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Advances and Applications in Graph Neural Network

WU Bo LIANG Xun ZHANG Shu-Sen XU Rui
(School of Information s Renmin University of China, Beijing 100872)

Abstract  As is known to all, Graph-structure data is a kind of data form widely existing in real
life. Internet network, knowledge graph, social network data in macro perspective, together
with protein, compound molecules data in micro perspective, are all can be modeled and repre-
sented by graph-structure. Because graph-structure data has complexity and heterogeneity attrib-
ute, the analysis and processing of graph-structure data have always been a difficulty in research
community. The researchers have been studying the property information and topological struc-
ture information in graph and try to find out a way or method to learn and explore the graph auto-
matically. In order to solve the problems above, Graph Neural Network (GNN) appears as a
kind of framework that uses deep learning to learn graph-structure data directly in recent years.
On the one hand, the excellent performance of GNN has aroused high attention and deep explora-
tion in research community. GNN transforms the graph-structure data into standard representa-
tion by making a series of certain strategies on the multifarious nodes and edges of the graph, and

then the representation can be input into a variety of different artificial neural networks for train-
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ing, and achieves excellent results in tasks such as node classification, edge information dissemi-
nation, graph clustering and so on. On the other hand, when it is compared with other graph
learning algorithms, GNN can learn the internal rules and semantic features of node and edge fea-
tures in graph-structure data. Because it has a strong nonlinear fitting ability to graph-structure
data, GNN has higher accuracy and better robustness on graph-structure related problems in dif-
ferent fields. To make it more suitable and efficient for specific applications, there is a great deal
of variants of GNN algorithm and framework are proposed in past few years. Based on the exist-
ing GNN research, this paper first summarizes the history of GNN, and introduces the related
concepts and definitions. After an overview of GNN theory, we then focus on the discussion and
comparison of various algorithms in GNN, including the core idea, task division, types of graphs,
activation function, different dataset, advantages and disadvantages, the scope of application, imple-
mentation costs, learning methods and benchmark network. We give a novel classification and divide
GNN into five different artificial neural networks. In addition, the application of GNN algorithm in
many different fields is described in details such as natural language processing, molecule graph gen-
eration and so on. This paper gives an introduction to the other kinds of graph learning algorithm
which are recognized as network embedding and graph kernel. We compare the advantages and dis-
advantages between GNN and network embedding as well as graph kernel. Although GNN has been
very popular over past years, these two kinds of graph learning algorithm are also to be proved com-
petitive in some tasks. In view of the existing problems and challenges, this paper outlines the future
direction and development trend of GNN, which includes depth of artificial neural network, dynam-
ics, receptive field of GNN, the fusion of multi artificial neural networks, and the combination be-
tween artificial network embedding and GNN. Last but not least, we make a comprehensive and de-
tailed summary of the full text.

Keywords graph neural network; deep learning; graph-structure data; laplacian matrix; spec-

tral decomposition; node feature aggregating; graph generating
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T PR B DL B AT 55 6 1% A it T A BB R F £y
TILE.
3.1.2 ZFEEHBM

23 (i) ] 5 FEUDA 81 485 4 B340 1) 25 TRDRRAE 1R R 56
TP ABJE T 5 R B 3 (A5 A0 R AR JE T AR
FORBAFG — R 7 G LS 5L 23 (] B B
PR AR R, — R0 R R R
JEAZ I N S BR8N B S B s — 2 ane] &b
PR JE 5 s A RRAE o BDAS 25 3 10 48 S5 Y RURRAE R
AR L.




14

=]

ES

145« [ b 22 T 4 i o 0 R A5 1 T

41
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W R Ny R TR i W i
L 0 i 7 T R ReLU ) P K
Chebyshey®! WHEREAREMBS  FELR B ;jhlrfx ol oS
‘ U B3
CayleyNet™ Cayley 2 Wi [F] J5% T 1) S ReLU OO® REPE S
i i b
3 R 37 1 D) 7 [R] 5% G i) RelLU N
n[27] N ETS
R A B 7 A 1 FUE Softmax  O00® A
R A o R POOBD .
AGON® 542 T B - DOD e
[ B o o
g 8
GCAPS-CNN!?! Ty 2 56 B ’;gig B Softmax %gg% & 432
V3 B s .
1 <. .
Sk ;ﬁﬁfﬁg 5% 1 e Jemid 500 K
. R B A B P 4 %
ik 1 e E 7 B KU Relu BBED B
Softmax
SortPooling QOO N
S~ [37] & 1A A
DGCNN'? Weisfeiler-Lehman K # 7 RK R ’I];:;h @ED EHES
u
I o BOR 2 ey - Softmax \
DiffPool’*® Rhoue e B o OBBOD P 4 %
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@NCI1; @NCI109;@D&.D; ®DPP4; @ENZYMES; G ImageNet; ) MUTAG

Xt bR = AN S ), OIS R AR
6] |- f 45 FR AT 53— PATCHY -SAN. PATCHY -
SAN (R ALBF AR AT LAy A = A0 Y s O B
SUABIRAE B AR D R RS Ak, 7 s o B
THIET S F. PATCHY -SAN #2445 7 Wb fihig £
B 5 5 0 B 5% Weisfeiler-Lehman™ 4 3%,
FH 09 A5G L P AR AR Y s HEAS L O ELA IR
S 118 T s IAHIE P Hh B BT A5 7619 AR I Al s b

AR BEAR e A8 R i rhoC 5 s i A8 Fs 45 s At
A A B A [ TR/ B AR A A A A
e/ Q8 i U G — 40 i A A 4k g
JE& H R B A OSBRI
Perb o SRR 5 v B9 R I — S B bR S pR B A T
HEF I BORE AT, B U PR (B B T —
NG IE O SR AR B T — i AGE S PR i
i CNN SRS 6] B AR, i e an &l 2 Bis.
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(2]
® _9 &
® oo ¢ oo @ ® O ,9 4]
o @ @
9 g 1| . ® ma= @)
¢ @ ® ¢ @ ® ¢ © ® N prang
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Ll PR SRR R SREH S IH
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B2 — A o 10 2 1) P A ARUAL B O A

PATCHY-SAN iR Fy M 41 21 7 w037 55
FARJE T 5 IR X AT RRAE I LT R, F R

PEAEAT 5 A AR 2 18 5 R/ Y 7 (S HOIE = (A
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42 it <)

Bl

Ea {1 2022 4F

SUHER B 4 IR B 42 52 e 55 A0 (Y PR B 4B Y R A Bk
H 5 S8 I 25 1 R 12 45 40 2F A7 I . B RN TE #50/
PR i) 1 58l o A o 4005 1 1 0 e 2E

BT PATCHY-SAN i AL 00 B 5 25 #4945 4l
(7 5 SCHRT 482 s 7 H0E BURP 28 9 45 (Diffusion
Convolutional Neural Network, DCNN). DCNN 2
T WO B B 75 T S A 4 M AN TR
A4 0T R AR JE T ASURR AR AT BSOS B
() AR (45 [m] 5 BT | A A 23 45 3 ] — A~ T 0 45 2R
Wi EAFRBAZME. X TE  hE A1 85
Bk j J5 ARRAE £ o B pR BCRT DARE SRS by

I\Y
Zlijk :f(W;k * ZP;]'/XM) (1D
=1

Hrb P, A MR, X, R EAE M, W
AEFE B, DONN B A% 0 S B 30 5 7% 46 [, 78 —
B TR B b AT DLTRU [R] A P E 2 T % A 285 1R B A ik
W) 1 S8 B AR 2 R R R Kk
X TSR N AF 25 T A B K 5 oK. 1B A RE AL af
b AR I Jm A R o AEL i R B AR K B S Y AR B
(0 fi 1. Xk it 1] A, SRS 8 P Bl B AE (Ran-
dom Walk) X [#l3#F 47 1 4b 2. 7 & 45 F4 2 0 9 15
X T R RS T A AR T Y R SR I G
PER/INHER IR p AR 8T i HAE P d 74 7%
B R TE S o8 B X RE B & 2% B B DCNN 1Y
O(N*F) TFEHN ONp) S Hip p < N L TI7E K 2514
ARV T o FH P AF DGR R 1 A R B R I ke A 115
oM. Z 5 AR T I AUE 5 S8 7 sl N BUE
A AR AR (R AR 8 908 59 R 5 b Y AR R
e BB (BTG, AR FRAR DG .

JRRSZ R /N — L A T A AR b 8 G B S 8
FOvb B B4R JE 5 B H Bl T ) P R E
oIS 1B M A A Y R T O M 4% R R
B E [R] L RS2 B R /N R 1S S T I R
(R 52 2 TR BE  RH N 1 SR D7 B i 4 1 ok X H P L
BEARAEIE AT LA AP — 2 B s s
R AR L 55— 2R B OO T R B R AR
W, AE 20 R A R AR L, SCRREY R — R e g X
Mk A B % GraphSAGE (Graph Sample and Ag-
gregate). GraphSAGE H.0 75 5 iR 2 3 th 2 8 ik
AR A 7 e 22 AR v il BBOAS () s v i B Y 48 s Y
SLXF TR E Y SUBCE AN R B R B R R
IR RO T SR RR R SR ) . AH A TR g HL
A i A L GraphSAGE Jf A J& o K b 54>
TR B S B R T 2 A — A T R A R

IR B W S PR B AR P A SR BE L SR
P 3 F H B % R B (Importance Sampling) A
FastGCON B B i A% 0 AR B I 45 FR B o M
SRR i A BR BB B AR J, B e A Y A AT
PAE A ST [ 43 A B BE AR L S48 5k oR BIORN 35 B2 2
PR SR SR B BLAY 8 0 2 SCRE AR 481 2% 0B
A B ) 524 B (Monte Carlo) it {83 12 F1 4.
F T O AT T e B SRR L B I R
A% A AT, T 2 3 43 S At i 2k AR, X (A3 I 25
i B ANAE 3. MEETF GraphSAGE, FastGCN ] LS
TE BT 1 55 R AN 7 A 28 Sk B4 15 B 00 R
JEE 475 14 2 v K o
JRUAE B8 T A B ML SR RV b EE LR R
RE A% 7E — 2 PR I 45 o J 32 3oy B AR, (H 2 A7 A Al
T B i 2 IR AE 04 408 3 1 a50TH R I BB B X I
T7a) R, SCHRE S 4 HH R O 25 4 ek ) Bt AL 2 Dk ko
FCHEAT O A HKE 3 A5 04 7 S0 8 A L L A g ol
() AR 1, 5 FRUZ WO pR O
(PH'), = > P,Vh' + > P.h.

Horp P J2 B WAL S BROAL E RE L HOJ2 1 2 B9 SO AR
W ZER B rrh AU 2 0B R A R R I
AL b BB A B R AV R LT R =
R —h' . TEZA KSR b IR 3 T L% 5 vk i
SICPE AN B 3R 5 BOA R R AR D7 9 GON AR 1
T AR MR B> 7SR IS R AR S XS Y
FURAE DU A 2 W0 5 78 Shy X 9 465 2 555 ek B A 4.
SCHRT 4 Y — b 9 2% J2 8] [ & B R A SR I ( Adap-
tive Sampling). 78 F T [a] & 53 )2 ¥4 38 M 2% oL F2 o
XIRJE M RAESTE — @R L2 R T2, Hpog
FERY &R 7 GO T B — 2 W 4% 2 ml ULy i A [ 1
AL AR A 1 QB PR A ] RN T 3L
AR BT R I SR R SR R 2R ] B BT R K R
g S R IR S A AR S R IR —E Y
WEAI A IR Sl A SR R P S0k R AR S R AR I
Yrad B vh Iy 22 W0 B AR BLL BT R —
A G oR I, R i o LR SR A Y B ML G R
[] Bk K 3% $2 (Skip Connection) B J5 20 & /£ — B L
RLAB R A L AR B TE AN [] 9 2% 2 8] A% 46 o DA i 384
SRYINZA A S 2 PE M. % Tk B 45 T Graph-
SAGE l FastGCN YR FE I8 B TR A 18 5
R E B — 1.

TERBJE 1T m B B e 5 7 2 RO A FE N
FREFEAT RGP, 7E48 51 AR ER & b — B
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A S Xof & J T R AT 2tk B AR MR e, T S
HL Y RRHIEBEAT 8 A 7E GraphSAGE 1, 863+ T
=FORTR ) B G K Mg . Mean Aggregator RS
J A R AR B 25 LSTM Aggregator——48 Ji
T A BE ML HE S B A LSTM, I BUH: B2 i i
Pooling Aggregator RIS 9 AR AR 28 0 4R
ARG A AL R R AR BRTXF — B 4B Y ALY
b et 1 D S U R eI (TR0 N 8
SR 42 CoN-GCN (Core Neighbors-GCN).
CoN-GCN J3K 50 0y Wi A~ 22 B 20 9k — O o i 15 3
SR T B AT T AR AT A R R
BT 2D B 0 M 1 A8 s AR P o PR
b 3 ] 7 5 A0 AR R T L S S R AR
L AR IR R AR Rk A B RUZE . 1 TR Y A
— AR T AR AR s T s AR A R CoN-
GCN fE#E 7 15 P 35 U A AL &R, CoN-GCN
RO TE T 4540 B2 %% 5 6 ok B, 7T DA T 3 [m] 4
JEH, Jaccard RO Adamic/Adar R0 R HH
55 e i e R () 0 08 J 74 A )Pl P I K X
AT A5 140 8 5 5 5 2 HE . Gao %5 A T
% 3 K % P )2 (Learnable Graph Convolutional
Layer, LGCL). LGCL #2& H — b 7 B Il %k Iy ¥&. 7
VMR AR S5 98 R A Se 48 2R 3 A B AL Pk ik S
BT B TR IR B E B H S L A5 kYT R 7RI L
T EG  LGCL MR J5 45 <8 J& 55 i FR A 14 HE 42 14 1
T B & FE A [ SRR A [e] S 179 2 8ORH 2 T 3 A
T — Y R 2 P 2% R AT B BB L R A G
W SRR AR 2 AR IE R A O — 2% XL
LGCL £ — & FEEE Bl /b 1 B B A7 F 5 i
[, 3 3 DR A P19 5.

WG Ab  — B2 2 M3 B B R L AR AR JE T RURY
IE SR v R R IR 0 305 5, L RE A% X 408 i =7 kU R AIE
AT A TN R0 VR R 90 40 7+ 28 B4 45 3 5
W28 vhr 20 B AT 5 08 RS TR R B GCN 1Y)
RERIHE 2 N TEAT = 1 b i FH B0 A5 18] 1 75 2 T %
PRSP AR 2 — o T A 39 70 R 4 5 — R AN AR £ B 4
FVIESE 3G HLAS G T2 20 G 8800 19 s 3R0R L B
R EE, Derr™™ 48 H 3 T V- 47 B8 (Balance The-
ory) I £F 5 [ £ 1 ® 2% (Signed Graph Convolu-
tional Network, SGCN). 7 SGCN H, — /> - fiif
PRl e SO A A T BE B AL — A AR
H AT S BB 2H . H I, SR oK B D P
g3 DX N G SR AT SR R T SRS — R
IO AN SF-A87 1 R08 D1 L K U s SCAS B F-

FEAR T VR A MU T A2 RS 5 LT R
FE AT PFHEIF O St L 38 B AR [ A 28 ) 45 2 2
[i) 5t % 1 BB M 3 B2 05 B A B bR, 7E DU A B R
BORAE A SE 56 3R B, SGON R % & 20 2 2] 3y
FVETERIE IF HAE K B B R & R B RE W 12
FHAT 5 22 35 8 8. Such 25 APV # 1 Graph-CNN.
Graph-CNN 8 # 7 — > H A B it A6 #8479 5 5t ]
b g A BB A% ) I A o] 1 b Y SR 3 B R R AL
Graph-CNN A DU B 1 R AiF 0 & a0 1 5
A BRI DB A 5 AT R N RO SRR A5 3 Y A
1. Graph-CNN SZFr 2 815 & 1 09 BR1E i A 2E
AT 42 R I 0 o 2 A 4 A5 BB Y Y SRR AR L. FEAL
HSH R b i T R Y RO T s R
A% B R 2R 00 o A (N < 4 I e B 0 A B
BLATI 6 A T3 45 AT RE 2% i A0 ek 2 A% 0 AR B2 9 k. A
. Graph-CNN % Xavier' ™ %) i £k 14 5 40 76 1k
(Batch Normalization) ™ J5 1k i 40 JH 1% 0 4 30

2 BRI CEIRN R e B
T PRVE B LA S AT 55 % 25 [] 16 4 R A i AT T
.
30103 % 1 A BRURN 23 1] [ 46 R/ IN G

GCN A% O J5 JAE T ) 1T 300 100 3% 426 T %k X Jit
LG RS BT R A B B, DAUAE A= R 79T iR
7N AT b 3 G ik P14 BRI 2 (] 8] 4 BRURR S )
AR5 T RURHIE R B L 77— ] 4 B RN 1Y i
Fon T Ik B AL B AR s T SR B H L Ak Tk
IR TR TERCE A T S BURAE I S E X
A2 FE B AH J2 Bk 7E T 0 B A e ) T R —
A TR 2 e — %, BT LL L RE AE [ 0 & B AT B
FRUZ 55 0 T 1 45 A0 RO AR 53 i T iz 3% i 7 R
W v g 40 4 B R A B R 2 R T T ) 1B g X
(R 5 AR R A 1w P 48 Ay G 1w [T BRLOG % 4 il 1 O
PPN BE B T A 1 B R REL Ak 3 S i
] 5 FROE & b i A9 5 [m] I Ay A 4 F 5 A A
fith 25 1) 1) 2 SR e v, HE DA N R R AR ] A A Y
g3 At a3 ) (B 4 AU Gk B e — E P B4 X
B A AERAE. TR AR A B AT R s A
PR B AU T DLl St 52, s ) I S ARV T
— 8 MR AR SR MG, T LLIEAT 4L 5 A i 5L BE AR T3
SR I ) 0 A i 2 ) R Bl R A T P Y AR
J- 5 A DR B L AR R AR R T S R E
(R T8 S — A 1 E 1Y ok B A (8] Ok T R Rk
BRI FEAS A [ 5 3K 25 A (7] 190 2% 1) 2 850 1L 35
R — 5 1 TR M.
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R2 TEEERZEHLCE
BRSOk oL CRER 2SR VI oA B Hhe %
L - 3 A I i) 44
PATCHY-SANM 1 5,40 00k 4 A Wi 4R S5 TG 1] ﬁﬁtg Softmax DOBRDO® A W] WAL
TR A " P4 %
e . 7l 5 G 1l U0 . i %
DCNN' I gy e Softmax ~ D@DORDD @ﬁg‘
‘ WL I 7l i A 14l Il )
ot [43] — Si id
X § RS S T 1 igmol PO 42
I E R A ) -
GraphSAGE! Jgiigi [7] J5T T 1) 3};;’1'41?; Sigmoid ®WB® WAk
e SR IR S 0 B WK
FasiGEN B0 A BB B A o ves B
. ks S Ifl B 14l .
> r[46] \/J%:* o ﬁ“
ik Fap, [ S eDOOBDB i
3 R R
LeakyRel. AR
Skl S B 3 {0l 7 % 6 1] T i&g;l DORG “#ﬁ
B B i 1 - o
AR FE Y 5 HE
CoN-GCNL! ﬂgi%ﬁﬁ i K i - DO@ W
. AL JE 45 7l 5 14l . . -
LGeLM! S5 J e 22 B =3 Softmax ®LO® 2k
. oA
SGON'™ i s L W - DOBO B T
I o o o
Graph-CNNE Xavier #1141k AT 1) 0 Softmax 5 oRBAG Bakcked
I Relu PV S
e e

OMUTAG; @PCT; ONCIL; @NCI109; @ PROTEIN; ©@ D&-D; @ DPP4 ; ® PP1; @ Mnis; @ Cora; 11 Citeseer; @ Pubmed;
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3.2 EBHmEHE

TE TR BE 2 2] S8, B g 5% 4% (Auto-encoder,
AE) J& — ¥t A M5 BT RAE 2 2 1 N T pl 28 9
2. AT — AL g A 2 R A 25 S 4y, B
T B gt &1 GNN Bk B A i i & (Graph Au-
to-encoder, GAE) , AJ D)2 Wi & al 3 TG Wi B Hb =% )
BT 55 B W 3 iR,

1
[TLLIT]
1
e |
1

fE Y% FraEmans

K3 B A miE e

TE B AT 3 1 SCHRE 2 3 TR 22 )

# By # R8 #E A (Deep Neural Network for Graph
Representations, DNGR). DNGR % F Ffi HL i & #5
I (Random Surfing Model) 38 B & 25 #4915 &, , A2 i
A S B O A A R A O B 0 i Rl B T
PPMI Ji . 75 B 95 G i A #7n 22 2] 1. DNGR &3t
T—"& M H %5 28 (Stacked Denoising Au-
to-encoder,SDA) , i A PPMI 4H [%: 2% 2] &5 5 AR 4
R I B A —F8 3 23wl B AL o D) i A A
()& FEPE. DNGR AL S AR T 687~ 347 1] [8 th 1
Z AR B HAE ORI 4t ik A RO T DU TR
[F] A AT 55 . (R B SO 2088 T BB PSR IR
Pl M AN A5 A8 A B — T a0 A B A R AE Ze v, [
P 235 400 10 58 T2 A 0 2 52 W 19 R R I P IR, T X
TN EE BRI, Wang 25 AR Y —Fh b 4
K B % % #% ( Marginalized Graph Autoencoder,
MGAE) 5. JL7E [ 9 b5 a4 ob 0 56 7 3% 23 it /9
PG TR 28 2, 519 n B MERRAE A 25 0 £ 2, 4



14 e 1A PR 2 I 4 T kR A5 N 45

e 2 W R HEAT £ 22 7. MGAE & 2 )2 KIE
FI 2 i 25 o DL S — S TR 2 UK A R 2 T A7 By
W RRIR. Wang 55 AN R 7E U 25 b BE BL IR A5 5] i
(T AT e 2 e Bt B R A ) 2R S PRI 23 A 3 AR
WA FHIE i gl A8 A — 26 T4 30T, 38 o K e 2L R AE
(B E N E AR R AL 27 2 9B ). MGAE 1
AT AR LB DR 2 Bt 1) 5 R AR RN SR
TR Z A 1158 2 /M. TR BN AT R RN R
MGAE fill 1 5 I H k15 2 R 264

TE—E 21T A g 15 55 A T 0 W 47 3% hir By
% P ) B 5 (B 47 f# (Singular Value Decomposition ,
SVD)* At SCHRET 42— Fh AutoGON BE AL,
HAH — B & A 7 T 249K A St 8%
BB, XYY TER LRET —-13aS
T 1 G R TE — R R T ) 4% R
JETT B0 S B R, JELrEn A i i
i ] DL o B 0 A 2 i Jy 1 4 4 R k. R i)
AutoGCN N H 24 55 H b ek £, 22 1182 )3 3 1)
U, T DA A RH 2 2] B g 1A YRR AR Y B
TARIK.

TE AE o, b g it & 7 2E 09 v ) 0 2 Ba % 1)
PR Wb I BN G LA A 75 DU Ao e A 4 A A
e BT RE A R 5 L S B Mk LA B PR ok AR 4y
H 4 15 %% (Variational Auto-encode, VAE)® #f #
TR S A g g g A g B R AR R HEA R
V2 1r 5 37 T i {1 248 1o 3R 7R 09 20 A . 5 K G
Bt 25 A B8 v 18] B3 5 1] i 29 RAE — DM IES o A |
SRJE TR IZAEZS 53 A1 Hh R A 15 3 v (AR 48 1) & 3R
IF 28 3 i i 45 30 J DR AR R AL R T ARG A, STk
[59 48 th — F 48 43 & A 4 A% 2% (Variational Graph
Auto-encoder, VGAE). VGAE i %W 2 Kipl %
AP HEH ) GON 78 24 4 i 25 . i A B A0 40 4 0 1
A CFITT s R AR [ X, 2 2 1 S B i R OR Y
B AN Ty 22 OF G 5 1a) kA BRI 21 i . 400 2K R
B e T A3 2R < 5 — T A R A R i 1 22 )
00 P8 2 22 5 O VR 0 Y R  [n) 0 A AR
WEIEZS 43 4i B9 Kullback-Leibler #Y . R4 VGAE
AE A2 UM 5 L 0 P e 1 26 (H 2 5 2 2R 4RI 25
P B 288 ok E AT D0 AL o TR G IRk ] 2% L T I
Brit 2 A, SCHRC60 42 1 2 B X 18 22 53 A 2 % 4%
( Semi-implicit Graph Variational Auto-encoder,
SIG-VAE). iy T Bl h ] e 47 16 & 2 . 2 #8550, fn &)
MFE KB L5 . SIG-VAE 5] 52 a5 248 4y
FEBE L SRR 45 5 P B 2RO 1Y 5 56 20 A R AT SE

Wi MR, SIG-VAE 3 F 2 e a4 43 4 310 Al
1E M8 (Normalizing Flow) ™ 3 i, H % & & —
AN Z ALY S 3 HE SR I8 FH AR 55 ) — 10 A8 6 45 it
Ty 0 ) A 408 o A A R TR DT B4 b 4o ]
M 25 48 147 2B B S, K b 2 IR A5 A 4R I T R
T 1 T 26 B =X i A b Al 0 2 S R 1 11 s
5 VGAE It SIG-VAE J& — A~ 55 i 5 K i 151 A=
AR, AT 2 [ O 3 BT SRR A0 B AT SR 4 2, R
M PR I B R IR AT A B SIG-VAE A AE
BRER -9 R T VAE 1) 335 ¥, 6] B 761 405
eSS R AR R B U AT: 55 1 A R B IO
EAF R B SCHR 64 ] 82 adE T AR B/ B
GraphVAE ®#. GraphVAE #.0 B A8 2 FH % 1% 2%
A V1 3 Sy 3 8 1) i G K O A A LR R D —
5 2 SCY fie OME 38 52 4 3 RT T T A RT3 1Y
P A Ry i 57 B BE AL S B I Ah L Graph VAE i
TH T I D T B vk ok 153 L 22 T 1 A AL

TERR & RN oA b, Ry 1k — 20 s i A
Az LR A M SR FH T Ak R IE U A B AR 9 1A G
T BBl T k. Pan 28 A5 T — il 0 IE 0
Pl A A JHE 22 HC 55 T b X BT 5 75 . ARGA
(Adversarially Regularized Graph Autoencoder) Fl
ARVGA ( Adversarially Regularized Variational
Graph Autoencoder). ZHE 424 &l rp 1Y 41 Fb 25 44 A1
9 M G A B — A B R Y R OR L AR S VI R i A A
HA RS, S e ] B SR A B A&
etk Pan 58 A M1 H GON R K A 2544 iy s s v
RN A TR G i R — A B A TR A A A A R
PR ] P 25 00X B D11 255 28 9 5% 5 A, 27 2T 3]
B PR B 1 2 s PR 2L X I R A R X )
B 5 R R [T B IE A S50 o3 A i 2 R 4 T i
A YT G B s AFOOE B TE DU A A 2R B T — IR
YIZRHEZE S XA EATTRE S [ I # A Ak SCHRL66 ]Ik
Ry AT BRI e DA 5 56 1 TE 2 43 A A R — A s B
07 B, P i 3 T F B BL I E (Random
Walk with Restart)"*" 4 1E W fk $5 A 78 4 55 2% 70
fige Aty 215 v 1) 97 FH Bt ML 357 7E A1 SkipGram™™ 2% > 41 b
P Jmy A 2 o AT AR A5 59 AU 9 JF de AR Y S 2
] i) 3 SR . 78 ot R A B i 37 T RWR-GAE
(Random Walk Regularized Graph Autoencoder) Fl
RWR-VGAE (Random Walk Regularized Varia-
tional Graph Autoencoder) P Fit % 4% 1F I #E 22,

SVA EFE B A G R T O A A
PUME I 2R3 T Be. — T Ta X ) DLk g B s A [6] 119
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BUR & R Pt — A0 3 0. 3% 3 R A0 JELAE ]
I 2 I O R R B DL RAT: 55 4 TR A
MR R T E AT T

*3 EBEHBHIERLCI

W/ S0k el JE A CEER TN W R B B 5
WML i IR K
DNGRY =3 IFQ L JEE R SR TG 1) — Sigmoid D@ODO®®D A Ak
PPMI % [ L E 4
B G Siemond
MGAED? e 27 BRI T W il Bl GEES
GEH 2 S o
B Softma
AutoGONE™ SR 1 2 oy A o ‘;ﬂ“ ®© vies
Kullback-Leibler fif i Si o
VGAED IEE TS 5 Tl fT‘ ®D® 5 12 T
43 G 2 o
‘ Vi
. of kA8 43 HfE R SF W v
SIG-VAE" 1055 1 — 1 e 2 SR TG 1) ol — CLIRBVO® 5] 3R 2
B
— Sigmoid
K%
GraphVAE'®" mgﬁﬁ@ 553 G ) - Relu OB [#] 24 B
. Softmax
S s
. SENTER Sigmoi
ARGAZ.ARVGA® AL IR R 17 T Sigmoid ®@OO P EK
CERE] Relu .
P R A
WML
RWR-GAE & A 2
. TE W47 42 SR H bt Relu ®DDO TR
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B SITES
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TSR A B IR R B 5T A ) T AR R A S R 2 I
B Rl & Az i N 4% (Graph Generative Network,
GGN J2:— & TR Al P BdiE ) GNIN Ll —
{180 0] %o 45 RN 30 R AT EORT 2H G B A AT R
JE JBR AR 1 H bs L SR, 7R B BB 2% )
A7 » I DA 3K 8 43 A o A5 5 b R A AR TR 1. AR
AL R A e — 1 L R BT i 2 2 )
AETE S Z (3R Jmy F MO V. PR I A B8 AR 15 i A 119 [
B ARHR A A T [/ — A5 o0 A, JCH X T 5 B
RERLAE R0 2ok A% rp b 200 22 AT S F8OR A8 EL A
GGN 25 R fif e 3k 2 1] B30 o il G v A e .
GGN 1Y fi A AT LA 5 s 50H 2 ) &, W nT DU 45 7
(4 TR A RIS SR 5 0T SR A 1 B8 27 2D 5 A s i
1155 B s 2y 1.

SCHR 69 142t BB 2= W % 4T W 4% (Graphical
Generative Adversarial Network, Graphical-GAN).

Graphical-GAN H] DT it iy % 2% “¢: 2] fifi L 722 £ 2 1]
4 MG 45 4, 301 28 A% 46 530 1 (Expectation Propa-
gation) "R A I G A 2 R0 ) ) 2% . Graphical-
GAN J/ME T 84 Jay 38 &R 1 22 5, JF A 1+ b
() Jry #5438, DAk 38 =KL AR M. Graphical GAN
A T T S AR A S IR A AR R 2% (Gaussian
Mixture GGN) R 25 25 [6] 18] 25 5 /) 2% (State Space
GGN) . 73 il F oK =4 > 18] v 1 2 145 F A [] 6F
fE. Graphicall GAN 45 & T T Ji 2% 2] i i 2 5] &7 J
B B R I TR 258 A TR 2 ) B0 S 0 e R 1Y g

1 2 7E A 3 A AU by, 455 R AR T AR 5 1 ok S
ik, H g 2K WK E /Y I Jm M TR T R R
(Graph Grammars ModeD " % [#l B N 25 i A5 &,
FR ™A, £E X FROR . SCERL72 4 4 T — AR
R 7 vk ok 2 20 AR CIRTL % R T A
A8 3R I8 F] GRU(Gated Recurrent Unit) 71 5 5775
SR ] R R TR A R AR R Y R RN Y i
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FErh . 255 MLP &g 48 B i 25 R i 200 A,
T RN A3 WO A [R) A A RN Y SR E A1) a8
o o NS ol AT N R B R R NS N DA a1
PE 5 DT 42 158 1] 52 R0 2] R0 TR 2R i BRI 1 A
AR B9 46 Ak 2 F) R e MR AE [ i A — €
1) A A5 210 15 B AL i R I B 40 BT b ) — Sk 5G
F.AEINGMPEAG o, FH 520 R B UG T O i R
By 5] BEALHE PP AL 381 R A R L 4 o0 R 8y A A
A A BV A TP . H T AR Y 2 BT
YNGR AN 32 A 2 [ A A8 1Y R e AR 4 b 3 1 B
A AN RT 5 7 1Y 18 i Ah L 7 3% AR AR BT L Al ik
B AR, e A kL — O TS A AN AR
FFANUE S 53— J5 T 23 A A5 I 2 2ok 72 728 45 5 i R Hfe
A RE 23 77 A B E T O R BE AR I I I 42

A 1 430 5 % T [T v R e (i 0 T Bk
ANBEAL B A FD 25 A TR J% B9 L. B % I [R) A, SCHER
[74 175 GAN BRI 52 ) [ 4 M {E 4% (Graph To-
pology Interpolator, GTD) , B i #4 & T 3 F 10 AL Y
LBHHE P, T a5 B AN () A 0 % A A [T 1) o R
GTIHESE A 2 B PR B 2 4 8 oy
FIRBH . GAN JZ B FE A 2 B R 2 A
FEY B R A He . H rp g TR I 2 T D e B )
IF R 7 K 7 B AR — R R B
AT XAk HE S8 F K s GAN E Rl 5 )
A R A% R A B R I 2% 2R, FH T AR AE 2 2T s R
BB RS T B 0 7 B LR SRR TR
B A )2 B AL AR HE AR T 5 Pl A P T A o
A AR B R D 3T R A B S AN T 3 B
4. CHL75 4 ) Graph-GAN # &, Graph-
GAN [F] 4 Hy A B g #0055 1) 4% 09 B, A= 1 A% Ok
AEREM T EEAERN, RAB R L IF
FH R e A BE AT LAk Graph-GAN 78 4= i #% H il
H— 2 3 0 805 R Graph Softmax.
Graph Softmax H & B8 1k . P &5 #h) 8% 1 Ay
RO = A2, A I B e 0 Ml A 3K L 9 Fh 25 4
FEAE. ) 53] 45 FH ofe DX - A7 a5 N D S 1Y % R
P43 A BT e 8 UYL 3 2 TE A R A TP A Y AR AL
T L. Graph-GAN # # T — A fe K/ Y H AR
BRI, 1 A5 A B R R 0 2 22 0k 2 R ARTE R S
ik B R E IR A

UG FRBIALE GAN §7 2 T & 1, Jf 2
AN AL PR 4 ) 0 A gk PR R AR AR (B AT)
SRAFAE — 3 B BB RN /. SCHR[ 74 T0F 3 A~ &R 32 40
W Y 1A T O 3R P O, 0 R e KA i ] 2

18 . SCHRT B AR A i 27 TN R4 05 40 26 b BOR  e
FRIROCR S B TR 3 A0 Al 27 43 7 30 55 0 52 i B 0 aie 4
e R R BT Ay B R e B )
P 2. BT e 1) 0, SCHR 76 14 Hh 485 40 B S S 1)
261 e =X BT AR BRE A NetGAN. NetGAN M 4R
FEFE R rb A B AL U A A, O M A D — B B AL
WeE R RE T OB 2 o 3L R B LA Y 9 D45
¥ 2 R e B a3 A NetGAN M3 1 — > diig
2 vy 1) AE R AR A5 A HC AR s T AR R
MRS i A5 i R IX i A H AR 2 FLSE IR IE 2
B NetGAN TE I 2k it i B ML 25 1 2% Wasse-
rstein GANUS HEZR 2 1 Val-criterion Fll EO-crite-
rion W Ff 4 Fif 26 1k SR W PR 2 i AT AR i #R i A
Rk, e ZR5E MU 7 AR L 1 T LAl — 20 B AL 3%
TR AL A A HE B A B AR S B , NetGAN
R T BEAS b AR ng L S BT L A I 4% 1A TE
FEPRI bt H A0 R0 1 B 2 B, MU T S T
ORIz AL R SCHR [ 79 88 Ak 2% 2 7 20 X
Hi W % ( Molecular Generative Adversarial Net-
work , MoIGAN). MolGAN JEAHE 42 & i — 4~ 2k
TN — A 0 50 25 20 B B B WGAND L
NetGAN, MolGAN M 56 5 [ & o >R A, Of 1% 34 45
A L A A o U B A A R D g
TP A DX S o L 2 B0 R 30 o A i s 7 AR Y
FELIFGIART ORGANY [ 85 1k 2% > Sk #y 5 —
A2 il WO 2% 455 P A1 38 A0 VA A 2 03 1 2 AR G
JE . S T PR AR I 2R 0 R E P s MolGAN b i J /7
A 5 591 05 5K B kAR R A 5. MOlGAN skt T 3%
TSR (4 T 1k e 28 R DR e B8R e 20 HE ) Y it
T A B T S B A R E R PR Ao 2 7L AR A
MEZL AN 4 Jf 7.

fH ), NetGAN I MolGAN A i 4 i 4 A5
AT L T RN T UG B R A
. AN AL B2 Sy 115 3 e A ) 0l s 4 kL
A AR A R 43 3 A e ) 4% ] 4 245 S AR H
— ARV KRB A 22 RV T TR ORI B, 2
5 &R (Mode Collapse). Sh T 3 A 3 Fi B
S A N A TG A 2 1T 2 (- I S, B IR) L SCHR
[83 ] 2 3 5 i Il A= B XF Bt M 4% (Labeled-graph
Generative Adversarial Network, LGGAN). LG-
GAN YA AR AT LA 5 A i 40 2 S B A 25
B 05 U Kipf 45 AN TTR I GON 254
FEINABR 2 i HE SR T LAl B3 L Y | 2 A SR




48 it =2 2% Eitd 2022 4E
o) 5 4%
R
P — - “‘N '
'GCN
— FerE -

Z~N(p.a)

TR bR %mw&

0/1

Kl 4 MolGAN A: itk 2= 7 114

18 1o 0 PR R R U0 LS AL e Ah  LGGAN #5645 1
R[] A HE 4 L 43 ) S B fE GANYY L Conditional-
GAN" I AC-GAN"™", Conditional-GAN f#i Jj T
PEAR 25 A I T UM . AC-G AN D)7 {ifi P &1 s 26
RN L, LR 2 X S BB A [ A ) BT
Il IR AT DL A R 2 R 1 A — R R
T A AR 7 A A R S S — . e R A i ) 4 T R
KA PR EREA M AR L, SCHR86 48 H — Fp AL 75

T A bR A S 9 R A S % —
GraphSGAN. GraphSGAN #% 0> BB A 2 78 K4 15
AN TR) - P A0 288 3 DX A AR AR 3 R D /D 3 B

DI FE A 1 0 T 3 SRR A T4 S 8 2R
HERG P R R k. 7E GraphSGAN 1) 4 A i’uﬁ Ak #E T
Fe Al FH 46 i A B 7 R AR T RIS i AR 2
S5 557 AU B R R AR ) A B B — A o7 Y Y R
i) i, FEA e b SR S ) v S0 R 7 e o B
A AR S ad B b (8 R A B9 AT A0 R BT
1k (Weight Normalization)™" 15, & # )2 H i S
BOE A B AR 20 S AN A R A 2
ZIE A —ABEHLZ LIR30 H .

e 4 WATHL A% R IR R A I B O
BREC B DA B AT 55 5% TR0 A i 0 2 R B AT 1R

T4 BEERMEERCE

B/ Sk ot AR 5] o 24 2 2 B T PR s L%
iRy Softmax
Graphical-GAN™] EWHR A GGN IF] 5 G [f) T Tanh DBDDD P R 2
A2 0] GGN Relu
GRU %3
] [0 Si id
Sk S5 I i, - Jemid 000 4 1
14957 B HLHE I - S
GTIFY M E] S5 1f] T W leakyReLU @@OOD®@ M ] A= i
Sigmoid e
Graph-GAN'T™ Graph Softmax SRA 1) - me 0RBBOB 45 O
Softmax o
PO
A D — B BB AL & .
NetGANL6! Wasserstein GAN S UG - S?;tm:x GOOOD %@E}]f;}ﬁﬁi'llj
L 3 5 o o
. 22 3 Sigmoid
MolGAN™? ORGAN 5 fE"5:-] %Kl - Softmax ® P
/NI 2 )
Tanh
RETTE
Conditional-GAN GES
. [83] 5 _ _
LGGAN AC-GAN 5B IR OBD® ey
CT-GAN
T
GraphSGAN' {BREAR A SR T 1] U Softmax OB® ;’:‘{;ﬁg
(D Cycles; @Trees; ®BA; DER; ®WS; ©® Kronecker; @ Facebook; ® Wiki-vote; @ RoadNet; (0 P2P-Gnutella; @ arX-
e A iv-AstroPh; @arXiv-GrQc; @ BlogCatalog ; @ Wikipedia; @ Movielens ; @ Cora-ML; @ Cora; @ Citeseer; @ Pubmed;

@DBLP; @POL. BLOGS; @QM9; @GDB—17; @ENZYMES; @ PROTEINS; @ DIEL; @ MNIST; @ SVHN; @ CI-

FAR10;80CelebA;@)3D Chairs
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3.4 BETEIFMZ

K9G ¥ M 2% (Graph Recurrent Network, GRN)
SRR I IR —Fh GNN #28. A4 T H A i) GNN
TR GRN 38 1 B 5% 4 o 17 9 7E I R i
T v 371 23 AN W 328 U V0 R AR Ak, GRIN AR 7 — i
i FH UL 1] 478 PR B 22 9 2% (Bidirectional RNN, Bi-
RNN) A1 45 11812 W 4% (Long Short-Term Mem-
ory Network, LSTM)4E Jfy (R 25 B4

SCHRLO P RNNH 4% 2J & 09 40 Fh &5 44 A5
FUOT SR IR] R AT A IR S 1] i B T S B Y
TR PREL. RS R B — R I mIRES Y R
2 AR SR AR R FERE S B 8 Y AR A ]
R RUbR 2 B G A B S Y ) L X T )
P, U2 R 40 20 1 7 o) R S 5 K 4B T R R
H i L Scarselli 25 AW s HI A BPT R A EAE,
S PRE (G an) € R™ K G AT 8 n WL
B o YE 0 )5S ] b B8 — AT RO R — A 4 A
LT, 3l A 22 4 R T AL PR 25 1 B AT 4 aX e
BATTEE ST SRR AR AN QB S5 Y SRR A LA E AT AR
BAZHEIFH & A BPRE BB — A FE S Ba i
I BT A AN [ AR 25 T S 2 5 OO A . AR S b
sF o X IO £ AN 1) R R L R R i A 5 10, O il
Almeida-Pineda" ™ * 3y I 25455 74

SCHRLY S 12 TR SR 32 A b 300E R 3879 R RS
TE A% 5 PR BT S S 0 44 B S 759 ROIR S B
H T T A . SCHRL90 4 Scarselli 25 AW Fi ) T4k
(Sl - 48 ] 4% PP 81 22 19 2% (Gated Graph
Sequence Neural Network, GGS-NN). GGS-NN ¥
GRU itk R in A Scarselli 28 A\ BYRERL i, 38 2 4
i JE1 7 ) R E 7 A B i 367 1) 5. GGS-NN
FUTE R 0 10 0 25 1 B 20K 25 T v A T) Y 3 e
TR BRI 10 MU 2. TR AR B AR R R T AR
P BB AL TR B O RS, Ah IR E T e
JAPIR SRR %2 R RS 1 R A s (E e T T A
TSR AS . GGS-NN {1 W b I 25 1% 1. — 2 7E
BETA T REMRERE NS ZRERLAE -1
W RS AT i B o i 2. A T LSTM
Gl P AR, GGS-NN 528 B )4 1 U5 99 i 22
PEST. 7E AR P SR SE N TR e B Y BT 55 B RA
RIGE 2 R Sy FIZ AL BE ). SCRRL 91 148 T 14 &
AR p 22 W 4% (Gated Graph Transformer Neural
Network, GGT-NN). GGT-NN 7 GGS-NN F: 4 -
NI 8 RS R ok R, AR R T R AR S
AR A TR )8 P R T 0 AL R Bk e AN TR

T O it — A 2 R [B1L R X ] B AT 55, GGT-
NN - H i A Ta) 2y 371 v i) e stk 285 1 R A4 3 P4 &5
P, JFAe A — R A 1 S LA B A DU A [RDIR 2 Y
Pl R ALk 4 10 B b Y 1 7R 0 B UL AT GGS-
NN, GGT-NN 75X 3 [7] 2 4F: 55 % 1 3 90 th o A 1
PERE. (F ke 450 I [ 2 2% 32 R0 5[] A 2% B LU AR L Bl
A R ) AT 55 52 A M i, e 55 1H T B IR K AR
FE 2 ARIZL. You % N9 B T — AN [ R
A AL Y GraphRNN. 7£ X} [&] /) 45 #3 i 17 e /IMB
BB T . GraphRNN K 2 241 1R R 1 19 161 #% Ak
S RIS A e e I (V1 1118 S 5 S = 9 |
GraphRNN #3i& T P27 2] 2 9% . a5 AR 78 K2 T Y
RINN & bR 285 A7 6L I AR 1 #9719 e, IR 98
JEPL S8 RSP T f R R X1 S s s AR
H)ZME) RNN K 25 37 19 504 il O B2 ™ 4
PR BT A 320 B i A 0T P 4 S L O T
B PE A GraphRNN P88, You %8 A 5] A JE 4
i VR R L i R EE 2 5 =AM 8 i T
F B B P 1Y) BT 43R

S AL 51 AT DL SR 75 AL v B ot A% s I 4
A B s DU AR DA e B AR TR R R BE L IE
PEAR. XT3 B ] 23 [] 25 48] i B 18] 25 £ 9 7] B2, Seo
AN — b Al T 45 4 1 B BN 1 TR
)RR & & B33k )3 W 2% (Graph Convolutional
Recurrent Network, GCRN). GCRN & #5 #fE RNN
XA IR &5 4 Ak 31 E 8 B9 0 . GCRIN AR 3 iy
Defferrar ' #% H1 iy Chebyshev %18 FHl RNN 44
A, B fp Chebyshev # fUE 7 A T 2 BCE 95 05 45
fiE, RNN JH T3R50 23 8] 25 48 71 2l 58 2. Seo 55 A
5T T R A BEAY GCRN 1R R 4548, — B2 FH &
Pl A5 BB BBCRRAIE , 48 B0 A9 R 4 th 245 LSTM AT
JEB 2 2] 5 o — Pl RNIN A ) 4 e 9 ok e nid 1
K5 B 58 T 91 2% 2. Seo 48 N A S B )
RN 125X T Ao 25 A - — 2 A2 R Minist B0H0E $ ; —
S 4T Penn Treebank U4l 55 19 F 98 1 7 /LA, 52
B 2R W [e) i )R BT 9 2 T4 2 I ] A7 8 AT L4
1o A 552 2T (ARG R RN L R S B g T v, IR E
B AL TS R PR 2 BE A I TR] Y 4R B AR Al L B
25 B 238 U 25 8 vk L s ) 8 P T i T R A 2R
5] R A P> T T 4 Bk . — 2 AR U A A% b A8 T s
WA B U2 BT ) 2 B RN 2 ) 4t B 2 A B
AR, T — A HAR T SR IE R R, X
G3 AN GBBAS TR B[] B 55 4% ol DX 3R A R X B 2k
b TR HE. POt SR (95 T8t T — B i s T s A
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™ 4% ( Spatio-temporal Attentive Recurrent Net-
worlk, STAR)BERER fif ke F3& [, STAR 53k il
Tk SR AT R SR A J) TS A JE T A R i IRCAT B8l 1) B RO
ZJE R AR s RYY 5 IR R B A B A GRU
Nl Nl o N = S o8~ 3 B P 2 R o = ¥

T ) (] BB e ) M R AT A B AE S
£ FRRE SN T STAR B8 %t T i 28 & 8
SO BT A R

35 MR B0 EAR IR IS 2E I B S
PRI B LA B AT 55 0T A0 34 I 28 A R0 R 47 1V .

x5 BERFMEEILCE

FEETY /SR ot AR [ Fh 25 2 R T R AL B 1%
] i
ik AL B 1E3% - Sigmoid - Wéj;i §
< 25 W 5
T 45 W S LA
e B F I UL fic
Sk ﬂgﬁgﬁ“ 17 3% U Sigmoid — A5 K
o [ 5T HE P
. S 7 e 7
- [90] REGSE AR ST - Sigmoid i:l,—\iﬁi:
GGS-NN P, A 17 - Softmax - R
. R R 57 s
2 5 E Sigmoid " N
GGT-NNFU 4l [ Sl A i W Softmax — ;;ﬁfﬁ
7L Tanh ek
. J¥ 243 Sigmoid
< [93] L 5 — &y
GraphRNN 0 O Aot 2 5 J5 TG [q) Relu DOBO®O® [l A= ik
N [f] J3% TG 1) Sigmoid AR5 5 )
SCRND ] 25 2% 5] . - g ey
GORN SN 5 T 1o Tanh 0o® oA A
Softmax Uk
STAR'™’ i %5 GRU SR I s Tanh QDO® PR ITIR
CIE VR4
LeakyRelu
B4R DER; @Grid; @BA; @ Protein; ®Ego; ® Moving-Mnist ; @ Penn; ® Treebank ; @ Brain; @Reddit; W DBLP—5;

@DBLP—3

3.5 BiEBEANE

TR AL AT LALE— A Bl 28 R 2% HOCTEATE 55 27
2T B AR B T BRI R A
GNN g ATE = U AT PLLE b 28 9 2% OC 1 X E
55 SRR OC B9 15 s A, 32 TR U125 A A7 280 A
FAG BE . B P B B T 4% (Graph Attention
Network,GAT).

AR T = LR AR AT LU HEE T 2
LEBNJRREE I E. A B EE L, SOk
CO7 18 Y ok 7 e 2 AL . ] 2 GNNL 7625 1)
P AR BE A b 32007 2 B il i A B 2 HE S
3|75 6] 4 R R G s B0h. TR B C R
HHEAXWT .

e; =a(Wh, ,Wh;) (13)
Forpva Co) R TE R T8 pR 80, 3 BT 202 617 19
1B i 2 0 2% W ARRALE S 1. 12 A SR IK T 4B
JE RGO G AR R B S S e T
FUBY AR FE T S FCAE N B TR B Y
P48 8 A A B AL S8 3K R R AR JE 1 R G

S [R) E A T DB AR O s B B A A R
D5 ¥ B I AR TE T AN 5 B 5 00 B B 4R Fh 25 48, O
H AT DAFFAT M58 45 i — & 8 X [m) B 3kt A T i
TSR 30 SEAR AN B 00 RE B I8 5. (H 2 GAT 4E BF 3
2B ERAE R T B ok £ 7 — S oA 24 K0 4
Tt 5 v, 3K 0 BE 2 BRI T I 4% 2 e Ak P R
FH GPU 4k B BE 2 32 B . JF H AL SE 18 Y
LRI TT RE 23 e B A& L A T AT Al A AR b2 1 A Ak
TS A

BeAh, SCHRL98 )7 GAE 3l F5IAHERE N
BUH 4t b7 — o T MW B 3Rk 2 2 Y IR R D H
% #% (Graph Attention Auto-encoder, GATE).
GATE 764 i s Mg i 48 2 RN Sl AR, &
B R T R BT S R A L TR g A e B
J&HEAE N S R 2R Gk, R — R AT T & AL
3 AR A0 08 dul r T A 2z ) 8 AH G 1 S A R Y T A
FoR . TEMRAG AR b D) 5 e G At R g N U L R
o P9 A — J2 308 1) R VR # 15 G BLD 4 1 1) 45 4 X V. I
S AT R R HEAT TR WAL DL A S5 T
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GATE HEZE i AN 75 28 101 96 138 9 4544, DA I mT LA
N T IHG8 % 2] GATE 78 5 i 8008 5 09 19 a4 2
25 hRIF N T HHEXAIH 9 AT 55 H B A
SR 4 /7. Busbridge 25 A HEH — Fh FE A R
BRI o2 2R B R 2 S 4% (Relational Graph Atten-
tion Network, RGAT) , LA 5 7 B K] 45 1 W 4% (Rela-
tional Graph Convolutional Network, RGCN)""
by R K TE B ALY R B G R AL K b O ke
P A - P9 O AR BT T B D HL ] (Within-Rela-
tion Graph Attention, WIRGAT) M2z X & & K 1
= J1 MLl (Across-Relation Graph Attention, AR-
GAT). WIRGAT 1 ARGAT {# F T B v 2 F1 8L
HIRN TN TE R S HLH. WIRGAT FI Sk AT 5 1045
JEIFME R E B R BAEM T A RS HEE. AR-
GAT FHK B R AS 7] 35 i 3R oR b 52 B A MR 0 A
G FR 0 H M JERE I Ry 38 5 9 R R AT i i i
TFAELBR R RGAT 7EIH = E 43 2K 4E 5 L~
A T BRECON . R Busbridge 48 A #5245 2
A3 A B (Cumulative Distribution Function, CDF)
MREEBESE I St Rk 5.

Z AN SV R T BT BT LA S — AN U A
H B 1 G TR AR 3, S 1 B G A 4B s Y R
{5 ks Zhang 55 ANV T £k T ) (Multi-
head Attention Mechanism) ", 48 Hy —Fl | 145 03 &
JI M %% (Gated Attention Network, GaAN), UL+ %
R 2, W # GGRU (Graph Gated Recurrent
Univ). Zhang &8 NI\ A 78 B 22 3% 3 1 AL ) [+
IR ST T A RN R A B OC R
15 B 48 BT R, e 2 S BP0 A 3 A REEAIR. A ke
BT — M K0] (Soft Gate) #2122 A4~ 28y iy, #4¢
GEAS TR 2 7 S 7E 45 18] P AR B 19 SRR AE X T 1
2R R T T A 3 1 — b OGS A0 (B G TE L
il (Key-value Attention Mechanism). 7£ J2 WK I =
iU I Do & KM 48— Fh 22 45 45 2 o) 1B 1
J1#E A1 ( Graph Attention Model for Multi-Label
Learning, GAML), fE 232 2K m @ H , 4325 1Y 1
B 1 R T R R S — S X L 3X 5 AR AE T IR R
J AR Z AA7 AR B A OGTR. N GAML K B A
s B A — A B9 50 PR b 2871 A 3 AT
PRAE RO 9 5 SR 1 AR 28 05 55 Bl 1y i — A
R 2 I 2% 1 B . 2 GAML iz I B AR %
1 (Message Passing Algorithm) 71910 fig gt 1
MPGNN ( Message Passing Graph Neural Net-
work). 7E BB B A 5 R A A A ot R

MPGNN 2x 7 b5 25 19 m FIECHE 35 5 2 (6] 4% 3 1 45
R B, O HoR ] — 23 2 1 5 0 BIL A R R 58 A W)
R L RSP =N I % =R o =W I K G el ]
T & J1 I & (Intermediate Attentional Factors) {4
FETTREE R AR T T 08 281 a5 A0 AT LAl BB AR G
) 25 R R BRI A BE S FH e F90I AR 45 1y
SRR I 2R . TEARAS R B b W SRS B A
X
xi=g“(x7".m) 14)
Horbrxe ] B2 B R IR W, m 2 ST
B, g (o )RRMLEHEL X Do S Al T
Highway Network™"*" FIf 3k HUEUHE =2 1] (19 4 B
MOBRFAIE o 55 7 (6 1 3% 3K AR 2 Al A R ZEAS [a] IR
BE B OCR S GAML BA I R iy R 8. o
2 GAML W] DL {3 85 Sy 0 00 A o] 4 Ak 45 2R L X
A BT T RAS [FAR 2 1 450 ¢ 2 D R BT Y B Y
T R .
TE X B3 B 77 ) 28 A58 AU iE — 2D fF 5 v, WS T
P AR o Jmy IR AE B b — /N B FLL 1 X 1
B, SCHR (106 ] 46 3 18] 1 2 J) 88 (Graph Atten-
tion Model,GAM). GAM fifi Ffj i & J1 ALl 51 5 1y
BEDIL I AE R AE 19 A 9 38 U E DX PR i AR AT 45 A G
DX, I 22T FH R 1 6 DA T A 3 P51 4 4 o G
9 DX 3 % (5 . GAM S8 B AT A7
G FEAN T B BEAS AT 2 R o A A oL T L et
TR 02 % SR RIAE- Attt DR W 38 A4 R WG A Oy 1 g
TR GNN ) 2 8RR, 8 &2 44 I 4
FEFE I E P, Knyazev 58 AW BFSE GNN 35 £
Z [6) A T T BILRI DA R 5 e A 80k 1 TR Kn-
yazev N TE — 283 AT 55 TR I py 51 A Al LU
o A 455 24 18 3 R R s 32 48 T (H 2 A S S v 3k B e
R A% by A5 A W B Mk A7 18
BJ12E 2], 52 B B[R A M 4% (Graph Isomorphism
Network, GIN)" I Kipf % A\ #F 58 T 19
% Knyazev % AT ChebyGIN 4%, If- 4 Hi B
AT TR 1 PRT 4 BT 55 P Ok 56 ik 141 7 7 0 R AT R,
B — T 55 02 FH A 6] 4 230 €8 s 1 BT o 19 A ] 99
B AR S R T = M R B TE AR T
Z WG T AT EOR AT 55 L X BB PR UEAS 32 F)
Al TR 2R 52 e AT 2R 3 5 T AL ) A A 22 I 8% o
MEEEEH. b EF, Knyazey W E T — 1 H
1B, HATE R RO T 4 € BT SA S 9R
WA A R B S R T U, O Bl
AE 2 Y BLARAZ Y i AE R AR I b A5 g ARG B 9
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ST T AR T] ) 28 KL AT I R A Jg 788 408 S0 T LA
Yo I il B3 A 2B IR L K o
S8 R o B R R T R AR RO B A A AR ROk
AR AR DO W S ) b R ) R e i B

A S TR 25 2 (A5 A 2 18 M 3R A R A 2 T

6 MRERY HEE W 2% TR HLA R o
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Background
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Over the past few years, more and more graph-structure
data emerge in real life, such as Internet network, social net-
work., protein network, compound molecules and others.
Due to its complexity and heterogeneity, graph-structure da-
ta is hard to model. Based on this urgent need, GNN was
proposed and try to find out the graph pattern. Through joint
efforts, GNN continue to develop and improve and its excel-
lent performance has aroused high attention and deep explo-
ration.

As a kind of graph learning algorithm, GNN has strong
ability to learn graph. By making certain strategies on the
nodes and edges of the graph, GNN transforms the graph-
structure data into standard representation, so as to be input
into a variety of different neural networks for training. and a-
chieve excellent results in tasks such as node classification.,
edge information dissemination and graph clustering. GNN
can learn the internal rules and deeper graph representation of
node and edge features in graph-structure data when it is
compared with other graph learning algorithms. With its
strong nonlinear fitting ability to graph-structure data, it
makes GNN have higher accuracy and better robustness on
graph-structure related problems in different fields.

This paper provides a comprehensive review of existing

mation network embedding//Proceedings of the 24th Inter-
national Conference on World Wide Web. Florence, Italy,
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research results in GNN. The authors first look back on the
history of GNN and developments in recent years. Then they
give an introduction of the related concepts and definitions
used in GNN mathematical reasoning. The authors discuss
and analyze different variants of GNN and list core ideas,
learning methods and so on for each type of GNN. On this
basis, the authors compare GNN with other graph learning
algorithm and point out the advantages and disadvantages be-
tween them. The authors also elaborate the specific applica-
tion of GNN in different scientific fields and explain how
GNN works. During the end part of this paper, the authors
outlines the future direction and development trend of GNN
which means probable solutions to the existing problems and
challenges.
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