C]//Advances in Neural Information [12] Tang J, Qu M, Wang M, et al. LINE: large-scale
Processing Systems, San Francisco, 2016: 3844~ information network embedding[C] //Proceedings of
3852. the 24th International Conference on World Wide
[4] Kipf T N, Welling M. Semi-supervised classification Web, Piscataway, 2015:1067-1077.
with graph convolutional networks[J/OL]. [2020-01- [13] Henaff M, Bruna J, LeCun Y. Deep convolutional
04]. https://arxiv. org/pdf/1609. 02907. pdf networks on graph-structured data[J/OL]. [2019-01-
[ 5] Hamilton W, Ying Z, Leskovec J. Inductive repre- 06]. https://arxiv. org/pdf/1506. 05163. pdf
sentation learning on large graphs[C]//Proceedings of [14] Sabour S, Frosst N, Hinton G E. Dynamic routing
the 31st International Conference on Neural Informa- between capsules[J/OL]. [2020-01-08]. https: //arx-
tion Processing, San Francisco, 2017:1025-1035. iv. org/pdf/1710. 09829. pdf
[6] Verma S, Zhang Z L. Graph capsule convolutional [15] Shervashidze N, Schweitzer P, van Leeuwen E J, et
neural networks[J/OL]. [2020-01-02]. https://arxiv. al. Weisfeiler-lehman graph kernels[J]. Journal of
org/pdf/1805. 08090. pdf Machine Learning Research,2011,1(3):2539-2561.
[7] MalleaM D G, Meltzer P, Bentley P J. Capsule neu- [16] Rezaee B. A cluster validity index for fuzzy clustering
ral networks for graph classification using explicit ten- [J]. Fuzzy Sets and Systems, 2010, 161(23): 3014~
sorial graph representations[J/OL]. [2020-01-04]. 3025.
https://arxiv. org/pdf/1902. 08399v1. pdf [17] Wang H, Fan W, Yu P S, et al. Mining concept-
[8] Zhu Z, Peng G, Chen Y, et al. A convolutional neu- drifting data streams using ensemble classifiers[C]//
ral network based on a capsule network with strong Proceedings of the 9th ACM SIGKDD International
generalization for bearing fault diagnosis[J]. Neuro- Conference on Knowledge Discovery and Data Min-
computing, 2019, 323: 62-75. ing, New York, 2003:226-235.
[9] Grover A, Leskovec J. Node2vec: scalable feature [18] Wang Y, SunY, Liu Z, et al. Dynamic graph CNN

learning for networks[C] //Proceedings of the 22nd
ACM SIGKDD International Conference on Knowl-

for learning on point clouds[J]. ACM Transactions on
Graphics, 2019, 38(5):1-12.



