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Abstract Graph representation learning has become a research hotspot in the field of graph deep learning. Most
graph neural networks suffer from oversmoothing, and these methods focus on graph node features and pay little
attention to the structural features of graphs. In order to improve the representation of graph structural features, we
propose a graph classification method based on graph kernel homomorphic network, namely KerGIN. The method
first encodes the node features of the graph through graph isomorphism network ( GIN ) , and then uses the graph
kernel method to encode the graph structure. The Nystrom method is further used to reduce the dimension of the graph
kernel matrix. The graph kernel matrix is aligned with the graph feature matrix with the help of MLP, and the feature
encoding and structure encoding of the graph are adaptively weighted and fused through the attention mechanism to
obtain the final feature representation of the graph, which enhances the ability to express the structural feature
information of the graph. Finally, the model is experimentally evaluated on seven publicly available graph
classification datasets: compared with the existing graph representation models, KerGIN model is able to improve the
graph classification accuracy substantially, and it can enhance the ability of GIN to represent the graph structural
feature information.
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Fig. 1 The process of graph classification based on graph neural networks
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L v B 4 TS AR 28 43 i) 2 O D R R Rk,
#14% C,N, O, F, 1, Cl, Br.

@ PTC™. Z ¥l 46 4 Bk 10 5 2 2% Pk %,
K & JB Sk ) SAR B AR T I 5 B 25 AR AL 3 S B A
AL T A X i sh ) 0 B0E AR I ik & . B
AT 2B B &S, 43 ) 3R R AT SO M R 3K

(3 PROTEINS. iZ B4 £ d A 1 1134~ A R

S5, BRI BRBE 5y R 2 25, 43 0 R on W o AE T
R RN H Y 2 A, R 2 GE e A B R
J7 41 53 B T 3 4 2 [] v 75 Sk 40 R A 1 A
Z 18130 B A7 AEPE.

@ NCI ™ B s 0 — A TR 2E 0 T I 8K
it A, S AR I /0 200 e il 9 % P O o ) TR P R 4 4
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AP E 254
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p NS (PR s A L N (Y S e S
(AT 55 2 1 BTk 2 [ 3% o0 I 4% 1&g T sh 1 2R A A
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© IMDB-M""!, 2 $i 8 45 14T 55 thn J2& 5 B3 - ]
9% R LR A AT 2K

(D COLLAB™. iZ 8 55— 456 TRHIF & 1
BURAE, BRI T AR B | RS B K SC 3
AN SR AR A AS [R5 N DL R 0 2% (ego-
network) [&] . X 17 1) b5 25 R 9F 55 N 53 T I 114 A 5 46
B o 2R AT 55 S A k2 1 R vt 9 4% DX 1Y
5T N B3 T i A BF 5 k.

S Y 7 A RO S A B g g R
1 HR.

Table 1 Information Statistic of Datasets

®1 BRENFEESI

FH P . B I8k

I L
MUTAG ¥4+ 188 18 20 2 Disc. 1
PTC BT 344 26 51 2 Disc. 1
PROTEINS f#4rF 1113 39 73 2 Disc. 1
NCI1 =T 4110 30 65 2 Disc. 1
IMDB-B  #HAZMZE 1000 20 97 2 No 2
IMDB-M  #&M% 1500 13 66 3 No 3
COLLAB  #:32M%% 5000 74 2458 3 No 5

2) FEUE T VA AR SOR S B Y AT O e B A Y
2 PR T 3 28 T WA Sy M D7 i AT S R X L
53 ) R 3 TR R O ik L 3k T IR B 28 I 45 1Y) A 2
e FE T A R 3 2807 1k DG LA — 2B 5 E X
255 I TR A 28 I 2% T i, DL I R E B AR SO RS (R A
Rtk TR AR 52805 848 WL M i DGK ™),
BT P e 22 I 4% 1 P 23 250 95 A 4G GINDY, DCNNPY,
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AVCN(H)™, SLIMP?. 5 F [ % 5 1] o 28 I 265 45 1)
43207 A GCKN™, GSKN", GSNN, 7 3¢ (1% 43
FAE5 B TAH B,

3SR BRI Gk B2 o OR R B 28
W, WE 2% R =0.0001, I 24t K batch_size=
16, epoch=600, Nystrom J5 321" vb b 427 5 5 [ 1k 4 it
JE W HERE d B B KRR 1Y 12, SRR &
XA 2% F 5 00 J2 4K B 0 51 16 FI 8. WL A% 1Y 3540 vk %k
h=3. B4 4 v 90% A R I R4, L4 1 10% 1 Syl
.
32 LWHER

AN AE 7 AN BE 4 X KerGIN A HAt T A7 %&
HE T V5 AT 3 R VP Al AR SCR T 10 1R 10 38 SUERIE,
BV RE B 4R 43 1 10 5y, BR UL 1 AR S DA, R
(4 9 A R IR 48 5 SR J5 XX 10 WK A9 45 SRR - 1. 4
BN SR 1 43 2 HERR B AN 3 2 TR

P2 BRI JTIRAE T A0 TTE i A ik v
1 B . KerGIN 78 K 2 580 5 b R T 2T
. Horh MUTAG $045 45 09 7 35 Wi B2 4 95.2%, 1=
TB% SUGAR 4 iy Jir 47 3 #E J7 15 . 5 GSKN A L,
KerGIN (1 ¥ 1 £ 78 PTC #i4ls 45 4R T+ T 3.3 4~ E 4
It. 7E PROTEINS %4l 48 |+, KerGIN 1Y #fE i F£ AH [
GSKN J #2874 T 6.1 4~ H 43 bb. %FF NCIT £k 4 4,
KerGIN {4 #E i £ Fb GCKN 42 T+ T 4.8 1N H 43 He. 78
IMDB-B 1 IMDB-M %% #i& 4 I+, KerGIN f9 # #ff BE [t
WER B HEA4 58 2 1 GSKN 5 ik 4 A T 1740

Ay LE AN 0.8 4N 43 L. £ COLLAB %04 42 |, KerGIN
WG 3 4 3 T fi JE HEAY GCKN J7 k. 45 1) J2 7F — 8t
225y T B0 4 b KerGIN 3 08 58 1, 5 e 8 i 2
AL R 1) B i 28 I 2% 7 5 4 L, KerGIN B A5 5
e 11 1

R T BN R TR M ZE A R, A ST TR
) 7 2 B HE 44, B B — A7 ik, SR AR & A
R4 oy 2o B 0 T B HE A A O, M OGO
NEWIE

_ 1 (<
R=- (;rank(d,-)> : QD
Hh RER YA, rank(d)FEmT1E5 | DEUR4E
(0 50 2B HE 45, m 3 B 4R B0

FEE 4(a) h, 5 A HAE T 15 L, KerGIN £ 7
ASDS TR BT 23 S0 0 4 I, AR B IR R 1 SR o T ik
WA B 7 B HE 28 1L HR I R]  KerGIN 119 8] 43 2%
PERE LML T K 2 B0 1fE Jr . WKl 4(b) 7, KerGIN
AR T Foe A 9 v D7 VA AE 6 A BUHE B 1 1Y 43 28 v g
JEER A AN R FE JE A9 42 7. (i F KerGIN 78 MUTAG #(
P gE LA R TE, At IZER 4(0) b Rk 8 T A T+
) 6 M E I 42 #4777 PROTEINS %541 42
T T 7.5%, 1 IMDB-B $¥5 4 F T T 4 2.1%,
16 PTC $¥E 45 AR TF T 24 3.8%, 78 NCI1 %4 4 42
F+T 0.93%, 78 IMDB-M % 45 4 L4 T+ T 1.34%, 7¢
COLLAB #4427+ T 0.36%.

Table 2 Classification Accuracy on Each Public Dataset

x2 EESITOFEBE NS L ERE %o
Ik i
MUTAG PTC PROTEINS NCI1 IMDB-B IMDB-M COLLAB
WL 90.4(8) 59.9(8) 75.0(9) 86.02) 73.8(7) 50.9(5) 78.9(5)
DGK 82.6(11) 57.3(9) 71.6(10) 62.2(9) 66.9 (10) 44.5(7) 73.1(7)
GIN 89.4(9) 64.6(6) 76.2(6) 82.7(4) 75.1(6) 52.3(4) 80.2(4)
DCNN 67.0(12) 56.6(10) 61.3(11) 62.6(8) 49.1(9) 33.5(8) 52.1(9)
PATCHY-SAN 92.6(6) 60.0(7) 75.9(7) 78.6(7) 71.0(8) 45.2(6) 72.6(8)
SUGAR 96.7(1) 775(3) 81.3(3) 84.3(3)
GCKN 91.6(7) 68.4(5) 76.2(6) 82.0(5) 76.5(5) 533(3) 82.9(2)
GSKN 93.3(4) 85.2(2) 82.3(2) 79.9(2) 59.3(2) 81.8(3)
GSNN 94.7(3) 78.4(4) 78.1(3)
AVCN(H) 89.3(10) 62.3(8) 75.7(8) 73.4(8) 50.9(5) 80.2(4)
SLIM 93.2(5) 72.4(4) 77.4(5) 80.5(6) 77.2(4) 533(3) 78.2(6)
KerGIN (43C) 952(2) 88.5(1) 88.4(1) 86.8(1) 81.6(1) 60.1(1) 83.2(1)
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Fig. 4 Average rank and accuracy improvement rate of various methods
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PR AE 4 5 76 R [R] 28 R BCHR 4R b8 A1 0. S T
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IMDB-M X 6 > %545 42 78 Y 25 A 38 ik A% v 4 i 2
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Table 3 Ablation Experiment Based on MLP and Graph Kernel
*®3 ET MLP 5EZAHRSEE

Jik MUTAG PTC PROTEINS NCI1 IMDB-B IMDB-M COLLAB
WL 90.4 59.9 75.0 86.0 73.8 50.9 78.9
GIN 89.4 68.4 76.2 82.7 75.1 52.3 80.2
GIN-MLP 88.7 68.5 76.8 81.9 75.4 52.6 79.8
KerGIN (43() 95.2 88.5 88.4 86.8 81.6 60.1 83.2

T RAOLESR AR hR iR
Table 4 Ablation Experiment Using with Different Fusion Strategies
*4 FERARERMERENERIN

R MUTAG PTC PROTEINS NCI1 IMDB-B IMDB-M COLLAB
KerGIN-con 94.7 85.2 86.8 86.3 78.9 56.8 79.6
KerGIN-sum 94.9 86.3 87.5 86.3 79.4 58.6 81.7
KerGIN-att ( A<3C ) 95.2 88.5 88.4 86.8 81.6 60.1 83.2
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Fig. 5 Variation of loss values for training and testing on six datasets

K5 6 Mg IS KA B L

AT 0] 11 1 28 ) 2% 2 % 25 8 BE FH A B REAIE 4 15,
ARSI T S2u P B9 GIN 4 i 8%, b (i 7 2 A
TAT Y R A 22 W 45 HE SR GON IR T 78 71 4% GAT
HEAT T X 925 SCER 25 SR W 6(a) firas, Al LS
F| GIN (1) 4 i %R B2 47 F GCN il GAT. X 1] fig & A
S GIN 11 &1 2 35 B8 77 38 s K, B 5& FF A R AE

HEREE

0.95 77 GCN
0.90 | é Y GAT
’ § BB GIN
0.85 | é $
SE 8
0.80 f % % @$ é@
™ 075}
§ 0.70
0.65 %
0.60} @
0.55
050 . . . . éé .
Q&Y,O & &@%%O\ QQ;b Q@,& &ib
& & & H®

EETE S
(a) PEZmidas msem

Gufih. BLAh, WFGE T R G A 25 0 1 B 0 I 4y 25
e s m, & 6(b) B R T 7 74 IR B s 4
16~160 114 7 [] 1 4% Zi 1 K B2 ) KerGIN A9 i fff B2 . 7T
LA, 78— U A, 143 28 0 W 2 25 Bl 151 4% 2
Tish 25 K B 0 184 i 15, Y R Gm S A KB KT
160 B, P12 gt 25 4 B 6] [61 432 v B 1 S i 35 /)N

0.95}

0.90 | /*/4‘—‘

0.80} W**/
—+~MUTAG

0.75 + —o—PTC
—a—PROTEINS

0.70 + —v— NCI1
——IMDB-B

0.65 | —e— IMDB-M
—— COLLAB

0.60 | ./.,)./P/“—_'

0.55 e
0 20 40 60 80 100 120 140 160
Pz g 2 A L

(b) BIRZZS28 E F5E R

Fig. 6 KerGIN based on different graph encoders and KerGIN based on different length kernel encoders
6 ETANIE E G i) KerGIN FE: T A [ECEE A% A% 1Y KerGIN



TRILAESE . 25T PRI AL I 2% 14 P61 90 2 5 1

913

JIT UAAE — 72 70 Bl PN A% 4 % K B X 43 2 o A o
SR, DRI 24 AR LG A 4 B 45 1) 406 3OS 25 5 T [
I3 25 B HE T
W 7Ca) s, 7 A B B ACE R BCER S A [
RS2 AT LA 58 7 LR 4 S B0 AR 1 1 45 48 G B 14 AL
R T ERFRE gD, J5 3 4508 42 1 &1 45 44 40 1 1)
AU /N T EREAE 5. o1 T 4 Fh B 8008 4 0 1k o
T J5 3 Bl EECHE 4 R 4k 58 9 4%, PRI AE X 2 Rl RO
52 1, PRI 435 g 2 B A PR AE 4 B A0 AR R BN T
— 2, MRV T R[] B A% oR B0 KerGIN 432 1 J

EETBpe
CEEED LA B

(a) FERNDRE

AR L, DR O TR A R R 8 %00 W R AR B R 2
HEAT B, AR ME B4 1 2 KerGIN B 3E H - W A 141 4%
PR, PRI, ASSCHEE 1 3 R LAY 1K1 % R L RW, SP,
WL, Jf i 2o 52 56 %F b e s 1 R A P R B s A T
KerGIN [ & &5 2 % . 7E1€ 7(b) b, l1 T RW AR
KBods Ak Bas gy mp i, B LURE$E T AE 4 A/ Bt
B BIEATSEE. W LA A A WL AXTE 4 D Eui 4R
g A R IR, FOUOR SP B, RW B SE R s8R i 22,
IEAh RW AZ I 6] 52 2% B2 L 80K, £ — % B4 B[] 9 8
U5 S8 I — B8 R A [ R 4R A9 52 5

1.2
ZARW
EJsp
= EEwL
IE
= =
=i = E
o 9 >
N\ § N
AR

(b) ASIH] IR X v Afl 2 1) 5

Fig. 7 The weight ratio of graph feature coding and structure coding, and the classification accuracy under different graph kernels
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