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A Survey on Graph Convolutional Neural Network
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Abstract  In the past few years, convolutional neural network has attracted widespread attention
due to its powerful modeling capabilities, and has achieved great improvement in areas such as
natural language processing and computer vision. Traditional convolutional neural network can
only process Euclidean data. However, many reallife scenarios, such as transportation networks,
social networks and citation networks, are located in the form of graph data. The method used
to process graph data previously is network embedding. Specifically, the researchers model the
graph-based mission into a two-stage model. In the first stage, a fixed-length representation is
learned for each node via capturing the proximity over nodes, this representation is fed into the
second stage to solve downstream tasks, e. g., link prediction, node classification and graph

classification. In recent years, the powerful modeling capabilities of convolutional neural network
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and the ubiquity of graph data have inspired researchers to transfer convolutional neural network
to graphs, which can solve the graph-based task via an end-to-end manner. The core of graph
convolutional neural network is the construction of graph convolution operator and pooling operator.
In this paper, we review the graph convolutional neural network. Firstly, the background of
graph convolutional neural network and its classical methods are introduced, including spectral
methods and spatial methods. The lack of translation invariance on the graph data makes it difficult
to define the graph convolution operator. The spectral methods define the convolution in the spectral
domain via the convolution theorem, while the spatial methods implement the graph convolution
by defining the node correlation in the node domain. Then, the latest developments are introduced.
Recent researchers focus on how to model the complicated information on graph via graph
convolution neural network, e.g., heterogeneous connection and high-order connection. In
addition, how to construct graph convolution neural network on large-scale network also attracts
much attention. Moreover, we conclude the graph convolution neural network in many applications,
including traffic prediction and recommender system. Finally., the developing trend of graph

convolutional neural network is summarized and forecasted.

Keywords graph convolutional neural network; convolution; pooling; non-Euclidean space

[1-2]
[8-9]
’

[3]

[6]

) (D

(2)

1,

, , 3



’ b
’ ’
, ’ . Bruna b7 2013
’
b
L1 .
’ . ChebNet'"*)  GCNM
’ b
’ PageRank™™ | HITSH )
b s ' 7
’ )
[12
b
b
(Network Embedding)!, , 7
’ b
. DeepWalk!') | LINEM" node2vect'™ . X
b . ,
’ b
b . ,
’ 2
1
’ ’
1
Spectral CNNH7!, ChebyNet!18), GCNI?!, Henaff (201, GWNNE2Y, GraphHeatl22],
PPNPL2), SpCL2t]
MoNet!#1, MPNNs261, GNNst27), GAT28), GraphSAGE™7, DCNNET, ConfGCN3,
HGNNL32)
R-GCNs™, R-GATS, SGCNE!, DPGCNNES!, EGATHT, ECC)
HA-GCNE#I, Motif-CNN), HAN, MCN2], Motif-Net!#3]
Jumping Knowledge Network[#4), Co-Traint*5!
GraphSAGE™", PinSagel*¢) , Control Variate Based Algorithm(CV)!7), FastGCNES), Adaptt*?
s L3
’ . 2 ; 3
b
b
12 4 ’
Y
’
; 6 7 ,



758 2020
2
2 b
G
v 311
E
IL,ER""
AGRHKH
DER" ( )
LE R (@)
UER"
AER" ( ) (7]
u;, € R" ? ;
Xe R F(fX g) =F(f) « F(g) (D
X, ERP i ,fy,g 7F(f) f
fER"
, . y K @
G={V,E.,A} ) \4 ’
V] =n . o frg=F"(F(«F(g) 2)
A : FD /
. AI‘.J’ :Aj‘ ,.L:DiA ’
, D , D, ; 7 ’
Di.iZEAz',j- |
L=I,—D *AD 7, I,ER"™" , .
L » L
L=UAU". U={u"_, n
.A:diag({/\;}llzl) s A 4
u; . x
X G s Xe x=U"x (3)
RHXU’XIIGRU i X X o X . X
i i i j frx,y€ UT )
Rn , f1 i f T
x = Ux 4
3
25y =U(WU" ) ®W"y)) (5)
95 [V eR Y
b ’@ b
) ’ gO UTy’
, 8
, Ug, U x (6)
31 (2)

(Spectral CNN)E7



5 759
D) ;(4) S
’ 0 S
[} 1 S
m 1(a) s )
s 1<b> N
mlih UEF"’ U Xm ]-:1,“.’(1 (7)
3 ’ 1(8)
,]D9c1 9X;” 6
RH 7,2 Z' ,F:‘ITY \ e i L yfie L
v NI IEI, =3 NBAR IR, s=5
ah 16 3.0
q 2 ue} 1.5
14 1.0
i !
0.0 0.0
(a) (b)
| ’ 1 5 B ((a) s ,
’ s (b) s s
, )
m
m+1: WEFW 1Xm ,jzl,"‘,q (8)
, Henaff L20] ,
; ) Yy vy U
b U‘ . b
(GWNN)2H .
[50]. :{</)1’¢/197"’9¢.\-n} .
’ S[).si 1 ’
. 1
_ I
’ ‘II UG\U D) (6) 9g3 ,
G,=diag({g, (A }{-,), g .2, ’ "
£ (ChebyNet)®! g
s g_\(/h):e“’- K—1
v . g = >,0.T.(d) )
i=0
v =UG U, G g , T
g Q) =e N, o B S
: (D) T (x) = 22T, (&) — T (x) (10
’ 9T()<I):19T1(1‘):l‘.
;(2) ;(3) L:AZL 7111’ m



760

2020
? K-l ’ 9
X' =n(U>( Z 0.T,(A))UTX!)
i=1 =0 ’
i}i T (X)L j=1 (an I
— = ! A , PageRank,
, , L=UAU" PageRank ,
s O X pXq) O(K X PPNP 3
]D X (1) ’ ) i 7j -
K Lf,#0. K i 124
ez
’ fﬂ' Lk
i
hi = fo(x;)
’ Kipf ol x4 L + h; » 2
Kipf e K= A = oo B _— 4L PageRank @0
(23]
9. an 3 PageRank
Z(@o O (L—I,)X"), j=1,.q , GCN
(12) .SGC
.Kipf 0=0,=—0 ' ,
P n : .SGC
m +1 S LA 1 m .
Z TAD X)), j=1..g (13
A=A+1,. D,=>A.,. ' |
(GraphHeat) s ,
s D TAD T s
N 87X14 s
’ . . PageRank
2. (PPNP) (SGO)
3L 2
Combined filters Basic filters Combined Fii.‘rcr:- ’ ’
2 [22]
PageRank ,
(PPNP) (SGOHH

. PPNP



5 761
,U, t
(D .
(MoNet) ,
; (MPNNs)
. (2)
(GNNs) 7
N N hj - fw(lJ. vlLorﬂ ,l,,(,(ﬂ lefﬂ) (17)
) ,ZJ. ,ZLO:,,] 71,,([»,] ,hw[ﬂ X 1)
( )9 X o L s
y x -
. b fu‘
D, () f= > w,ulasy)) f(y)s j=1,+,] (1) x ,
ye N
sN(x) x , f(y)
) ’ 8w ’
Y f 7u(~Tay) u ’
s W; ] 9]
O‘z’ - gu'(h‘r’l‘z’) (18)
J : o ’
(GAT) .
J
] . b
(fEg)(@) => gD (o) f (15)
j=1
i ’ 4 ] 4(8) .9 ]
9{;‘-{(])}},:1 . o
’ 1y] ’
' 4(b)
| exp(LeaklyReLUa[Wh, || Wh, 1))
’ Qi,j — ’
>3 exp(LeaklyReLU(a[Wh, | Wh, 1))
’ ’ £ENG)
’ ’ h.=o( >, a:\;Wh;) (19
ml =M, (R R e, ) s BTV =0, (R o) (16) JEN®
yEN(D . %% s
7/’[2 t X 2 €,y a ’ H
Xy sz t ’ s, a la] ’
m' x o



762

2020

sarllimay

B{E/HHE
®

(a) (b)

4 B8 ((a)
3 (b) )

b

, Hamilton (291

(GraphSAGE),

1. FEHBET A 2 BEHNEYARE L MRS EWaRIERMEE

5 297 ((a) )
3 (b
3 (o) LabeD)
(LSTM).
LSTM,

(Mini-batch)

,DCNNE K
’ m :
H"" = h(PXH"W) 20)
. P¥ K )
w
s PK ()(7’12 K) 1)
(ConfGCN)FH
, ConfGCN
, 6 ConfGCN
(HGNN) 2
HGNN .
i
Aachnae: L
FREbRE: L
'LI
6 [31]
. 4
(3)
14 [45] (Co-
Train GCN) (GCN)
, GCN
. Li GCN
(FCN), FCN GCN (13)



763

5
DA , :
(I—yD'IHX @D ’
J=D—A,0<y<1 , G=(A,X), A » X
7219 ’ D:{(Glyyl)’
i)ilAAX, (Gz y_’)/z)v"'} Y,
DDt DL, @D D TAD PX fia=>Ys
GCN (ChebyNet)
, Graclus
,ChebyNet
s 8
GCN ChebyNet
Gy —» G —>» G,
Xu o1l Weisfeiler-Lehman 13 @G r\/®/u
8
G, Graclus Gy
5 s )
7 s s G, 3 ’ G, )
G, 4 .
_ ChebyNet, Ying 521
sl e @6 © : (DIFFPOOL)
LI RS PHERAE AR E
s(l) ER"IX"Hrl s S(l) l
7 B (
) n; ’ [ n,4 . [
’ s Z(l) ,
’ l A(1+1) X(l+1) s
. GraphSAGE,GCN A(1+1) ,X(Z+l) — DIFFP()()L(A(D 9Z(l) ) ,
(22)
1) ) X(/+l) — S(Z)Tz(l) , A(l+1) — S(Z)TAZS(D s
1) . 1) Z(l) — GNNl,cmbcd (A<l> ’X</) ) ,
’ (JraphSA(JE, (JCN S(Z) — softmax(GNNz,pool (A(1> ,X(l) ) ) (22)
,X(Z+1) 6R71,+1><d ,A(l+l) 6R71,+1Xn,+1
32
[y *—E itk Ho mﬂlﬂ’. }Z Lft Eark
’ ’ » % ag -0
OHO -0
’ Noliod o
0
~ ’ 9 [52]( s
s L



764 2020
, OCEV?®),
k . Cangea s3] N—EN )
, (EigenPooling) " 41
) )
. EigenPooling
, . 10
EigenPooling R
CONY, CONT.
cony, {.‘O”'{'._
: i ool | cémrz'-_ conv; 411
S L poal,
4[11 - —  label ’
] [ :?:. 24
\% | |4 ’
10 s
[54 ( S (].)
)
) (SAG- )
Pool)F**!
, SAGPool
. (R-GCNs)
b b (23) :
s R = ‘7(2 2 iWﬁ”h;” JrWé”hf”) (23)
’ "ER]'G,/\/: Ci,r
yC; ’ ’
Ci,r -
4 IN7[.R W l

’

(basis-decomposition)



765
(block-diagonal decomposition). )
(R-GAT)"" .
(DPGCNN)
, 12 ,
( 0,4) 0
(signed network) 4 ) ,
(positive ( 0,1> 0,2
link)”, (negative link)” 0
. (Structural balanCE) ((0’1)7(0’2)) , ,
“ ”(
) P 2.3
(SGCN)F 61— -:Z-:JE/
R \ /i»-/\\
S
’ 2F . 0.3 1.2
“ (friend representation)”  “ 12 , [36]
(enemy representation)” , “ ”
(friend aggregator) * 7 (enemy
aggregator) . 11
BRres (21)  (25);
‘“ 2” “ _?I/_]:Ed< Z&ii.ir‘?irw +2aij,zj?tjw) (24)
renN; IGN’J
” , ” o1 @ LT W T, WD)
« » “ @ij ik = — ——— (25)
s s Eey(&(J"]W.f’.rW]))_'_ e 1@ F ;W F WD)
” i “ ” renN, tej\/,
“ ” “ ” , “ ” “ ” , . Sd ( RGLU) ’
“ 2” “ fi l s ]7 ;j
” “ ," “ ” “ ”» (l-’]‘) ( <Z.’j>)
“ ”» “ ”» “ ”» :}‘j]
ﬂf“@{’ﬁ [fi’fj]’ . W
MRXEH — - ~HXR 7 Leaky ReLU s IN;
u[r"-e:m Al GE At
| “Bx” ®=2 FREA” | ;
B(1HO Heg =i U)o
|B(2)© U@ i
o,
0. O
“H%” 79 A"
EEH é} ELR )
B(1) U . 2l
9 T(D - ) . A ij
B(2) & _i{_J f[/=€p(20(zjfiw), ai;‘:eim (26)
11 [35 rewN; 2 677(u(f i)

(2)

EEN,



2020

766
. b T \®/
, Fi() \
L(3,1) 5 _‘5 s g
Li5,1 \‘?7
T
Xst) e, X"-(1) |
(3) X2 Hal_\-l 1(2) LY
Xi-1(3) ‘_):'“‘\‘. -1(3) bjf“.
X'-'(5) e}, X'-1(5)
e 1 +b
: )
13 R
(EGAT)E™ ,
s )
I/,':O'[HI;:l(Ea(l','axj9€ijp>g(xj)):|vg(1j>:W1‘j . 14 ,
JEN
I 20 , .
. P 2 €ijp <i’j> ( ). )
b yg(x;)) =Wx; j ( ) ,
W s Lj GCN
( ),
(28):
1 I i
a(-rzsxjveijp):?f(xivxj )eijp? apzzﬂ/f(-ri9xj>ei1p _.| i |_.j i
” JEN, -
(28) '
.Cy, . flxisa;) ('] B0
e L (EEE
’ k LIS e | ﬁ{ﬂfﬁtﬂﬁ;
g e . e W 43
10" m-§ O E-B 3%E
: : Hlvs 2L ety DARTR
(a) —Hr40E (b) =ffEMonif 51/
14
S~ y38] ’
(ECOMH, 021 ( () ;
s 5 (b)
9 )
13 ,
L(lv]) 19] 9F1('>
; “ ” , (HA_
0 [39] 2 [19] A
XL ; ; . GCN) k A, GCN A.
, HA-GCN
(29) .
L = (W,0A)X + B, (29)
b . /\k
4. 1. 2 A k~ B k
(biases) ,WH s

N



5 767
V~Vk=g®Wk, &= foap = (A*,X) (30)
(30) s y U
8 o) = ah* (0) (30)
( )9 k=1
’ ’ : (HAN)™
k
(meta-path) s
15 DBLP s 16
(A), (P)’ (V).“Ul Ps
a s k , .\k_t:-palh (I)o ;

A PA AR
Y £

My

My M,

15 DBLP Lol (Ca) DBLP

(A, (P, (V)5 (b a
M, )

(Motif-CNN) [

(motif) ,

3D

hM (v, )—a(wol +DMZ Ewh(A%”I ) (31)

i j=1 k=
9DM b
. AM AL
] k 1
M Wy )
) (32) (33),
Ty k
e =a(ht (v z) = S0 39y
v ‘Zk
— _ exp(e.;)
Ak, — SOftman (ek.i) =4 (33)

Eexp(ej,i)
=1

K MK .

B ‘-‘ZHIHL—b y,: ,.

(a) 5 S Yk B B (b) i SR ik AT HL (c) T
16 HAN ta1
(MCN)#
) k
T ,
Lk k
, k .
W(Af): W(At'"At) (35)
N
1
. 2
’ U



768 2020
(reWard) ’ h_:l'rm.'
s t
REE
e/ B it /LST™
{ " e mitn
| NA. |
' ] nPert
, | NA. |
. 1 i e
(Motif-Net) | ] wPer |
AT SR
’ 17 4  Jumping Knowledge Network BT (N
3. A. )
3 ’
b
RGCNE33] s .
SGCNL35) ( )
DPGCNE36]
EGATL) 4. 2. 2
ECCE8] ( ) . :
HAGeN (N (MLP) . :
Motif-GCNL#) C o
HANC ¢ (Mini-Batch)
MCNL2] ( ) ’
Motit-NetH*3] ( ) ,
b
4, 2
b
| GCN
GraphSAGE™” ,
421 Neighbor Sampling (NS) ,
b .
’ ’ Dl ’ Dg ’
D, X D,.
’ GCN (Batch size) k.,
’ kXD, XD,.
(hub) GraphSAGE
b
’ ’ b .
(Jumping Control Variate Based Algorithm(CV )M

Knowledge Network)*

nections)

(jump con-

17

NS
(historical activation)
v h, h.,



769

CV,NS GCN 18 ,
, NS Cv
GCN
. NS
. CV
NS )
Layer 2 Layer 2 Layer 2
X 3 8 L 2
Layer 1 & Layer 1 Layer 1 o
® 90 ' 8 [ B Sy )
e @
Input ®® Input ® Input o0
® o0 { BN (B BN
(a) HEBRALIE (b) 4B/E(NS) () FHFHENNV)
18 M7 (CV,NS GCN
((a) GCN , (b) NS
, () CV
)
CV NS . GCN''™

RV () =60 (N(vi)Ep(uj\vi)I:h(“ (u;)]) (36)
Oy ’p(ujl
‘Ui) Ui ’ U

p(u]' ‘"U,‘).

(importance sampling) , qCu; vy

v,) pCu; | v). FastGCNMS AdaptH!
GCN.

FastGCN R

Adapt

19

[49]

b

The (1+1)" Layer v

plu|v)

-
q(u;|vy,v,)
The * Layer u u
JEAD) qsluytrmu,)

5

(b) EGFRHTyi%

The (I—1)" Layer s
() 79 SR IRRE A

H [49]
4 2.3
GCN
’ GCN
[56] . DGCN[SGJ
GCN
| . DGCN
PPMI
PPMI on
20
W.L, ’ i
s Lo ’
SR B i ’\([f)
A—z EER, »
Lo+
X< ME) L eq —loss
P—. Fgléﬁlp Crrsi
20 DGCN 4
5



770 2020
Y Y b b
. 4
4
Deeplnft?7]
GCNL9l, GATE28), GWNNCE21]
DCRNNE8), TGC-LSTMPY), GGRUMY, Yu 0611,
GCN-GANC62]
/ MGCNN#), GC-MCH3J, PinSagel*!, RippleNet!54,
’ GraphRecl6%]
Duvenaud 661, Kearnes 671, MPNNsl261,
DIFFPOOL2), GAME68]
MolGANL!, GCPNL70]
Fout [711, Graph-CNNsl72]
/ Decagon73]
/  Garcia L7417 Marino 751, Lee t7el,
Wang L7171, ADGPML78)
3D / 3DGNNL), Wang  [80), SPGL$1], RGCNNL#2]
! Graph VQA™¥, GRM(7, Chen [
GNN-for-OOKB"86
’ Semantic GCNU¥), LSTM+GCN® ], C-GCN#,
Song Loo]
JMEEMY, Nguyen Loz]
Bastings 1931, Beck [o4]
HR-DGCNNL5!, TextGCNL96!
5.1 5
’ Cora CiteSeer PubMed NELL
b b b
. - 2708 3327 19717 65755
Cora, DBLP, Citeseer 5429 4732 44338 266144
5. 7 6 3 210
1433 3703 500 5414
0. 052 0. 036 0. 003 0. 003
b b
, 6 ( Y0
b
Cora CiteSeer PubMed
’ ’ MLP 551 46, 5 71 4
. ManiReg 59. 5 60. 1 70. 7
SemiEmb 59. 0 59. 6 L7
’ LP 68. 0 45. 3 63 0
, 6 DeepWalk 67. 2 43 2 65. 3
. - o
, ( MLP) , ILA' 7i). 1 69. 1 Z.ﬂ. 9
Planetoid 75. 7 64. 7 77. 2
(  DeepWalk!*) Spectral CNN 73,3 589 73. 9
( Planetoid®" ), GCN ChebyNet 81 2 _ 69. 8 74, 4
MoNet 81. 740. 5 70. 3 79. 0
’ GCN 8L 5 — 78 8+0. 3
, GAT Planetoid COI‘EL\ Citeseer‘ GAT 83 040 7 725407 79. 0£0. 3
GWNN 82. 8 717 79. 1
Pubmed , 7.3%, 7.8% 1 8%.

. GCN'™, GAT™, GWNN*!

[98]



5 : 771

(  Enzymes.D&.D, ,
Proteins ), (  Reddit-Multi-12k) .
(  Collab) . . Leskovec L46]
7. 8, )
) PinSage,
, DIFFPOOL Graphlet, Enzymes, s
D&.D,.Proteins,Reddit-Multi-12k ~ Collab s
21 5%.5 80,3 34%.25 35% 10 82%. , ,
10
. Wang (64] RippleNet
; Fan es] GraphRec , ,
3 ; )
Enzymes 600 6 32, 63 62. 14 ;
D&.D 1178 2 284. 32 715. 66 - |
Proteins 1113 2 39. 06 iz. 83 \l!
Reddit-Multi-12k 11929 11 391 41 456, 89
Collab 5000 3 74, 49 2457. 78 5_5 l

8 ( ) 2/ . o e 5

g L ///
Enzymes D&.D Proteins Reddit-Multi-12k Collab \? _&/
Graphlet 41 03 74 85 72 91 21. 73 64. 66 - ‘é—' PR
T Shortest-path 42 32 78 86 76, 43 36. 93 59. 10 (a) REFrihe o i
E 25
2 1-WL 5343 7402 73 76 39, 03 78 61 21
WL-OA 60,13 79 04 75, 26 44, 38 80, 74
PatchySan — 76. 27 7500 41, 32 72. 60
GraphSAGE 54, 25 75 42 70, 48 42, 24 68, 25 .
ECC 5350 7410 72 65 41,73 67. 79 (
e ’
7 Set2set 60,15 78 12 7429 43, 49 71 75
SortPool 5712 79,37 75, 54 41, 82 73. 76 ) . ’
DIFFPOOL 62 53 80 64 76 25 47. 08 75. 48
EigenGCN  64. 50 78 60 76. 60 — —
’
’ .
. Chen 5.3
(991
. ’
b
[57.100] . 22 .
[101] .
b
52 ’
s 21.
Monti [26] Li o (DCRNN)
b
’
’ . ’

. Berg Lea]



772 2020
= i
“
s g
L SR o
=z [ "%"ﬁ;'___f_ / .l 1
:‘\r’\ N = ."IIII/,/’\'.J I
= OH @_LH-HJ-{:%.‘ L osn
. h
s ,‘,g‘;q“;;f;m ' (a) MiiGIFor e (b) FAA4HR A ZE T &
PeMSD7(M) } ; 23 [67]
118.5°W 118°W
22 PeMS Duvenaud [66]
[61] ( s ’
PeMSD7(M)  PeMSD7(1.))
. . Kearnes Lo7d
12%~15% . Cui [59] . ,
(TGC-LSTM)
. Gilmer (28]
MPNN's . Lee Les]
(GAM), “
. Zhang Lood (GGRU) ” ,
Such L7zl
, , Graph-CNNs ,
. Yu [61]
, (STGCN), . Zitnik (73]
’ . Fout (71
. Cao Loo] MolGAN,
5 4 ,
’ . YOU £7o]
(GCPN),
’ .
’ as
23(3) ’ ’ . ]
23(b)  FAA4 . 61%



773

5
. (Sence graph) 24.
b
55 .
s , 25Ca) . )
(Few-Shot Learning) . ,
(Zero-Shot Learning) . (Point Clouds) . , ,
- — /
e or e M .
TN e | 1 K ' C ’ Cway
R : ‘ i K-shot Lros], : Omniglot
il gt Lo > .. . .
i . y minilmageNet. Omniglot Omniglot
(a) /PREARES] 50 1623
TV al . minilmageNet 100 ,
gl 600 84 X 84 RGB
(o) HEER
b
.3D [79.102] 4
b
puRiY 2ol | &= [ e [ = (o)
J \ I Ty et ' e T 3
The police afficer  who  fired into a full of reenagers was fired Tuesday
O B-PER I-PER B-PER 0O 0O O B-VEH O O B-PER o] 0O B-TIME
\ M e T f g e
(compound] l"“""d :I \——{ackmlcl}—" | (cwd) \ (o) / I‘l-""EE‘n';'i
(a) HeAFE)EHE
unit #
wengland
He is a true great
goalscorer for club
and England, and it fit o high
isfittingthathe is | D °* .
now the highest great
goalscorer for both graph
United and England..  generoting T club
goalscor
Originaltext  Window Size = 3 true
Graph-of-words
(b) HEE LFEH (c) ORISR
25 , [90,92,95]
Garcia L7 , 3D ’
> , s 3D .
, 2D . Qi Lro]
s RGBD . Wang
[80]
A} b
, 9. Marino (7] s
b
COCO (Shape Classification)
. Lee (Part Segmentation)
, Landrieu [s1]
[78]

. Kampffmeyer



774 2020
9 Omniglot  Mini-Imagenet ( )
Omniglot minilmageNet
5-Way 20-Way 5-Way
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Pixels 41. 70 63. 20 26. 70 42. 60 — —
Siamese Net 97. 30 98. 40 88 20 97. 00 — —
Matching Networks 98 10 98 90 93. 80 98 50 43. 60 55. 30
N. Statistician 98 10 99. 50 93. 20 98 10 — —
Prototypical Networks 97. 40 99. 30 95. 40 98. 80 46, 6140. 78 65. 7740, 70
ConvNet with Memory 98 40 99. 60 95. 00 98 60
Agnostic Meta-learner 98 740 4 99. 9£0. 3 95 8+0. 3 98 9+0. 2 48 70+ 1. 84 63 1+0. 92
Meta Networks 98 90 97. 00 49, 2140. 96
TCML 98. 9640, 20 99. 75+0. 11 97. 64=+0. 30 99. 3640, 18 55. 7140. 99 68 88+0. 92
Garcia GNN 99. 20 99. 70 97. 40 99. 00 50. 33£0. 36 66. 4140. 63
b b
’
. Teney s3] ,
, . Defferrard L8]
. Chen Lss] 3 ,
Y b
. Henaff L20]
, ) Reuters . Yao
[96]
b b b b
b b
1) 0 . . Peng
[95]
56 s
b hY .
N ’
. Abstract Meaning ,
Representation(AMR)
: [93]
. Bastings ,
b Y
. Beck Co4 517
(GGNN) s , .
[105-106]
b
’ b
. Liu LU Nguyen Loz] , . ,
b
Song [104]
Y b
Semantic Role Labeling(SRL)
. 6

. Marcheggiani te7]



6. 1
[19] s
,GCN
6. 2
, Twitter

6. 4

).

[107-109]

[66]

6.5

[110]

6.6

6.7

[112]

[113]

[114]
b

[111]
.



776

2020

(1]

[2]

[3]

[4]

(5]

[6]

(7]

[8]

[9]

[10]

[11]

(12]

LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-based
learning applied to document recognition. Proceedings of the
IEEE, 1998, 86(11). 2278-2324
Zhou Fei-Yan, Jin Lin-Peng, Dong Jun. Review of convolu-
tional neural network. Chinese Journal of Computers, 2017,
40(6): 1229-1251(in Chinese)
( s s
, 2017, 40(6): 1229-1251)

Zhang Shun, Gong Yi-Hong, Wang Jin-Jun. The development
of deep convolution neural network and its applications on
computer vision. Chinese Journal of Computers, 2019, 42(3):
453-482(in Chinese)
( s s

, 2019, 42(3): 453-482)
Hu Baotian, Lu Zhengdong, Li Hang, Chen Qingcai. Convo-
lutional neural network architectures for matching natural
language sentences//Proceedings of the Advances in Neural
Information Processing Systems. Montreal, Canada, 2014 .
2042-2050
He Kaiming, Zhang Xiangyu, Ren Shaoqing, Sun Jian. Deep
residual learning for image recognition//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Las Vegas, USA, 2016 770-778
Hinton G, Deng L., Yu D, et al. Deep neural networks for
acoustic modeling in speech recognition: The shared views of
four research groups. IEEE Signal Processing Magazine,
2012, 29(6): 82-97
Shuman D I, Narang S K, Frossard P, et al. The emerging
field of signal processing on graphs: Extending high-dimen-
sional data analysis to networks and other irregular domains.
IEEE Signal Processing Magazine, 2013, 30(3): 83-98
Zhou Jie, Cui Ganqu, Zhang Zhengyan, Yang Cheng, et al.
Graph neural networks: A review of methods and applications.
arXiv preprint arXiv: 1812 08434, 2018
Wu Zonghan, Pan Shirui, Chen Fengwen, et al. A compre-
hensive survey on graph neural networks. arXiv preprint
arXiv:1901. 00596, 2019
Page L, Brin S, Motwani R, Winograd T. The PageRank
citation ranking: Bringing order to the Web. Stanford Digital
Libraries Working Paper, 1998, 9(1); 1-14
Kleinberg J] M. Hubs, authorities, and communities, ACM
Computing Surveys, 1999, 31(4des): 5
Ng A Y, Jordan M I, Weiss Y. On spectral clustering:
Analysis and an algorithm//Proceedings of the Advances in
Neural Information Processing Systems. Vancouver, Canada,

2002: 849-856

[13]

[14]

[15]

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

Qi Jin-Shan, Liang Xun, Li Zhi-Yu, et al. Representation
learning of large-scale complex information network: Concepts,
methods and challenges. Chinese Journal of Computers,
2018, 41(10): 2394-2419(in Chinese)
( . .

, 2018, 41(10) . 2394-2419)
Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online learning
of social representations//Proceedings of the 20th ACM
SIGKDD International Conference on Knowledge Discovery
and Data Mining. New York, USA, 2014. 701-710
Tang Jian, Qu Meng, Wang Mingzhe, et al. Line; Large-scale
information network embedding//Proceedings of the 24th
International Conference on World Wide Web. Florence,
Ttaly, 2015. 1067-1077
Grover A, Leskovec J. node2vec: Scalable feature learning
for networks//Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. San Francisco, USA, 2016 855-864
Bruna J, Zaremba W, Szlam A, LeCun Y. Spectral networks
and locally connected networks on graphs//Proceedings of
the International Conference on Learning Representations
(ICLR2014). Banff, Canada, 2014 : URL http://arxiv. org/
abs/1312. 6203
Defferrard M, Bresson X, Vandergheynst P. Convolutional
neural networks on graphs with fast localized spectral
filtering//Proceedings of the Advances in Neural Information
Processing Systems. Barcelona, Spain, 2016 3844-3852
Kipf T N, Welling M. Semi-supervised classification with
graph convolutional networks. arXiv preprint arXiv: 1609.
02907, 2016
Henaff M, Bruna J, LeCun Y. Deep convolutional networks
on graph-structured data. arXiv preprint arXiv:1506, 05163,
2015
Xu Bingbing, Shen Huawei, Cao Qi, et al. Graph wavelet
neural network//Proceedings of the International Conference
on Learning Representations. New Orleans, USA, 2019
Xu Bingbing, Shen Huawei, Cao Qi, et al. Graph convolu-
tional networks using heat kernel for semi-supervised learning
//Proceedings of the 28th International Joint Conference on
Artificial Intelligence. Macao, China, 2019. 1928-1934
Klicpera J, Bojchevski A, Giinnemann S, Predict then
propagate: Graph neural networks meet personalized PageRank
//Proceedings of the International Conference on Learning
Representations. New Orleans, USA, 2019
Wu F, Zhang T, de Souza Jr A H, et al. Simplifying graph
convolutional networks. arXiv preprint arXiv: 1902, 07153,
2019
Monti F, Boscaini D, Masci J, et al. Geometric deep learning
on graphs and manifolds using mixture model CNNs//

Proceedings of the Conference on Computer Vision and

Pattern Recognition. Honolulu, USA, 2017 5425-5434



717

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

Gilmer J, Schoenholz S' S, Riley P F, et al. Neural message
passing for quantum chemistry//Proceedings of the 34th
International Conference on Machine Learning. Sydney,
Australia, 2017. 1263-1272

Scarselli F, Gori M, Tsoi A C, et al. The graph neural
network model. IEEE Transactions on Neural Networks,
2009, 20(1): 61-80

Velickovi¢ P, Cucurull G, Casanova A, et al. Graph attention
networks//Proceedings of the International Conference on
Learning Representations. Vancouver, Canada, 2018
Hamilton W, Ying Z, Leskovec J. Inductive representation
learning on large graphs//Proceedings of the Advances in
Neural Information Processing Systems. Long Beach, USA,
2017. 1024-1034

Atwood J, Towsley D. Diffusion-convolutional neural networks
//Proceedings of the Advances in Neural Information Processing
Systems. Barcelona, Spain, 2016 1993-2001

Vashishth S, Yadav P, Bhandari M, Talukdar P. Confidence-
based graph convolutional networks for semi-supervised
learning //Proceedings of the International Conference on
Artificial Intelligence and Statistics. Naha, Japan, 2019.
1792-1801

Feng Yifan, You Haoxuan, Zhang Zizhao, et al. Hypergraph
neural networks//Proceedings of the 33rd AAAI Conference
on Artificial Intelligence. Honolulu, USA, 2019. 3558-3565
Schlichtkrull M. Kipf T N, Bloem P, et al. Modeling relational
data with graph convolutional networks//Proceedings of the
European Semantic Web Conference. Heraklion, Greece,
2018: 593-607

Busbridge D, Sherburn D, Cavallo P, Hammerla N Y.
Relational graph attention networks. arXiv preprint arXiv:
1904. 05811, 2019

Derr T, Ma Y, Tang J. Signed graph convolutional networks
//Proceedings of the 2018 IEEE International Conference on
Data Mining (ICDM). Singapore. 2018: 929-934

Monti F, Shchur O, Bojchevski A, et al. Dual-primal graph
convolutional networks. arXiv preprint arXiv: 1806, 00770,
2018

Gong Liyu, Cheng Qiang. Adaptive edge features guided
graph attention networks. arXiv preprint arXiv:1809. 02709,
2018

Simonovsky M, Komodakis N. Dynamic edge-conditioned
filters in convolutional neural networks on graphs//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu, USA, 2017 3693-3702

Zhou Zhenpeng, Li Xiaocheng. Graph convolution: A high-
order and adaptive approach.

09916, 2017
Sankar A, Zhang X, Chang K C C. Motif-based convolutional

arXiv preprint arXiv: 1706.

neural network on graphs. arXiv preprint arXiv; 1711 05697,

2017

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

Wang Xiao, Ji Houye, Shi Chuan, et al. Heterogeneous
graph attention network//Proceedings of the World Wide
Web Conference. San Francisco, USA, 2019 2022-2032

Lee J B, Rossi R A, Kong X, et al. Higher-order graph
convolutional networks.

2018
Monti F, Otness K, Bronstein M M. MotifNet: A motif-

arXiv preprint arXiv: 1809, 07697,

based graph convolutional network for directed graphs//
Proceedings of the IEEE Data Science Workshop. Lausanne,
Switzerland, 2018. 225-228
Xu K, Li C, Tian Y, et al. Representation learning on
graphs with jumping knowledge networks//Proceedings of
the 35th International Conference on Machine Learning.
Stockholm. Sweden, 2018: 5449-5458

Li Qimai, Han Zhichao, Wu Xiao-Ming. Deeper insights into
graph convolutional networks for semi-supervised learning//
Proceedings of the 32nd AAAI Conference on Artificial
Intelligence. New Orleans, USA, 2018 3558-3565

Ying R, He Ruining, Chen Kaifeng, et al. Graph convolu-
tional neural networks for web-scale recommender systems//
Proceedings of the 24th ACM SIGKDD International Confer-
ence on Knowledge Discovery &. Data Mining. London,
United Kingdom, 2018, 974-983

Chen Jianfei, Zhu Jun. Stochastic training of graph convolu-
the 35th International

Stockholm,

tional networks//Proceedings of

Conference on Machine Learning. Sweden,
2017 941-949

Chen Jie, Ma Tengfei, Xiao Cao. FastGCN: Fast learning
with graph convolutional networks via importance sampling//
Proceedings of the International Conference on Learning
Representations. Vancouver, Canada, 2018

Huang Wenbing, Zhang Tong, Rong Yu, Huang Junzhou.
Adaptive sampling towards fast graph representation learning//
Proceedings of the Advances in Neural Information Processing
Systems. Montreal, Canada, 2018. 4563-4572

Hammond D K, Vandergheynst P, Gribonval R. Wavelets
on graphs via spectral graph theory. Applied and Computa-
tional Harmonic Analysis, 2011, 30(2): 129-150

Xu K, Hu W, Leskovec J, Jegelka S. How powerful are
graph neural networks //Proceedings of the International
Conference on Learning Representations. New Orleans,
USA., 2019

Ying Z, You J, Morris C, et al. Hierarchical graph repre-
sentation learning with differentiable pooling//Proceedings of
the Advances in Neural Information Processing Systems.
Montreal, Canada, 2018, 4805-4815

Cangea C, Velickovi¢ P, Jovanovi¢ N, et al. Towards sparse
hierarchical graph classifiers.

01287, 2018

arXiv preprint arXiv: 1811.

Ma Y. Wang S, Aggarwal C C, Tang J. Graph convolutional

networks with eigenpooling//Proceedings of the 25th ACM



778

2020

[55]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

SIGKDD International Conference on Knowledge Discovery &
Data Mining. Anchorage, USA, 2019. 723-731

Lee J, Lee I, Kang J. Self-attention graph pooling//Proceedings
of the 36th International Conference on Machine Learning.
Long Beach, USA, 2019.: 3734-3743
Zhuang Chenyi, Ma Qiang. Dual graph convolutional
networks for graph-based semi-supervised classification//
Proceedings of the 2018 World Wide Web Conference on
World Wide Web. Lyon, France, 2018: 499-508

Qiu Jiezhong, Tang Jian, Ma Hao, et al. DeeplInf: Social
influence prediction with deep learning//Proceedings of the
24th ACM SIGKDD International Conference on Knowledge
Discovery &. Data Mining. London, UK, 2018 2110-2119
LiY, Yu R, Shahabi C, Liu Y. Diffusion convolutional
recurrent neural network: Data-driven traffic forecasting//
Proceedings of the International Conference on Learning
Representations. Vancouver, BC, Canada, 2018

Cui Z, Henrickson K, Ke R, Wang Y. Traffic graph convo-
lutional recurrent neural network: A deep learning framework
for network-scale traffic learning and forecasting. arXiv:
1802. 07007, 2018

Zhang Jiani. Shi Xingjian, Xie Junyuan, et al. GaAN: Gated
attention networks for learning on large and spatiotemporal

graphs//Proceedings of the International Conference on

Uncertainty in Artificial Intelligence. California, USA,
2018: 339-349
Yu Bing, Yin Haoteng, Zhu Zhanxing. Spatio-temporal

graph convolutional networks: A deep learning framework
for traffic forecasting//Proceedings of the International Joint
Conference on Artificial Intelligence. Stockholm, Sweden,
2018: 3634-3640

Lei Kai, Qin Meng, Bai Bo, et al. GCN-GAN: A non-linear
temporal link prediction model for weighted-dynamic networks
//Proceedings of the IEEE International Conference on
Computer Communications. Paris, France, 2019. 388-396
van den Berg R, Kipf T N, Welling M. Graph convolutional
matrix completion. arXiv preprint arXiv:1706, 02263, 2017
Wang Hongwei, Zhang Fuzheng, Wang Jialin, et al. Exploring
high-order user preference on the knowledge graph for
recommender systems. ACM Transactions on Information
Systems, 2019, 37(3): 32

Wang Xiao, Ji Houye, Shi Chuan, et al. Graph neural net-
works for social recommendation//Proceedings of the World
Wide Web Conference. San Francisco, USA, 2019 417-426
Duvenaud D K, Maclaurin D, Iparraguirre J, et al. Convolu-
tional networks on graphs for learning molecular fingerprints//
Proceedings of the Advances in Neural Information Processing
Systems. Montreal, Quebec, Canada, 2015: 2224-2232
Kearnes S, McCloskey K, Berndl M, et al. Molecular graph
convolutions: Moving beyond fingerprints. Journal of Computer-

Aided Molecular Design, 2016, 30(8): 595-608

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

L77]

78]

[79]

[80]

[81]

Lee J B, Rossi R, Kong X. Graph classification using
structural attention//Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery &. Data
Mining. London, UK, 2018: 1666-1674

De Cao N, Kipf T. MolGAN: An implicit generative model

for small molecular graphs.

11973, 2018

arXiv preprint arXiv: 1805.

You Jiaxuan, Liu Bowen, Ying Zhitao, et al. Graph convo-
lutional policy network for goal-directed molecular graph
generation// Proceedings of the Advances in Neural Information
Processing Systems. Montréal, Canada, 2018; 6412-6422
Fout A, Byrd J. Shariat B, Ben-Hur A. Protein interface
prediction using graph convolutional networks//Proceedings
of the Advances in Neural Information Processing Systems.
Long Beach, USA, 2017. 6530-6539

Such F P, Sah S, Dominguez M A, et al. Robust spatial
filtering with graph convolutional neural networks. IEEE
Journal of Selected Topics in Signal Processing, 2017, 11(6):
884-896

Zitnik M, Agrawal M, Leskovec J. Modeling polypharmacy
side effects with graph convolutional networks. Bioinformatics,
2018, 34(13): i457-1466

Garcia V, Bruna J. Few-shot learning with graph neural
networks//Proceedings of the International Conference on
Learning Representations. Vancouver, Canada, 2018
Marino K, Salakhutdinov R, Gupta A. The more you know
Using knowledge graphs for image classification//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu, HI, USA, 2017 20-28

Lee Chung-Wei, Fang Wei, Yeh Chih-Kuan, Wang Yu-Chiang
Frank. Multtlabel zero-shot learning with structured knowledge
graphs//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA,
2018 1576-1585

Wang X, Ye Y, Gupta A. Zero-shot recognition via semantic
embeddings and knowledge graphs//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Salt Lake City., USA, 2018. 6857-6866
Kampffmeyer M, Chen Y, Liang X, Rethinking

et al.

knowledge graph propagation for zero-shot learning//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Long Beach, USA, 2019. 11487-11496
Qi Xiaojuan, Liao Renjie, Jia Jiaya, et al. 3D graph neural
networks for rghbd semantic segmentation//Proceedings of
the IEEE International Conference on Computer Vision.
Venice, Italy, 2017: 5209-5218

Wang Yue, Sun Yongbin, Liu Ziwei, et al. Dynamic graph
cnn for learning on point clouds. arXiv preprint arXiv:
1801. 07829, 2018

Landrieu L, Simonovsky M. Large-scale point cloud semantic

segmentation with superpoint graphs//Proceedings of the IEEE



779

[82]

[83]

[84]

[86]

[87]

[88]

[89]

[90]

[91]

921

Conference on Computer Vision and Pattern Recognition.
Salt Lake City, USA, 2018 4558-4567

Te G, Hu W, Guo Z, Zheng A. RGCNN.: Regularized graph
CNN for point cloud segmentation//Proceedings of the ACM
Multimedia Conference on Multimedia Conference. Seoul,
Korea, 2018 746-754

Teney D, Liu L., van den Hengel A. Graph-structured repre-
sentations for visual question answering//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Honolulu, USA, 2017. 3233-3241

Wang Z, Chen T, Ren J, et al. Deep reasoning with knowledge
graph for social relationship understanding//Proceedings of
the International Joint Conference on Artificial Intelligence.
Stockholm, Sweden, 2018, 1021-1028

Chen X, Li L J, Fei-Fei L, Gupta A. Iterative visual reasoning
beyond convolutions//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Salt Lake City,
USA, 2018 7239-7248

Hamaguchi T, Oiwa H, Shimbo M, Matsumoto Y. Knowledge
transfer for out-of-knowledge-base entities: A graph neural
network approach//Proceedings of the International Joint
Conference on Artificial Intelligence. Melbourne, Australia,
2017, 1802-1808

Marcheggiani D, Bastings J., Titov I. Exploiting semantics in
neural machine translation with graph convolutional networks
/Proceedings of the 2018 Conference of the North American
Chapter of the Association for Computational Linguistics:
Human Language Technologies. New Orleans, USA, 2018.
486-492

Marcheggiani D, Titov 1. Encoding sentences with graph
convolutional networks for semantic role labeling//Proceedings
of the 2017 Conference on Empirical Methods in Natural
Language Processing. Copenhagen, Denmark, 2017 1506-
1515

Zhang Y, Qi P, Manning C D. Graph convolution over
pruned dependency trees improves relation extraction//
Proceedings of the 2018 Conference on Empirical Methods in

Natural

Brussels, Belgiumm, 2018 2205-2215

Language Processing, System Demonstrations.
Song L., Zhang Y, Wang Z, Gildea D. A graph-to-sequence
model for amr-to-text generation//Proceedings of the 56th
Annual Meeting of the Association for Computational
Linguistics. Melbourne, Australia, 2018: 1616-1626

Liu Xiao, Luo Zhunchen, Huang Heyan. Jointly multiple
events extraction via attention-based graph information
aggregation/ /Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, System Demon-
strations. Brussels, Belgiumm, 2018, 1247-1256

Nguyen T H, Grishman R. Graph convolutional networks
with argument-aware pooling for event detection//Proceedings
of the 32nd AAAI Conference on Artificial Intelligence. New

Orleans, USA, 2018: 5900-5907

[93]

[94]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

Bastings J, Titov I, Aziz W, et al. Graph convolutional

encoders for syntax-aware neural machine translation//
Proceedings of the 2017 Conference on Empirical Methods in
Natural Language Processing. Copenhagen, Denmark, 2017
1957-1967

Beck D, Haffari G, Cohn T. Graph-to-sequence learning
using gated graph neural networks//Proceedings of the 56th
Annual Meeting of the Association for Computational
Linguistics. Melbourne, Australia, 2018; 273-283

Peng H, Li J, He Y, et al. Large-scale hierarchical text
classification with recursively regularized deep graph-CNN//
Proceedings of the International Conference on World Wide
Web. Lyon, France, 2018 1063-1072

Yao Liang, Mao Chengsheng, Luo Yuan. Graph convolu-
tional networks for text classification//Proceedings of the
33rd AAAI Conference on Artificial Intelligence. Honolulu,
USA, 2019. 7370-7377

Yang Z, Cohen W, Salakhudinov R. Revisiting semi-supervised
learning with graph embeddings//Proceedings of the 33rd
International Conference on Machine Learning. New York,
USA, 2016. 40-48

Shervashidze N, Schweitzer P, van Leeuwen E J, et al.
Weisfeiler-lehman graph kernels. Journal of Machine Learning
Research, 2011, (2011). 2539-2561

Chen Zhengdao, Li Lisha, Bruna J. Supervised community
detection with line graph neural networks//Proceedings of
the International Conference on Learning Representations.
New Orleans, USA, 2018

Cao Qi, Shen Huawei, Gao Jinhua, et al. Popularity predic-
tion on social platforms with coupled graph neural net-
works//Proceedings of the 13th International Conference on
Web Search and Data Mining. Houston, Texas, UAS, 2020.
70-78

Rahimi A, Cohn T, Baldwin T. Semi-supervised user geolo-
cation via graph convolutional networks//Proceedings of the
56th Annual Meeting of the Association for Computational
Linguistics. Melbourne, Australia, 2018: 2009-2019

Xu Danfei, Zhu Yuke, Choy C B, Li Fei-Fei. Scene graph
generation by iterative message passing//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Honolulu, USA, 2017. 3097-3106

Wang Yaqing, Yao Quanming. Few-shot learning: A survey.
arXiv preprint arXiv:1904. 05046, 2019

Song Linfeng, Wang Zhiguo, Yu Mo, et al. Exploring
graph-structured passage representation for multi-hop reading
comprehension with graph neural networks. arXiv preprint
arXiv:1809. 02040, 2018

Khalil E, Dai H, Zhang Y, et al. Learning combinatorial
optimization algorithms over graphs//Proceedings of the

Advances in Neural Information Processing Systems. Long

Beach, USA, 2017. 6348-6358



780

2020

[106] LiZ., Chen Q, Koltun V. Combinatorial optimization with
graph convolutional networks and guided tree search//
Proceedings of the Advances in Neural Information Processing

Systems. Montréal, Canada, 2018 537-546

[107] Du Lun, Wang Yun, Song Guojie, et al. Dynamic network
embedding: An extended approach for skip-gram based
network embedding//Proceedings of the International Joint
Conference on Artificial Intelligence. Stockholm, Sweden,
2018 2086-2092

[108] Zhou Lekui, Yang Yang. Ren Xiang, et al. Dynamic
network embedding by modeling triadic closure process//
Proceedings of the 32nd AAAI Conference on Artificial
Intelligence. New Orleans, USA, 2018. 571-578

[109] Nguyen N P, Dinh T N, Xuan Y, Thai M T. Adaptive
algorithms for detecting community structure in dynamic
social networks//Proceedings of the IEEE International
Conference on Computer Communications. Shanghai, China,
2011, 2282-2290

[110] Benson A R, Gleich D F, Leskovec J. Higher-order organi-

XU Bing-Bing, Ph. D. candidate. Her
research interests include graph neural
network and graph-based semi-supervised

learning.

Background

Many reallife scenarios, such as transportation net-
works, social networks and citation networks, are located in
the form of graph data. In recent years, the powerful modeling
capabilities of convolutional neural network and the ubiquity of
graph data have inspired researchers to transfer convolutional
neural network to graphs. This paper surveys and summarizes
the research and developments of graph convolution net-
works. The classical methods in this area are divided into
two groups: spectral methods and spatial methods. Spectral
methods implement graph convolution via convolution theorem,
while spatial methods define aggregator function in vertex
space directly to implement graph convolution. The latest

developments in this field are focus on how to construct

zation of complex networks. Science, 2016, 353 (6295):
163-166

[111] Huang Junjie, Shen Huawei, Hou Liang, Cheng Xueqi.
Signed graph attention networks//Proceedings of the Inter-
national Conference on Artificial Neural Networks. Munich,
Germany, 2019 566-577

[112] Fortunato S. Community detection in graphs. Physics
Reports, 2010, 486(3-5): 75-174

[113] Akhtar N, Mian A. Threat of adversarial attacks on deep
learning in computer vision: A survey. IEEE Access, 2018,
6: 14410-14430

[114] Zigner D, Akbarnejad A, Giinnemann S. Adversarial attacks
on neural networks for graph data//Proceedings of the 24th
ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining. London, UK, 2018; 2847-2856

[115] Ying R, Bourgeois D, You J, et al. GNN explainer: A tool
for post-hoc explanation of graph neural networks. arXiv

preprint arXiv:1903. 03894, 2019

CEN Ke-Ting, Ph. D. candidate. His research interests
include graph neural network and network embedding.
HUANG Jun-Jie, M. S. candidate. His research interests
include social media computing and graph neural network.
SHEN Hua-Wei, Ph. D. , professor. His research interests
include social network analysis and social media computing.
CHENG Xue-Qi, Ph. D. , professor. His research interests
include big data analysis and mining, network science, network

and information security, web search and data mining.

graph convolution in huge or complicated graph, e. g. , graph
with million nodes. signed graph and heterogeneous graph.
Graph convolution networks have shown powerful modeling
capabilities in many applications, e.g. . traffic network,
molecular network.

This paper is funded by the National Natural Science
Foundation of China under Grant Nos. 61425016 and
91746301. Shen Huawei is also funded by K. C. Wong Edu-
cation Foundation and Beijing Academy of Artificial Intelli-
gence (BAAD. These projects focus on graph convolution,
information diffusion and online social media. Our group has
been working on this area for several years and published a

number of papers.



