W46 % B9 1 & Bl 2 Bl Vol. 46 No. 9
2023 49 H CHINESE JOURNAL OF COMPUTERS Sep. 2023

Bt 10 5 1 B 1 5 iy Bl S TR 1 22 M 4%

%\%%1),2) Eﬂ%% 1.3 75]}%%:34) %le),Z),S) %ﬁi}&mu@,fﬁ)
VO E B BT R R TR R B ARSI R Jbat 100190)
PR EBFE BT ER SR ERE JER 100049)
VMR E TR WY 518055)
VP E O BEE B AR AR BBFSE BT dbsT 10008 D)
D(FEBRFEITREIRER F
ORI B BRI AR E AR B 518060)

B E AR, BEBMY% (Graph Convolutional Network, GCN) 45 {8 14 5 1) W 4% 45 49 76 B AT % p R 3
B S PERE 2 3 T2 AR SR Tk 0 )32 56 1. SR GON o 77 76 35 16 ¥ 2 I8 8 A5 4% 38 1l 5k /N R 0 48 BUAR 38
A3 BB L A 33— 0] B, ASBIF 2T 4R ) B B 4E 181 4 28 ( Additional Feature Graph, AFG). AFG i i3 51 A Y 35 i
SR RRAE CEERRAE ) o XoF 2 A [R] 9 75 8 BE DL N 3% 1 40 06 15 B % 3 6 B . ARG I S J2 2 37 1 1l el 4 IO 496 A A, T 2
fER—FE N AR 5 GCN Je HAR BRI A . 5250 8 /R . 76 Cora, Citeseer,Pubmed #0545 - AFG G848 XF %
J2 TR S 2 M RE R A% B By 3 TR R R R T LAt L) R T A TR AE B BRAE ) L R AR IR L B W
PEATBE BB, AR BTt — 29347 T AFG 5 DropEdge———Fi Bl WL W7 J50 4 1 3 140 949 B e AR —— 19 IX 351 55
X Z , I 38 5 52 56 T B BN AE B AL 5 DropEdge A58 A1 [F] 6 A /9 AT 471 L DL R TR 3 )7 76 — 8 19 B AM R 25 &
A FEY V9 80 B o A AT A ST KA Y A 4 S A 1 R 4 25

KR FIRRES EME ML 5 B BN % S 2k
hEESES TP391 DOI € 10.11897/SP.J.1016.2023. 01900

Graph Convolutional Neural Networks with Additional Feature Graph

SUN Jun-Shu”®  WANG Shu-Hui”¥ YANG Chen-Xue ¥ HUANG Qing-Ming "*"¥
Reynold C. K. Cheng””

Y (Key Lab of Intelligent Information Processing (CAS), Institute of Com puting Technology s Chinese Academy of Sciencess Beijing 100190)
2 (Department of Com puter Science and Technology » University of Chinese Academy of Sciences, Beijing 100049)
' (Pengcheng Laboratory . Shenzhen . Guangdong 518055)
Y (Agriculture Information Institute of Chinese Academy of Agriculture Sciences, Beijing 100081)
> (Department of Com puter Science s The University of Hong Kong . Hong Kong)

9 (Guangdong-Hong Kong-Macau Joint Laboratory , Shenzhen University , Shenzhen s Guangdong 518060)

Abstract  Graph structures are suitable for the modeling of complex interactions and relations.
Therefore, graphs are widely used in data representation such as molecules, chemical com-
pounds, citation networks, social networks, traffic web, and knowledge graphs. In light of the

great success of neural networks in image understanding and natural language processing, there
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has been a rising interest in Graph Neural Networks (GNN) for the study of learning on graphs.
Among the popular GNNs, Graph Convolutional Networks (GCN), highlighted for their simple
network structures and excellent performance with graphs, have attracted wide attention and be-
come a promising direction. However, the limitation on message passing distance deteriorates the
performance of GCN. To address this problem, people propose constructing deep GCN models to
improve propagation. However, as the depth of GCN increases, node features become over-
smoothed or over-squashed. This leads to a sharp decrease in the model performance. Though
different deep GCN models have been proposed to tackle the over-smoothing or over-squashing
problem, the inherent problems of the message passing mechanism are less explored. The prob-
lems of message passing in GCN include: 1) having unreliable paths in the original input graphs
which pass information with low signal-to-noise ratios, 2) reaching limited message passing ex-
tent which gives rise to the less expressive feature representation, and 3) lacking explicit learning
fashion on structural features. To this end., some people seek to directly improve the message
passing in shallow GCN concerning the limitation in robustness, message passing extent, or fea-
ture diversity. But all these studies fail to tackle three problems in a single model. In this paper,
we propose a novel model named AFG (Additional Feature Graph), to improve the message pass-
ing over robustness, message passing extent, and feature diversity. Specifically, AFG can inject
the structural features of the input graph into the message passing process and randomly add ed-
ges between node pairs that have the same degree. The degree feature represents the first-order
topological structure of individual nodes. Connecting nodes with the same degree allow explicit
learning on structural features. As a lightweight and general technique, our AFG model can be
easily plugged into GCN and its related models, bringing extra improvements. Experimental re-
sults on three datasets demonstrate the efficiency of AFG. AFG-aided models outperform shallow
backbones and related GCN-based models on Cora, Citeseer, and Pubmed. AFG achieves 0. 69%
averaged improvement on 2-layer models, 0. 57% on 4-layer models, 1.18% on 6-layer models,
and 0. 99% on 8-layer models. The improvements are proven to be significant with hypothesis
testing. We also provide detailed experimental analysis on AFG with both synthetic datasets and
real world datasets. The corresponding experimental results demonstrate that AFG can improve
the connectivity and shorten the average path length of the input graphs. With AFG, nodes can
get more informative features from their neighbors. Compared to GCN, AFG reaches a broader
message passing extent in shallow model structures. Furthermore, we provide experiments verif-
ying that AFG and DropEdge (another plug-and-play technique for GCN models) are complemen-
tary to each other and can be combined to achieve better performance.

Keywords graph representation learning; graph neural networks; message passing; graph conv-

olutional networks; node classification

1 35

T

IR S A 0 TR A AR R B Y R4 R A S AR IR L
NGRS Wl CE 8 € TN S e e RS IRV & IS
X 456 i Bl e ol b g L A b ROL B 45
g . 2 & B 4 W 4% (Convolutional Neural
Networks, CNN) &5 1% Gt i 28 %) £ J7 15 b 3 2% 3 1

NS A5 B k. DR I B 4 1) TR 285 ) BB A PR
T e—R & W 4% (Graph Neural Network,
GNN) ¥ iz 1 A=

P PR 22 I 4% 1 B B2 4y 3, il Kipf % #i
H Y & % R W 4% ( Graph Convolutional Network,
GON) FEAR HA 5 1Y 1 BE | 17 53 7Y 0 2% 25 44, 32 3
TERFUR T SRy Iz 56T, H T, GCN B 8 il
i FHEERGEDY AW RS S s



1902 it =N Bl 2 i 2023 4F

FORI AW WO AT S REEEZMAES b,

LPERE R IR 5 GON WAFTEH R L B FE . 76 A% SC AN T 48 36 R B GON LB Y JEL i AR SC MR
LT E B SCE GON Mk JZ M4 5 SR MG By RakJZ M 25 AL fE M AT -
[Fa) 7. H— 7l GON K H AR S AR 18 1 g ik 12 AR —— B hin

AR Gilmer 25 8 5% 20 B, GNN By i 1] 1% 1IF & 5 %9 ( Additional Feature Graph, AFG). AFG
o AR T AR 43 o A B AL B AT AR, RUIDNE RS ik ol SRl ]
AR BRI UL EHAR T S L RABE TSGR MU 46 AR BAGHE IR R (UL ). B RRE 2
BAF R G A RS AF BRI SUREE BD. GON B 5 gl 4R FME FE 4510 (4 0 B, B A (W] 4% 755 e 3 6 A [
U5 5V 2s Ta) 3 1 FRLSE B B 1%, HLAR Bf% B — B Fr F Gt A 3 3k A B R R) Y 39 A =z R ST i
6 A S RZ NS gy K. W, AFG A] DL 2 7E — B #4544 A [R) 19 5 s 2

J TR GCON #2819 5 2 A% #6705 [ | 3k 40 m) ) $EA 7175 A 3 1 B0 35 40 FIN R ) 1% 1 0 =2 ) A
RE 0 L A5 B R AL 3, — b 1 AR A JEL I 2 ) 3 TR HPERRE. [FIB AFG e85 B GCN 8B AL /5 A 31
GOCN AR s Fif JEL % =5 2 1 I 4 IR X J2, GON I 28 8 B B IR st L 7 R f BAL #E V0 1] L 3R U 2
R TR A Y 448 i B 2 R B B T O | TR T R AR LRRAE. FERN Y ARG IfAE — Rl Sz AR TR AR R
A ik B CEIVE B A% 75 ) L X 2% M R e it T B B e 2 56 L % A GCN %5 32 F 4 8 (backbone)
Ry iR WO A T S AN D N RSB D ] oL S BRI ME R RO 4R TE. AFG BB B2 (E Bk
TR IT S A W 45 3 Bk L B JKNet'™ L Deep- WE 1-c i, A SCHAES 3 99X AFG #4740
GON' 245 i B € F 3% 342, 4 DropEdge™ ™" (I, [&] 4.

—r 05" e 'R VA ey o
LR SN —R— L (s 5 » o ™ v L R —gy (5
@ ‘ LERYAN Va2 ] s K 0 o [ ] ¢ X B

N N W I Y I I O\ T
Al *p e A _» [ Y » \? o =
= T / o g /7 & - 4

o« g . & L L \ s ,‘f
-4 g Ml b
(a) GCN (b) DropEdge (c) AFG

Bl 1 BIAE B AL X

ARSCETTRR AT AR ZE R = A J7 i (D3R M 2.1 RBURE
IR IS Y, Sy GON b HORH AR B 5 A1 Y 32 TR IE 27 > 1 A 28 0 285 v 84 2 I O . A
JERFAE s (O FETT )i RAT 5 Ll SCR I T M AR AR MIT I R R IR GON BB Al 47 1. 4R
JIRR I PEASE 2008 3 1 450 50 B9 4 BE 1% 45 4 T IR T 1117 » GON ALY T8 38 (1 3 i 2 5 S0RE 7Y 44 i 1) P e
BRI X TR AOR B AR i b Zok R THE B B IR A . A, 2 R — A &
IR AE (1458 50 B 68 A7 R0 I B B AR IR B AT R AR LR 3 2%,

A% AL HE 5 B (3) 7E 52 vh R B0 T BN A (1) 3 7 ¥ . 32 R 50 W0 A5 Rk P B 52 g 1o F
5 Rong %7 #2111y DropEdge X B BIPEAERS 26 17 Li 7 e SIEW T GON 985 A 5t i 3%
ST 1AM PP BT 3% — 2596 AT 1, GON R A 15 5 i

1738 200 077 . S B IS BE K RE M %
2 HXIE S I 9 AR ) Ak P L M AL £ R 4

A o ok - W Bl e B O 400 Y DA R R o
GON A3 3o I 466 T BE A 38 ISz i R o ks e e,

= AL FE NG L R 2 GON Y B3 A YR ) A58 780 %o ()i WA, Yang %5 58 i iR I GCN Y
T4 A BCHE ()RR B ORI 3R SR AR X AN 2L XTI A W2, UL RIRE GCN ZE YR I3 H B9 $1 2k o6
RGBS B A WAL RS Bt AR I GON B 7E I 2 P ol B 1 5 4 0F
FEAESE 3 9 NEE ZFh AR B2 AN T2 i e )AL RE 1 5 00 0 P W e, T PR i A B KR (1 IR 2 GON

[ R RIXT YNGR A 33 HU 6
(3) 1 #% . Alon Fl Yahav'™" 38 1 % 1] # 22 ]



9 19 PINGE R A4 IR A A PR 3 i ) ] 5 BRURD 22 190 2% 1903

AT M B T A BE B R AL L Ak R )
2 vpO % T URE BRI AT M B R T B bE A L R
PR B AR, FURE DA FE B K S BT R A
T N v X R BB R Ok T R
RS BRI W ] GON W 48 45 44 v, B 7 2 1
J2 9 45 Vi e AR 15t 0] A

N T M EE GON B, Rong %17 & Hy — b
Bt 5 DropEdge , 23 il Wk 47 A5 0045 B ik AL
& P2 GON o 19 ] 8. A figf e 3k SF- 9 14 F
& K15, DropEdge i i3 W 1 3% 11, # B 7799 5 A5
SAGRE R BRAT bk T 5 8 A B A He. W] R T T
BEERBE ML, DropEdge A B T 9 il B 75 5 B 1)
2. A DL 4G 19 AR BE Sk U, DropEdge 1 & 46
Y5 b 30 25 BRI 1 208 42 6 B AH 24 1 i A 80808 1
TRENLATE R B T RN LR AER.

Li 2 32 ResNet' | DenseNet™ 1 2 % , ¥
W22 A IKE LB A GON B 321 T Deep-
GON A, 2 455 7Y B Ty b, 7 3% e 1 B J03 1t 1) ) 1)
PR ES B T 112 ).

2.2 5Rf%E

AN TR T BRI B N T 9 il e 7 28, 56 285
Tia] 32 B A 2l S8 A5 R A 2 AL 38 AL ) 1 & i e R A% 48 )
R A AL AL 8 A 4B YT A M R R A I S
L. GON 38 1 4575 B A% 45 PR il £ 12 38 1Y &0 )% a] , %
PR IBCT B 1 A B AR AE A S 1R B e 2l G 6
TR A A B XA I AE B AL 4R Oy S
GON AN HE T Fb i 38 1 X mpots 37 0 B H 4P e ik
(REOALEOR TR == S RE | G A€ i DR R 7R C |
b AR S A A AR Ll O,
FRAE I A — s AL 78 X R &0 T . GON W {5 B A%
i 7 AT AE LA R (a8, (1) ] BE AT 76 £ B 45 2k A gt
P T R MR A 5 (2) 0 TG v AR I Y L R
TEFREUAR L 5 (3) B Z X 4k b 45 44 15 2 b =0R] .
PRI, S B0 GON AR R A7 AE 1 R A% 4 0] L, A AR 5
FLE T IZRFAE I 6 2 20 BE 7 o [R] I 3 B R AIE $2
) Jeg 3P 4 Jeg M, B — A L3k ) VI
Z ICIAE B A% i I B R,

TERFAE & 1 27 > B8 7 5 ThD AR 408 40 dal v S [ 7
AARBEAY (S B, Velickovie 257 51 A 1 2 7 WL X
AR AL, SE BAF B A AR 4. BA Hamilton
ST GraphSAGE i X 2% 1% 48 B R K
TR0 R 5 5k B AL R B AR R Y AT IR IE R G
1 B 3R G pRBCS 2] S BR p TE AR SR P e e R 1Y
FRAE. SRAEA Y 1 3 & o A 46 1 T Bl AL — (A R

B IASSR A A o B ) A TR R R e A TR R e ok
Xof 7 s A8 I F AN A 2R A R B A b B BT R
fiE, 3T R AT B E M L. B AT H 20 T (5 AR
4 AR T R B B AR B ) L, A AR 4 b g
Xof P 24 45 R HEAT R B 3

T Y K& Z G BAL R 1L Gasteiger %77
FEAAPE AL BEDLIF AE S SR BE 2 55 4545 B Abu-
El-Haija "% 42 1 MixHop #5550, 8 5 PF 42 A [7] 5
UK PR &0 4 R IR A m) — J2 rh 3RS 2 B 4R T AR R
Klicpera %" 4 A1 Ak B AL & 5 5 0oL 132 1k
& R B BORIL A R o T 1R S A Y O ik XA
JiE AL da B b i Y R R e ATk R, ol
TIEATE BAL # 0 L PR T R iR B AL 1
70 Hl.

TE 2 JURFAE S I A D5 T 3 70 WF 58 N B 2% 32 i
J R AE 2 ) TR 45 H 5 L. Wu 450 32 Weisfeiler-Le-
hman PR 5 % L A B3 BB 1% 2L 45 40 69 B3 15
SRTRE T $ Hh MR 2% Y R (R 4 Y 2R S AR
Corso ZE HERE I PNA R 45 #% 1 {5 B, 35
JE RO TR AR IR A L Y BN A2 B AT fig
R T RS B O 1R B g Ak, DL B EE Y
AT AL 3 AL T e o 118 e — A T 22 il 48 A A7
WU AT A Bk X A B B g B S 0L % B AT
FE i AFG BERLR 24380 5 B R AL B 5 1R 1K
PE AR 3 IR 580 0] A S 255 etk

3 FMtin4FMEEEE

TR )ZE GCON BERL 5 8 K A% 4K In) &,
PETHB R ERAE SR IRE 77 . A SO AFG. AFG 3 i
SUABTRAEAS B R 80 o #5737 1 4R Hh 3% 2 .
T RAF BAL FE G 48 T2 GON BB fE.
[F A, T T AR EZ I GOCN RE ,AFG #LE T IE 2
GCN A8 A G H 2By 57 3 o 005 3 5 5% 1)
M AFG WU RZE /N &l 2 firs. Tl e e 4 £
THAD GON, Bl J7 BAR A 40 AFG Jrkai.

3.1 GCN #H

BEKG=W,E) KW EME |V I=N,V=
{orsvyemaoytae, . € E L LEBABIRAE S A
€ RYY VEMHMB AN D € RV, 1% 7 3 45 b5
L € RYVY , H

1, e,, €F
A, = " (1
0, Hit



1904 it ) HL 2 £ 2023 4
D,=> A, 2) DIFJE GON Bl 4 A =D A D ° ,[%i
L-D—a gy AR RS

GCN B8 iy Kipf Z #2H. BUs A5 9 X, €
RYC,C N7 AFRF4EE , GCN B ) 28 2 3 FH ot
PR AR

~

7 =

rof—

~~_1
AD *‘X,W €9

o, A =A 1.0y FRN RARFE. D, =)
A, WE ROT RS uk s SR, F gl
AR

Z =0 (AReLUAX W )W)
Hd, 6 xR softmax FREL.
MATSRAF B AL B L 0 £ K F  GON A i
S Xt i A S AT 2 2 00 3 7 vk . s
)15 AL HE ML £ B Ok B GON 3 i %t i A (5 5
ZETRAT R E  SIA T LA bR R o — By
AT A5 B B GCN 2 H0i) 200 . 48 F5 15 5 1 28
KB B ZY K.

(5

1 ao
2 OR0O
3 50
4 ©e

A
—

Kl 2

3.2 ZEMFFEEER
A GON R 3% J2 A 40 7 a5 (5 B T
PERE S FRATTHE T S BE AR AR R T 1 S 28 & 1
E SCY R B SRV BE AR (] s ST 7 . 8 S AE A
AR A, ITF L

A, =D,D, (6)
XD, € RY™M iy 21 1) 44 Cone-hot) 7w
FR, M Ay ] 17 s B 1 i KA.

LS O 2 AT AT EL A i B R L O T RIE
T R IR B ) AT R FRATT SR B
PLRAE Y 7 AR AR B A, IE 4T #5854k A B, 7
AL G B B RN 25 R AE L A’ G = (V,
E) PR SERNES N WEMFFIEE Y G

=(V.E") \HYWHENES R & . B FRE
Bk sh 4R EY E™ TS EEmESH

d" . d" = d .
BRSHERE d, € d JER d, BT EST (o,
v) BT EHIMERAN P .d, € d7 R A
P sXHER e, , € E EXe,, € E" MR
N Pl aeree - 3T LA EE L5, 54500
P = P it degree P aegree (D)
HH P roiiegre ~ U1 WP . ~ UL D).

VEIE Ry o, M AR A VO T A 2

\
o A sty I
\\ [
P — e
.
A ~

\

Ay

X
. S

A T A5 A VT ASE 72 o 295 Ay CLAART IR & VI 25 A 461D

PR B O ACAS Qa5 1 PR R E A 5 7L AR
Az BT % I A AR o U D B S iE i P, 1
Ao 38 71 R Y B 46 /DS B S PR A 5 B SR A T
PR BT X ST G . KRR AR B R R AR N T R
X 1 48 2R A% (8] 4 o R KA T IR ]
BiE 1. SRR R AR .
BN doP s Praoene (V" | d, € d)
Hith: A"
Initialize A" = O
FOR eachd, € d DO
p1<p~UW,D
IF p, < P,,.. THEN
FOR cacho, € V" DO

FOR cach v, € V'" DO
IF i # j THEN

P p~UWO,D
IF p, << P degree THEN
Ajr<1

END ALL
3.3 AFll&ERZE

A = A s R R AT 5 R P B A RO
AR A ISR AR I IEAT I 2R kS IR AT I 2R =
Tl 2507 X0y 28 Z5 R I 181 3 B



9 9 PN ok 55 < BOE 0 e iF P 3 i 1) 1) 5 BURD 28  % 1905
zZ A A A
Output Output Output Output
© ©
GC GC GC GC GC GC
ReLU ReLU ReLU ReLU ReLU ReLU
GC GC GC GC GC GC
ReLU ReLU ReLU ReLU ReLU ReLU
GC GC GC GC GC GC
A X, A7 X, A7 X, A, X, ATX, 4. X,
JRURHERY FRIIRA IR FRNFEAT VISR ISLIFAT ISR

P 3 Bk 2 R e A A B I 2 5 5T b

FE G2 AR N 25 v, FRATTGF &5 A8 R AF 1 ik T gk
— R PR IR A AR AE B R R A5 B 1 5 4 4R
TERI SR HE R B A, SR ERIAREE A B A - 572
B DS RN AR RSP R AT I X
A=A U A" (8
AR A I 2. ) FH A5 21 (14 TR A 5 4F 181 4B 42 00
ME AT B A BG5S AR B A LR A GCN
ol G P AR A 1 R 4 E AT U ZR. PJE GON I 4%
T ) A5 45 i B T S A R X
Z=6(A"ReLUA"X,W")HW?") (9)
XA k07 3B A BOAR AR R Y N 4 2 A
PR PR TR A R AE ) L A5 M5 B k. i TR iR
(040 FINIZE 42 2B T B L A AR g A 4R BRI O T
PR AE T S5 B A
WS AT IR, 53 SRR T 5 1 R 245 0 R AE 1
e W2 v e 43 500 4 T P 5 65 A AR i T %) 45 42 i B
A A AR GON B H: Bl ik 455 70 1) 265 v 347 52 1 1]
Y, A5 B P 4135 )2 HE B 1 BURRAE. B JS 7E softmax
JE T4y 2 22w o 2RI 2 4 A 2 1 R AR AE
A . W2 GCN W 4% (Y 1if 1) 14 3% i 72 0] 5 1
T
Z =0 (A"ReLUA" X, W)W

+AReLU (AX, W Hw™) (10)
AR R 7 2k AR T 3 R R Y R 4% 25 A L A

T 30 A D PR R 45 A R E B AT A B fE i, 1T LA
b 57 B DG 7 D 2 A R L T R M 0 BT 9
SER . e R I SR 05 S b SR 3R 5 A5 ) S

FRAF P2 IS S s 72 25 M R AE I 2503 5 1 AU BEAS
P b T SR A SRR AR B IS SR

AEIN T A7 I 2. A8 0 IF 47 U1 2k 0 X 4% 254 5
M ST AT U SR AR TRt el A8 7 3 A A Y ) 4% 45
¥ 04 XS AE T AR 0 O AT U 2R R Y R DR A
R SR AE 8. 9 )2 GCN ™ 2% 4 17 1) 1% 4% 5 72 4
T

Z =0(A"ReLUA"X W Hw®

+AReLU (AX, W HOW™) (1D

A FHFAT N ZAR T ARG BEAR B T & i
F D G A B Bt SR L SR AL T R b i R A
BB I R A FRAE B iS4 B T LABCE VR S AR IR
G UNGRAA ST IF AT IR 45 5 1R, AR SIS AE 4.3 9
XF LG = A2 07 1k i PR RE.
3.4 it
3.4.1 5 DropEdge By X}t

B RYBT Jr vk SRR R 2% iy 20 4007 X
E# TR, AFG 5 Rong %" 1 DropEdge H %
ARARL A , B

(1) R T BEBLIG fn /W B &1 b % i ) J7 =X
KPR R R DA 5

(2) P38 5 78 B 58 I kb 51 AR 0y 18 4 Fh 25
ORI S &/ SN B RV B U /e

(3) HBAVE g 3= B A 0 B B R A7 1k 1, 1
B ST 1) W 2% 45 ke, %P GCN Je HAH e A B 1 32
i .

it AFG 55 DropEdge [i] 577 76 22 544 .

(1) AFG 38 #:F #4) £ 45 4 ¢ 4iF 1B 500R & FR1E K



1906 it =2

Bl

2
&

i 2023 4F

K2 5 M AN S, g h T IR 8 25 0 RRAE A5 B 9K
T GCN K H AR S AR AL g R AE 1Y B %

(2) AFG 38 23 % B A [ 9 5 0 %) Bl ML e v7 3%
WA TR BTG R HE B 0 B AR Y 5 B S Y X
AR AR A0 R TR Y 58 UM B AL 6. ARG i 0] 22 i
e GON e HAH 6 455 780 v 23 I 2% {5 B X A% 4% ) fdE
PETHIER 2 P24 1 R

(3) DropEdge i 1 W7 FF 7% i1 , #& B e 75 15 B
% ik 47 oS TAL A R0 A B S e L Bl Ak B R G O
DropEdge M B& 1% 1 5 AFG 3 hni% i M 2h &€ b 5F
AN gE, TESEBRERAE W T L 2SS . AR 4.5
%} DropEdge fl AFG i 5 #MEHFT T 407
3.4.2 DK

FEASCH , AFG 3T B 1 5018 b A 8 57 B Jn 4%
I &1 0t A 326 300 4 pRRE AR W) 05 508 22 1) 4 3% 300 44
. X FRATT A — 2 3 Ry o] ok 5 B A TR A YT A
XF o DA B TR0b A 18 301 4R 29 T4 A4 1 AT AT 1 5 L B

BT B R [ D D00 Ay i o i AR A G B B
RRAE 2 R R FIN I 1 65 A8 1 A B, B A TR) 0% T A5
A AR A — B 0 $h g5 F. an 2.2 1 ik, GON AR Ji
JEAERR IR S AT R R L 4R O RURE.
XA IR A5 2CIF N REAT 250 G 1 0 FI 45 A8 AR A L HL
T REO A B, g e R R, AFG 4 B AH
[F) 7 49 50 22 [ 7 % 300 L A T BRI RR A T 35
VRS L A7 B DL 2 i A — 9 0 I 485 4 A [R] Y
W Z B HEAT AR B AL b, 38 3 P BT B U
P HR FIN AR ) 1) 0 A =2 ) ) e R AR  [R) R SCREB AT 8K
Mo R S AE BAL BRI AR R B AL . 7
4.4 FR4y  FRATHE A BUECHE 4R A S A R R 4 b
B UE T 31X AhoAs 7 =X 1 R ARCR.

B — M 1 3 100 4 2B AL . AR SO SR I H
(2 3 A 51 BRI 0 MR AE S 1 3 2 GON A
R B AL 3o v 1 S5 A AR T BHm $h R AE
o AR AN AR R AE L 45 7 3K R 45 s AR AR 19
TERE. DN b A 7 3 R ok U o B AH A5 slORE Bl 32 25 1
i 3 390 B 1 HRARE . 5 4 3 300 B RS ARE /N, DU I 92 A 4K
W B AE  A EE T SE R R M &5 At 2
WA . B TR b Oy 202 R A 1 e i 4R
KNBRTER 1, A RAREM2ZMHEHEME. A=
BF e B (E 22 {E /N T45 T ¢ B9 %t % I8 5 B s
TH 519X 4% 322 B2 1 A 2 A0 RE A TR) 17 9 A Rk L 4
AT AR T 1 0 3 00, 1 — 20 W ot 249 B 2 i A A
TE 1 AR BT KL R b AR SCAA 5 1 A R A R 34
(0 A2 SR . DU ARRIE S 455 £ B2 R 0, B B AR IR LA Ah

DL £ Pl 4 DR AR B 4 R S R A rpn
S5 ORH LA PRI 9 FMRRAE S B AR AR T HE S e 1 AR
— i F DAL ) A 20 A, O B L S AR
TR O R W S A R AR R TR R ) T Y
LH L RAUEY] T GON Lz HAH S AT A 46 4 P - 5]
19 BRI i A SR 2E AT A5 B AL 3 L B0 A BE A
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K35 0.26% 0.10% 0.10%  0.15%
MiRTES 0. 8919 0. 8928 0. 8928 0. 8928
+ DropEdge ., AFG(DropEdge 1E F 1R & £ 1E &)
425 0.27% 0.37%  0.37%  0.37%
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Background

Known for excellent performance and simple network
structure, GCN (Graph Convolutional Networks) has attrac-
ted wide attention and become a popular and promising area.
However, there are some limitations in GCN, i.e. , limita-
tion in message passing and incomplete feature extraction
while the network structure is shallow. To address the prob-
lem of the information propagating distance limitation, one
popular approach is to build deep GCN models. However,
stacking multiple layers leads to performance crushing. Pop-
ular explanations for this problem include three types: over-
smoothing, over-fitting. and over-squeezing. Among all the
explanations, people mainly focus on over-smoothing. Solu-
tions include adding jump connections between layers in
GCN, e. g., JKNet, DeepGCN, and removing edges, e.

g.» DropEdge. Different from stacking multiple layers. we

base, social networks and crowdsourcing.

try to tackle this issue by broadening message passing in
shallow network structures and propose AFG ( Additional
Feature Graph). AFG randomly connects nodes with the
same degree. As a plug-and-play technique, AFG can help
GCN-type networks extract more features without an in-
crease in depth. Experiments show that AFG can improve
the performance of GCN-type networks on node classifica-
tion. Furthermore, we analyze and compare differences and
connections between AFG and DropEdge, which is also a
plug-and-play technique designed to randomly remove the ed-
ges. We prove that there is complementarity between AFG
and DropEdge, which turns out these two techniques can be
combined to achieve better performance on backbone models.
This work was supported in part by the National Key R&.D
Program of China under Grant 2018 AAA0102000 and in part



1918 it =2

Bl

2 i 2023 4F

by the National Natural Science Foundation of China:
62022083 and 62236008, and the ICT Innovation Project:
E161060. Reynold C. K. Cheng was supported by the Uni-
versity of Hong Kong (Projects 104005858 and 10400599)

and the Guangdong-Hong Kong-Macau Joint Laboratory Pro-

gram 2020 (Project No: 2020B1212030009). It is the key re-
search achievement of learning and reasoning with data and
knowledge in the whole cross-modal/heterogeneous data ana-

lytics framework supported by these research projects.



