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ABSTRACT The development of deep learning techniques and support of big data computing power have revolutionized graph
representation research by facilitating the implementation of the learning of different graph neural network structures. Existing methods,
such as graph attention networks, mainly focus on global information propagation in graph neural networks, which have theoretically
proven their strong representation capability. However, these general methods lack flexible representation mechanisms when facing
graph data with local topology involving specific semantics, such as functional groups in the chemical reaction. Accordingly, it is of
great importance to further exploit the local structure representations for graph-based tasks. Several existing methods either use domain
expert knowledge or conduct subgraph isomorphism counting to learn local topology representations of graphs. However, there is no
guarantee that these methods can easily be generalized to different domains without specific knowledge or complex substructure
preprocessing. In this study, we propose a simple and automatic local topology inference method that uses variational convolutions to
improve the local representation ability of graph attention networks. The proposed method not only considers the relationship reasoning

and message passing on the global graph structure but also adaptively learns the graph’s local structure representations with the guidance
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of statistical priors that can be readily accessible. To be more specific, the variational inference is used to adaptively learn the
convolutional template size, and the inference is conducted layer-by-layer with the guidance of the statistical priors to make the
convolutional template size adaptable to multiple subgraphs with different structures in a self-supervised way. The variational
convolution module is easily pluggable and can be concatenated with arbitrary hidden layers of any graph neural network. In contrast,
due to the locality of the convolution operations, the relations between graph nodes can be further sparse to alleviate the over-squeezing
problem in the global information propagation of the graph neural network. As a result, the proposed method can significantly improve
the overall representation ability of the graph attention network using the variational inference of the convolutional operations for local
topology representation. Experiments are conducted on three large-scale and publicly available datasets, i.e., the OGBG-MolHIV,
USPTO, and Buchwald-Hartwig datasets. Experimental results show that exploiting various kinds of local topological information helps
improve the performance of the graph attention network.

KEY WORDS graph attention network; local topology; variational inference; convolutional neural network; hybrid neural network
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Hovpry M1 553 391l 267 - WIS 09 5 i Ak 2 R i =X
AIICERAE, NN () 7Ry 13- 4R E IR SR Y 4R 5
R T SR AS S AR T ] — 2R Y SN Y
e R S0 ) A5 %M, 7F Buchwald-Hartwig B4 46 I
W AT T 925, %A 4E H AL 1% Buchwald-Hartwig
Mefb sny. 5 e A kU MR, A S5 BT IZ L
P 4 DDA B3 Tt IR 5% R MH,
PLPEAN A0 30T 1 fE.
42 KWiRE

fii ] RDKit™ T H X A2 S i 2 47 SMILES
43 1A B AE BY, #E USPTO F1 Buchwald-Hartwig %% 4
A T H 2 00R SN $8 2 (Reaction fingerprint, rxnfp )
RIS HE OGBG-MolHIV #dis 4 I % FH I i il 2k
(A AH ) 5 R A 7R . K 1D 45 FRZ i o A 18 Bl
R 512, B F IS Ak S A BE N, IR B 4, AR
SCHR [31] Y& B 4598, B & Pir=2/5,7=2/3. 1D
GREEE R 22, 50546 A LT Transformer /1Y
FT M RE MR — 2, BRI R
R, 0] 20 5L 45 R W, I 6 Fl RT B A%
ek, B 1. 205, 6.7 F1 30, e B ER 43N
0.4, 0.3, 0.2, 0.04, 0.03 F1 0.03, 7E 4 P ¥ & 7%
Z . RS RBIEOL T, $ 25 5 25 03 8 [, AT
fie Ji RO R M S LRI IE L T, S8 2,
FEER B TS UE LR, KSRk
1T TR 580, 251 Woon 7E 0 0.5 B RICR S| 4, 7
B0 mF, B R R S5 A 15 8RR 2%

43 ZRERS5HH
43.1 OGBG-MolHIV ## 4

T A A A B R A S 5 0 BT e A5 BT A
Wiy, A5 HAW P 3R T4, 1 54 R JH Transformer %
T 25 I 265 A S AR SOy 32 TSR, S AT I il S 5 D
RS B A R, BN S 4 ROy kB T AR

(1) A 3CO7 8 3 T B8, Transformer 4 it #5%
SIS

(2) A SCT7 L A [ Ol I B A A R B
g, ReFgi—1% ok 3, B s 4 5 (Local encoding) .

(3) A ST AE Ry ¥ 4 A B A 22 48 BRI
BT SOy, B 22 ROBEE SR8 4 A (Multi-
scale local encoding).

(4) A SCT7 IR AE Ry 8 s A s FH 22 RUBE 36 B
A I G ENE RE = WAL IN | =K U AR S OE AL 2y |
A2, BIER 43 B J53 30 4 5% ( Soft assignment local encod-
ing).

[ i, 5 H A e ek 07 s gk A7 He i, th A
SCfd Y Transformer 1588 38 A 2% 185 04 22 8] 324 (1
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£1 ARFEJFELE OGBG-MolHIV 1) ROC-AUC {H L #4% 5#
Table 1 Test results of ROC-AUC on OGBG-MolHIV

£2 ACHRIHEIT A OGBG-MolHIV fiY sk i

Table 2 Comparison of our method and the state-of-the-art on OGBG-
MolHIV

Method ROC-AUC
EGC-M 0.7818
Transformer 0.7058
Local encoding 0.7249
Multiscale local encoding 0.7535
Soft-assignment local encoding 0.7519
Ours 0.7839

Ref. ROC-AUC
Zhang, et al.’"! 0.7799
Bouritsas, et al.!' 0.8039
Wijesinghe, et al.l*) 0.7972
Ying, et al.l'! 0.8051
Ours (Graphormer) 0.8189

(DR B A5 4 Fhorik 5 £ TR L
A TN 45 A 3 T iy, R LAGIE B AR SO ik il
B TR sy 8 408 4a8 465 4 1) A 2

(2) it FH )=y 38 g A5 5 325 Lo Al 2R — RO B R
W 0 i i 7 1k LB A5 SR A g o, BRIl 2 46
AV 29N PSPV (O

(3) 3oy e 22 N 6 B ) 7 6 5 7 34 43 Bid
Z RGBT k2R, 45 8- T, vHen
Ji RS2 30 4 T ) 358 i B 7 vk S U 22, R 3O Mg
7 a2 2T, DR M BH AR 3 DT ) 06

(4) A 307 ik 5 HA 5 A0 LR 4 T 3R
W S, 3R W A 0 b A7 U R B FIME B AT LA AL
P 5 1 D) % Tt 0 f g T L AR 4o HE DT AT LA AT B
Bij 1kt 45

T8, R T H AR Sk B Ok A, AR S
J7 15 B9 Transformer #5 71 % 46t &y Graphormer!'”, 4%
R 2 fros, WEW] T AT IR TR e ik
e, (HAS B2, Graphormer tfHfi F T Ry B 45 #4)
5 B, (AR AN SRAE S5 R LA T T, vii A
SCHE Y B 3 A BRSO R ER A M B Rk
HOMA L.

432 USPTO ¥i#iitE

43 BIAE USPTO %8 5 1 Y 50 S AT o8 2 508
#4577 HEHL R 4> (Random) . B [B] %] 43 ( Time) .
Bt AL 43 (B3 -5 ) (Smoothed) , #4711 Fil 52 56
DL IE A5 B () A R SEEG 25 Rk 3 R .
5 OGBG-MolHIV #4fs £E | 1 52 g 45 SR, A
J7 I AE PR A 22 B 3 43 1 L B HUE T
TS A . RS, AR SO A T R R
Gt Z2 ROBE SR 8B g i . R 40 BC S 3 g A5 T Tk 1Y
gE LR, r AR Y A S NS B 2k S B ]
1 LA B 28 A DA T 472 18 LD 30 0 IS 285 4 T i i) £
ZAEM. 5 Schwaller %P2 1 S 56 45 3 LR BR,
ASCHT R REAE UL T B Sk 7 i i g
4.3.3 Buchwald-Hartwig %54 4

USPTO %45 46 $1& H i) [A) 55 0 L AT 55 40 0
Moz B R E L EXT k. T A ESEA
Ik AT R Tz 0 LR, R B 5 IR AR T kA T
] — 2R 2 O (e Ak B Ng ) A AL 26 T A 55 1 )
A 0k, 78 Buchwald-Hartwig 20 4% 48 [ 9647 T 52
5. RABRTAXHEAEZERE L SCH T
TR L S B0 25, AR T i A R R g A 2% T
S5 2540 R I RE OIS T R a5 R, BB
TR, BR T AR ket g

5 #it

AR SO T — ol R A 26 B W7 Jes 3 4

#3 RFEJFEAE USPTO Kifntkfy R (A sl

Table3 Comparison of R* scores on the USPTO dataset

Dataset  Data split Schwaller, et al.??! Local encoding Multiscale local encoding Soft-assignment local encoding Ours
Random 0.195 0.198 0.196 0.195 0.199

Subgram Time 0.142 0.146 0.147 0.145 0.150
Smoothed 0.388 0.390 0.396 0.397 0.435

Random 0.117 0.118 0.119 0.118 0.121

Gram Time 0.095 0.096 0.096 0.095 0.098
Smoothed 0.277 0.279 0.285 0.284 0.311
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Table4 Comparison of average R* scores on the Buchwald-Hartwig

dataset
Methods Average R
Ahneman, et al.'¥! 0.69
Chuang, et al.*® 0.59
Granda, et al.’” 0.60
Schwaller, et al.’ 0.73
Ours 0.76

ZER IR R D7 . T AR F T T P 2% Y
BER B B R R A A R s L, AN AT L
A Jr o7 o P 22 () Y O R P S 0 R AR,
i BEAE [ T N4 2 ) PR R R AR A A M A R
A TE P2 22 M A A BRI T PR I 45 11 e 1
AETT. FE =R ICEIR 4R SR g Ry R T
P75 RS A R A2 i 1 K3l Y A Ta] A SRy A
i BOFHEAT 7R, AT o 3 28 7 141 0 4% ) i
1 BE.

BIRATT L RENE H 5 ) B 53l 1 4 R
B, BL A T8 B 5 2T A (8] RSE F0E5 4 1Y) Jag 1 45
5 B, (HRMREW PSSR A I, Bk £E iy
BB S Z IR & A2 TU A, s i Ae
PERE. DRI, R B T AR R B h — b Al xR 2
i 2 > Blak R T T A B SRR BB, A
R N 1 T R AR 2R BN 5
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