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Abstract:

multi-graph learning, a bag represents an object, and each graph in the bag corresponds to a sub-object. This data representa-

Multi-graph learning is a very important learning paradigm. Compared with multi-instance learning, in

tion method can express the structural information of sub-objects. However, existing multi-graph learning methods not only
implicitly assume that the graphs in the bag satisfy independent and identical distribution, but also mostly adopt the techni-
cal idea of transforming multi-graph learning problems into multi-instance learning problems. This type of multi-graph
learning method easily loses the structural information of the graph itself and the relationships between graphs. In response
to the above problems, a multi-graph learning method based on structure awareness is proposed to effectively learn the struc-
tural information of the graph itself and the relationships between graphs. This method uses graph kernels to retain the struc-
tural information of the graph itself by calculating the similarity between graphs, expresses the structural information be-
tween graphs by generating bag-level graphs, and designs a bag encoder to effectively learn the structural information be-
tween graphs. Experimental results on the NCI(1), NCI(109), and AIDB datasets show that compared with existing meth-
ods, the proposed method improved by 5.97%, 3.44%, 4.48%, and 2.56% in accuracy, precision, F, value, and AUC respec-
tively. In terms of recall rate decreased by 2.12%.

Key words: multi-graph learning; graph kernel; structural information; bag-structure graph; independent identical

distribution
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Kotk SR, DA SCHRIRIE D 1y 50, P S B 1) 22 TR] 119 A
RAENE N BUE M3 — 8. R T 2 B 6, 5
TR IE SRR N — D Z B, IR SO H 2% SOk
M RN 2B RS ek A A TH
AE (Artificial Intelligence, AT) F1ECHE J%E (DataBase, DB)
PIASERT U 15 B 8, DL T e (AD Sl 13 B
BAEAE A IEREA B 5 (DB) 45sk 1 5 H B 7 b 1
FEAS,JE L AIDB 2 I B4 . R 2 245 Hh T iy 3 1Y
AIDBHUE R TR 1 B .
4.3 EMIERR

SR HMERT R (Accuracy ) AGHA>R (Precision) \ 3
[8] 3% (Recall) . F {8 (F,) A1 ROC H €& F J5 i 1 AR K /)N
(AUC) LA Wi o R RE PP F6 A, 1=K (9) ~
(13) s

TP+ TN

Accuracy = TP+ TN +FP + FN ©)
Precision = % (10)

Recall = % (1D

Fi=2% pieciion + Recll )
PSS TR NN RS

i=1

o TP 2RI A E A U SR 12 1F 22 BB, FP
FER B A TR T Ry 1E 2 14 7 22 PR A I A58, PN s
R TNy £ S0 1 22 R A AN B, TN 3670 % 10 A 751
Wk 1 20 17 22 LA B, m o AR vh 2 B Y
A
4.4 MEBEDHT

M T HUA 1) 2 B ARS8 0k i R A A TE I EL
i S5 TN S BGAR AT, R 1 S 56 v ok B A AR R M 2R
192 3 SR R A . Sl T REREd T £ R )2 )
BB AL B 2 K 2 ) R AR LR R T LA £
[l 2 > [ 5 U, 1) pl P 2 A 7 91 %) o 2 A JELJE . 5
B SN =2 2R il ) Sk bk T B
PR B IEAE R FEB T 42 . MR il 25 (8] 7 ik s
T EM-DD"®"  mi-SVM F1 MI-SVM"'". M A3 25 6] J7 3%
P& 7 MILES'™  C-KNN'"' BoW'®'  CCE""#I MInD'?.
MR A 23 8] )7 5 %6 £ T mi-net . MI-Net , MI-Net (DS) .
MI-Net (RC)'™', 14 7 14 25 M % (Attention ) FI [ ] 5 1%
700 2 W 2% (Gated-Attention ) 2, rFF+pool . rFF+pool-
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GCN F B-rFF+pool-GCN'™). 53 3 4 F13 573 %Il 2 /%
TFENCI(1) NCI(109) F1 AIDB 3k #i 4E I AY 5236 45
ATRLWER ), B4 0 58 T 45 0 IR i) 2 8] 2 2] T ik
AR T A R SR A

2 3 AT, 8 NCIC) Bl 4 1M 75, A ] Sk 3k
HEARFETEM e bR L4 RS . SaMGL 7E e 56 22 1
B A L LR 0% mi-net 15 4.05% , 76 43 113 | i)
LR B MILES fI§ 6.25%. % J& [H > NCI(1) %4 S 15

£33 NCIDHBELAEERWLIHLER v %
RN A% A R KR FAH AUC
EM-DD 62.00+2.94 72.12+1.85 60.14+2.78 65.49+1.85 51.23+0.93
MILES 59.44+0.37 74.25+4.02 57.28+0.72 64.39+1.00 62.18+0.14
C-KNN 55.44+0.84 69.75+2.49 54.22+0.69 60.92+1.03 58.02+2.38
mi-SVM 56.44+2.09 55.13+21.58 65.12+9.86 50.70+14.72 65.08+0.90
MI-SVM 53.50+3.12 22.88+12.66 65.44+7.69 27.95+15.68 60.27+3.38
BoW 56.19+2.65 62.00+6.31 55.13+2.06 57.95+3.67 57.68+2.66
CCE 58.63+0.57 72.25+3.49 56.92+0.73 63.34+0.68 62.47+1.69
MInD 56.19+3.31 63.88+6.68 55.50+2.73 58.87+3.85 58.51+3.27
mi-net 63.9546.19 — — — —
MI-Net 57.45+7.91 — — — —
MI-Net(DS) 58.80+8.55 — — — —
MI-Net(RC) 58.15+8.07 — — — —
Attention 58.40+1.20 58.40+2.40 60.90+10.00 59.00+4.30 58.70+1.10
Gated-Attention | 58.50+1.20 58.10+1.00 61.40+9.60 59.30+4.10 58.90+1.70
tFF+pool 55.68+6.89 60.60+10.95 55.87+11.82 57.08+8.27 58.58+8.29
tFF+pool-GCN 55.30+7.44 61.65+10.88 55.28+11.37 57.35+8.45 58.318.34
B-rFF+pool-GCN | 57.85+7.30 59.44+12.41 58.61x11.75 57.76+8.32 59.99+8.86
SaMGL 68.00+2.45 68.00+12.88 70.80+10.25 67.48+4.22 70.78+3.68
TEAF— 3 R d 2 TR LS5 54030 UL AR R ) 28 /s
F4 NCI(109)#IEE EARER LI AT %
Ak iR RS # [l # IR FiH AUC
EM-DD 55.38+2.74 63.63+5.55 54.53+2.29 58.63+3.48 51.65+6.25
MILES 55.56+2.08 61.50+8.79 55.00+1.39 57.52+4.12 57.86+2.53
C-KNN 53.19+2.66 64.63+1.52 52.72+2.25 57.81+1.83 54.70+2.19
mi-SVM 54.88+2.58 48.75+18.86 54.85+4.25 47.71£11.02 60.97+2.73
MI-SVM 50.63+1.63 16.88+10.08 57.49+6.07 22.10£11.99 56.02+2.29
BoW 55.13+2.38 66.25+7.23 54.39+2.09 59.06+2.98 57.64+3.42
CCE 60.06:+1.69 74.75+3.03 57.79+1.38 65.06+1.67 63.72+2.86
MInD 57.69+1.28 68.00+2.85 56.85+0.69 61.01+2.23 61.04+0.49
mi-net 59.40+8.43 — — — —
MI-Net 55.85+7.31 — — — —
MI-Net(DS) 57.05+7.17 — — — —
MI-Net(RC) 55.85+7.31 — — — —
Attention 56.00+2.10 55.30+2.40 66.10+7.50 59.90+2.60 56.40+1.90
Gated-Attention | 56.50+1.10 55.90+1.10 61.50+3.40 58.50+1.60 56.50+1.10
FF+pool 52.33+7.44 58.73+11.93 52.86+11.27 54.55+8.42 54.55+8.86
tFF+pool-GCN 49.05+8.11 55.11x12.85 49.68+10.53 51.24+8.88 49.59+8.09
B-rFF+pool-GCN | 51.10+7.76 57.57+13.53 52.27+11.97 53.26+8.61 53.51+8.87
SaMGL 69.50+7.65 79.00+10.20 67.22+7.27 72.14+6.43 67.48+8.44

TEA— 3 i LS5 R ANRAE S5 51 UL IR R R R4 s
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F5 AIDDBHEE L FAEREWILIRER i %
ik iR FEjmES L ES JoR AUC
EM-DD 60.35:N/A 43.70£N/A 66.68:+N/A 52.19:N/A 88.39:N/A
MILES 85.6621.66 86.942.94 84.84:0.73 85.82+1.84 92.73x1.12
C-KNN 83.630.57 92.51+0.63 78.58+0.46 84.97+0.53 93.170.21
mi-SVM 77.06:N/A 97.25:N/A 69.32+N/A 80.93xN/A 90.80=N/A
MI-SVM 72.50+8.25 52.57+19.07 90.57+2.94 58.33+20.48 89.37+0.20
BoW 62.53+0.22 80.07+3.19 59.62+0.57 68.1120.96 64.9020.18
CCE 81.60+0.85 85.25+1.25 79.60+2.02 82.27+0.47 89.360.24
MInD 89.02:+0.33 89.92+0.82 88.49+0.09 89.13+0.37 95.30+0.03
mi-net 77.56+3.08 — — — —
MI-Net 88.34+2.25 — — — —
MI-Net(DS) 88.03+2.39 — — — —
MI-Net(RC) 87.25+2.89 — — — —
Attention 85.90+1.30 86.10+1.30 85.60+1.30 85.80+1.30 85.90+1.30
Gated-Attention 85.6020.50 84.7020.20 86.90+1.60 85.8020.60 85.7020.50
rFF+pool 87.27+2.43 86.50+3.39 87.90+3.86 87.12+2.61 93.31£1.91
rFF+pool-GCN 86.59+2.44 84.79+3.78 88.02+3.70 86.29+2.64 92.40+1.90
B-rFF+pool-GCN | 87.12+2.50 85.68+3.69 88.30+3.92 86.88+2.65 92.92+2.01
SaMGL 93.44+0.71 92.89+2.38 94.40+2.60 93.49+0.72 93.51+0.71

A P I L 25 ORI A28 SR 43 S0l UKL AN T R 4R B

A R B R A B K T OE B A, § 8
SaMGL 537 75 4325 3xb & v S {0 ) K AR AR R 434 172
25, I SaMGL 74 78 NCI( 1) i £ 1 73 A1 A {1
A AR g . IEAh , SaMGL7ERG# R I L fe b
() FE LR T 1 MI-SVM 1 5.36%, 16 F I H el il FE 2%
L EM-DD 55 1.99% , 76 AUC |- He e 4 f R 28 309 mi-
SVM 5 5.7%.

% 4 AT, 5 NCI(109) B4 4 1 &, FE 4R 30k
CCE ZEAf F Hifth FE 28 5 1% . SaMGL 78 M 1 % [ 2L 1
CCE 15 9.44% , £ 13 [ % I [t CCE 5 4.25% , 164 i %
- e R B 0 RE 2R 5 ¥k Attention B 1.12%, 7E F {H I H
CCE # 7.08% , 1 AUC I Hb e i R 28 7% mi-SVM
3.76%.

122 S AN, 8k AIDB BUR S 1 5 , ARl R4k ik Ae
ANFEPEM bR LA AR (A3 4k I MInD 557% R M i
. SaMGL 7E ME#f R b B Lt MInD /& 4.42% , 1 43 [7] 3%
b SaMGL 2 R AL 19, L 55 P Y 3k 26 54 7 mi-SVM ik
4.36% , 3% & A mi-SVM B34 78 AIDB £ £ L o {15 )
TR REATII Ay TEA . R, SaMGL AR A 0 3% _E He el
B 28 4 1 MI-SVM 75 3.83%, 76 F, {8 I It MInD
4.36% , 7 AUC _FAE ALY, IR 9 3L 4 575 MInD
1% 1.79%.

i b A=A Z B EE b, SaMGLARE FEA T
AR K% F ERAUC L 34t & T
5.97% .3.44% .4.48% F1 2.56% , 1643 [ 5 |- SF-RIREAE T
2.12%. UL, 808 B B B S5 A 45 B R TE] 9 25

ME BARBERT T B PERE
4.5 HELSER

Y B UE SaMGL Hr IS5 #4145 B 27 2 B A4 i
PRI A A e A 25 4 17 B 2 2T A R ) T B T 10
RS . L R B XS G A R A ) B et
K H 09T e i R S50 15 8. 2% 21 7 6 B 4k
7] B R R 1 A A B i L ES A T Gy =
(G, X, ) BB L A, VL — 42 0 S .
MR, B R AE R A IR R R 5 M5 5 . Bt
f a5 F 7 B2 T B R H 04 14 [6) 44 0 2% ( Graph
Isomorphism Network , GIN) COVENE T 25 ( Graph
ATtention network , GAT) L40] ERNERTE. K2(a)
FE 2(6) 3 3 JE/R T SaMGLFE = Z B4 LT
HEBR N F L ROTH RS I A5 5 . Horh, B ™ K nt &
SR B2 S BEHAHOH RS, A, = 07 IR XL 45 1)
P A A HR SO AT ZT , “GINY F“GAT” Fm Xt L 25 44
R 2 B RIS

&2 A, 7E = Z B AR L, g Ry 1K 25
A5 27 20 7 WA T e i B T e i) IR 25 £ R
2 ) TR AEWERA RN F AE L 5 I3 S T 6.56%
13.94%, i it 1) 6 45 4 181 A2 OB BRAR B TR e gk
gl A I 22 T il DA ST ) 3 A1 AR B 8 7 1k 7 HE A 58 A
F A B BISE S48 T 4.24% F19.53%. H e ml %0, Fir
i A P S A A5 B2 20 O TR R A5 1 T AR s e T L
MR TR R RE . A, R S R K A5
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PR 28 I 24 Ay 2 B30 o A T IR 254 1 B 2 2D (5 ik
R 2R FH 1 [ g o0 4 R 61 2 3 R0 8% 144 0 A HE
R HPEYIRE T 1.37% F12.25% , 78 F {5_E 45 55

I T 7.05% F17.89% , Hi L AT 1, 7E SaMGL 35 4k p
SR FH P A5 Bl 22 I 28 3 B2 1R 402 2T R 45 K (5
B HLAR A

] e
10094, =0 93.49
l:lGIN 88.73 9'@%4:-(—
I car E7A 1.78
80 - ] SaMGL 72.14 §0.05

6672 67.48
152,04 % {»

60 | 50.5%1;_ 5
1 [T5670 368 i ;F(

FyfE/%

40

20 —

I
NCI(109) AIDB
HmtE
() F 18

I
NCI(1)

F2  SaMGL il sz i &

O ks
1007 Eé‘ﬂ?“ ggog 9220 9344
] 96 7220
I=[rs: FE i
80 —{|[___] SaMGL 69.50 ’
c6.64 68.00 67.98 %
1 62.00
60.30
- % {a}% Eans
Q 60 — d 645.63 % L 46.67
i 3
-
40
20
0 T T T
NCI(1) NCI(109) AIDB
Him
() B
5 24

EEXTIAT Z B X AT AR 2 2 Z E R I
H B 254 5 SR B R 250 05 2 00 2, 48 25 T 454
A1) 22 1R 24 3 751 (SaMGL) . SaMGL 3l 1+ [ 5 44 {5
By FIR R EeE S Z e IE A 30450
G AR A s R 2 AR 2
(i) 1) 45 4 0 B T o 0 285 4 17 8 2 > B B[] B = )
EE B 045 0 15 8 R & TR) B 25 4 45 BL . FE NCI(1) |
NCI(109) F1 AIDB g 4 I 114 52 56 45 S UE B, SaMGL
FEWER R 1R R R F (B AUC F 4845 A
TR . T RLSCEG S5 R PR B R 25 R M5 B
= SRR A2 AR PR A SR R S5 R 15 8 2 S B e m]
DA 2 AR TH SR A 0 2R . SaMG L B B A T
TR A R : ) Z RN H S 45 H (5 B R 45 44
FE . B SaMGLAEZ EIBRbRE /AT 55 13RI R AT
Py € N ENES SR I (25 S AL R R T < R
NG AT 2R %0115 . X IER R Zhr% 532500
RN 2%, T5 B2 R AR 2 22 B B AR OGP . R it —
T X — AR DAY 2 B AR AT 55
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