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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 represented by graph-structure. Because graph-structure data
has complexity and heterogeneity attribute, the analysis and processing of graph-structure data has always been the
difficulty in research community. The researchers have been studying the property information and topological
structure information in graph and try to find out a way or method to learn and explore the graph automatically. In
order to solve the problems above, Graph Neural Network (GNN) appears as a kind of framework which 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 exploration in research community. GNN transforms the graph-structure data
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into standard representation 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 training, and achieves
excellent results in tasks such as node classification, edge information dissemination, 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 features in graph-structure data. Because it has strong nonlinear fitting ability
to graph-structure data, GNN have higher accuracy and better robustness on graph-structure related problems in
different fields. To make it more suitable and efficient for specific applications, there are a great deal of variant of
GNN algorithm and framework are proposed in past few years. Based on the existing 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, scope of application,
implementation 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 generation 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 disadvantages 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 competitive 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, dynamics,
receptive field of GNN, the fusion of multi artificial neural networks, and the combination between artificial network
embedding and GNN. Last but not least, we make a comprehensive and detailed summary of the full text.

Key words graph neural network; deep learning; graph-structure data; laplacian matrix; spectral decomposition;
node feature aggregating; graph generating
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WL FEE RN T E T SUIKT . PATCHY-
SAN FRAE T AR A B I 51— 0 B B
& Weisfeiler-Lehman MUSE, T 15 A
O PE DRI SHE o HL4% R 5 1 1) B ACHE
FP R EYT . 7R AT Sl s, FIRTT
FEMRFHE R O p AR BT, ATy
A N E KN AR IR R A AN
AR AR A, TR B AR A B A
gey R, HENCER R IAISES T SR
FETERE L, XFAR AR & AT A —
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fIbR 5 BREOEATHE, TR REAL 71 AT T AN NETE, FERRAERT CNN 58 B 13
RUBTEE A R T — M, A& P d B 2R 2 P,
o FHE
B f ez
e 2
PY PY PY o @r—19 %g sl | EERE
9 4 A E
[ ® ® @ )
o - ' 1 o [m® %
o o o N U
® ® %y © -9 09
Wi b i LYV KDY AT R AT R P IE 4k /MJC
Lk D

2 —MARAER R EE AR FLLRE

PATCHY-SAN HRLA Fr b ZH 21 1 rhte 5 fi Al JET R HAF PP BB PR T SR e . XA
BRI ENTRREI A T A . 7B [f] 52 4% i DCNN [IO(N2F) R 48O (Np), Hrf
TOAAE AR T R 2 ] 2 K/, TS Ht p K No MAEEZERARFNIEOT, B SH FE
o AHJE FLR A T s b0 B R AN E TEONHUE FERAL THE MR . 2 e -1
A KRR IR B R i Ve e . AR S HAUE 5 <05 AN B E G, BCEAER
A H R ERE I G E A E S AT R A BT S T B B R, R B
R B0/ FUASE ) L 8 v A7 1 90L& 1B T K IS, AR RN
4. JRZ RN — E 2 7 [ B B B ) ki 2

Fr T PATCHY-SAN 4 i #1 D0 Bk =X 45 g i 4t Ko, P R BN JE T B H B, T a A
7792, SCRRI2HRE HY 9 BiCE B 22 M 4% (Diffusion G RUEH AGE I T AR JE Y AL, R EHE M2
Convolutional Neural Network, DCNN). DCNN SRR G I [F] I, RS2 3800 R /N R HH 1
T HUZ R AR, BT R A R R N TR NZRI BRI, HHRL R TV 32
5], R 7 s R AR JE T RURFEREAT LS . 9L T k. tﬁ¢%ﬁimm%ﬁﬁ&7u%%%
GRUZ R EAL1F [F) 51 B 13 A\ =43 3 [F]— > i FK: —RREBUBET AHERAERNE, 55—
MEEIR, P AAFRAZME X TE b —4 @&¢uwﬁ%mﬁﬁ%oﬁ$ﬁﬂﬁmﬁi,
R, B S RRHE ko FLIBURD R AT DLRERR ICER R — A e g o R i N Sk
A GraphSAGE ( Graph Sample and Aggregate ) .

‘ GraphSAGE 1019 sl RS 45 i 2 R IR 2
Zosji = F(WS, -Zp;;.ﬂ X, (11) TEAE R AR R FURR AR AOAR 9 2. %
1=1 TR E T REH AR, SRR B CRFE N, Jf

HA P AT SRS TE R, X ONRFIERERE, We AR O S IRHERE M E . B TEGE
FBUEHRE. DCNN A% O R R, 78 R ABNEE, GraphSAGE A2 A E a4

—EREE AT DLR G [FIA) B o fHL R DG A 25 I MR E ROR, TR S — AN N R A
RN UT R A H 2R 2, FERAFERE RNFROR IS R E . 7RO SRR b, X
fakEE, XX T RN AR A BRI R K. HRIASIRE H 6 T 8 MR AE (Importance Sampling)
B eIt R E R 5 B, R KB R K [¥) FastGCN Hidi. & (1% O AR ¥ I S AR e e
PR BSAT A5 B RS ST BTG, SCHRISME A DRI FE R RN R EUR AR o A4, RO A g
BEALIFE (Random Walk) i B#EAT AL EE ., 751K SN E R SL R S AT BORE AR, A4 K R HOR
MO T, NTEFEAN R, RS BRUE IR RURA RSy, I R

T R AL AR SRV RN HER, JFIEEL p M4 AIARIFEAREEZ ISR~ 2 (Monte Carlo) ik
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SRR R, o BT 0T BT T IR B ER
B, BB GRA TR A AT, T2 3471 A
RN, XA G EE A . HET
GraphSAGE, FastGCN ] LAYEHT K177 s Al A
IINBER ST, FIIRS HE FEATS 1B DR FFEL R 7K
i

SRR & T R BEATLRAE RN Y s b0 B R
FEREMEAE — EREFE Lyl RS2 B IR, HRAF
FEAk T b PRl 22 0 R P 408 715 0T SR PR R
BEXFUL IR, SCHRICHE W A T 07 Z2 AR K BE AL I
SRIJ7 I A TR . AT S T SR SR B
RLVE AR AR &, B S WS RO

(PHl)u= Z Pquhrlz+ Z Puv}_l1l; (12)

ven(u) ven(u)

Hr P R IENAL S PERRHERE, H & | EEeE
FilE . ERRINGR, BESHRA KRR
AR, U A R RS S B AL AL, T
Vhh=hl-hl. 1E2 RS EPRIRE, %057
(WS S ANV 2 5 1% A6 (8 R AR 75 ) GCN
AH BT, HRIEERAD T IHEE. WG, SRR
% MK T 5 R A A 320 T 2 A8 Sy st TN 4% 2 BT B
HORAL o SCHRETGE HY — i 4 22 ] 3 B R A
g (Adaptive Sampling). 7E E T 1] R 432 #)id
Mg fE T, XRERRFESE— R E FZ R
T2 HASREERALE T SO T E— M2
AU, ORI ACHY 3=, i T AR R
[ 2 RN T SRR FE Y B . HIERCRFE IR
W J22 1) B o 0 e SO BHER I K, A4S
A E T SR — I AT, FEII AR RY
S, RERAR SRR G B2 o 75 22 08D i sh A
RN BN RE AN AR, F R E S
X R AE I B B . )2 R Bk R & B (Skip
Connection) {77 AERAF B LB fE5 £, b1
STEAN ) P 285 J2 [ A 1, AT 38 5 )N A Rk
M GE %845 T GraphSAGE il FastGCN
PIRAE, FEAE B EA TR B & RERFE 1 — AR

(EAN R B H e ST, TR AR E
MAFIEHHAT R A . fEARJE T S RHIER & L,
— AR X A0 JE T s AT R PR B R LR AR
e, FESFLT SRHME TS . TE GraphSAGE
o, WiE T = MAFE B ER S KB Mean
Aggregator——¥4 &8 & 15 FURHIEE B LSTM
Aggregator——4BJ& 7 FUAZBEHLIES A LSTM,
FEECH R E S . Pooling Aggregator——H A J&

W RRMES T BN E SA L E ERKE. B
TX AR R AR S, W AL R RAR T
FURFAE AN BE Bl 200 o DAL SCHRI32 Y CoN-GCN
(Core Neighbors-GCN). CoN-GCN H.i%4r Nl
APER: IR gAY Rk R ) A R
Mo ARET S R R RO A . IR
TR M AR JE T AR 2 SRR A 2 [ E R
O ETT . Sk gmbsfE, B AT
FHER R NGIRE . TR R — 4l E
W R R0 R A Rk CoN-GCN fig
% A5 0 Y SR A AU 7R - CoN-GCN 5%
O AE T 550 5% P B R 4, mT DU FH 3L R 4R Jm 4
Jaccard RFA Adamic/Adar Z%. R H L
B R[] ) 08 Ja 7 s ) P P IR B B (X
AN A5 20 20 J5 9 RS R AF . Gao 55 AN4OE
A2 2] BB AZE  (Learnable Graph Convolutional
Layer, LGCL). LGCL #&H—Fr RNk,
FEIRIIIETS e, F 98 R SE 48 RS FapLHk
AN R, ERBIRUEEH E, TR
T B, LGCL MRS 4648 &7 RURFIEE
HEA% R38BT ) & 5 R AR R &, AR 1) B () 4E 250
YT IEER, w4 A N T B R
S, EZOR 0T RS ARE T RUBRER I 2 4ERAE
JE4 N —4Ekg 0. LGCL 7E—EfEE Likb 171
GARMI N AE AR TR], 38 T RS I 25

WAk, — a3 I ) FE O, AEARJE 1 AR
FHER AR AR ARG S, RRXT 48 E 1T A
FHERG AT INA e o B nfe 4158 A
LIS 2% b, AT T A RS A
¥ GCN [ RREZL N TCFF 5 B b H 36 755
B b DN A PRAR: — R an AT A AR R
TR AR A IR A WLEE S, AT A= 2
AR SRR o EXF R A) @, Derr[S014 3 1
PP e (Balance Theory) KT 5 B35 R W %
(Signed Graph Convolutional Network, SGCN),
£ SGCN 1, — AP AR B SO AR AN 17
BERRH L, — AT A B AT EOA S B R 2
Ht, REREIT Ay — ARy
REPPET LR RS, — X RLA- 1 (1) 48 =
RS Kb E AR EIPET R T UEES
HIASFHTERA T ARG 5 0 URFE AT %
HaE R, BEIEAFME N4 2 2 8] 7R
ORI EREAE B b 72 DA Fct AR 4R
SRR, SGCN REfS = Rt 2% > 277 m )
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%E%t,ﬁﬂﬁ&%%im%é@ﬁ%%%ﬂ
MARIEAR . Such 25 APUE H Graph-CNN.
Graph -CNN M%7 —A> BA7 B A 0 1) 3 ot
RLJERS, AENE RN 2 o B A A A AR
Graph-CNN 7] LU B B O ERAEE, @it it
BRI IR ST AN AR A, 32T
s . Graph-CNN SEPR Fo2 4T R i RHAE
MAﬁB%ﬁ@ T I AR AR AT BT IR T AR
fEfE . EAEZSEWIA B, BT BRI

HARH T B BUZ AR R 5L ST B RIAR 3
FERE, o A LA AE 0 T 1 T BE 2 R
PRNERIRE FE W 2% X Graph-CNN S Xavier2
WG AL AL (Batch Normalization) 531757
IR G L T B

2 PR B0 EAR, EIRNSE, 2o s,
WG SR B DL AT 5550 25 1] B G AR A gk 4T
TICE

*2 TEHEESRRILLE

TR/ ST R Hts SEES 2 SRR WS R A 1%
RO R - 000® BATHS A 34T
PATCHY-SANH I AT AR A ISR SR TN ﬁiz Softmax . FRIERT AL
TEBEL o 5%
A JJ TC ) B OOOO RiaViES
DCNNE2 i ET i Softmax
LA Fe B (&Y d) e
BabLIEE A A
SCHRES Sigmoid (QJO)
AR LA e
HFIER S Tl
GraphSAGE“4 &) 53 TG 1) Sigmoid @6 R
RE A HilnE
SRR A AA%
FastGCNL4] [7] J5 TG 1+ - DO
RN RS> 4 Fe B [ i
i A AL T AR [7] J5 TG 1+ OO .
ke ‘ B Sk - T
T7 ZE YRk SFFTm (G EXE)
FUERCREF LeakyRelLU TR
eakyRe TR
S SR B R HUEE ©0O® o
— Softmax T
1B pEE
AR A )
CoN-GCNU48] P [7l 5 TG 1) R - OOO TR
TR
RFE R 48 [R5 TE I+ OO
LGCLE B Al Softmax WK
R Lo ©®
TG , ®00 ~
SGCNI5 - [R5 TE I+ IR - R T
T ®
SRR B Soft ©JIO)Z) EFES
oTtmax £
Graph-CNNP Xavier ¥4t ST 1] HlE i
Relu QA® RS

HEHEL
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OMUTAG @O PCT A NCILA@NCI109® PROTEIN ® D&D @ DPP4 ® PP1® Mnis @ Cora@ Citeseer @ Pubmed @ NELL @ Web

AE/TE S of Science ® Reddit® Bitcoin-Alpha @ Bitcoin-OTC @ Slashdot @ Epinions @ PTC @ ENZYMES @ CIFAR-10 @ ImageNet@

fMRI @ Bosphorus 3D Face

3.1.3 153 fift PG AR AN 2 [H] B AR /N

GCN A% U Jit B A T 1) FH 32 1) 32 42 g 1tk %oF
JRGGET mi A Bt AT A RN, DA AR BT I
MBRR. WA EE, 155 G 23 6 K45
FRHS T AR & T SURFIE SR S, P2 A — ANl e 4
KNI ER 7, a3k Tk B A& 3640 = 15 A B
H. TSR TIEEE: LA T B
VEII ™4 8 SRR A ZAE B, H & B i 78 T8 B
AT TR — AN AR ME— 1, BT LA BRAE [ e
K L T BRI, T RS R E IR .
P T a7 37 o B R R 140 0 8 R e A R R A T A
T B e S, BREEK A m) B R 4o 6
IRl LG 1S 73 A 1) 7 v AN Re BB F T 1) PRI A AL
Bl BeAbh, i i S AU R B A 1 s (R i gk
AT, THE A 7S (A B Ry, M AT
KU R AR (1) 2 b . 25 ) B AR d i e —
TE T BT R AT R E . TR AET
BT REAGAR, RI SR UZAUE n] DA =
A EERUE A T — 2 R RS, v DLFAT 4L
AT, FRAR T B TR A g s R . H R
SR SAE T O U R B e, R EAA A E
WA A1 JE T s H IR R — A E i
T2, AR J7 V238 B S2 3O N — AN IR AH [
IR 5 AR X 4% 11 240 H 3y SRk — e 1IR3
3.2 EIBYmEs

TEIRPE - S0, H 4mi%as (Auto-encoder,
AE) Z—FRim NG BT RIES IR N T4
Mo [ b 2 — M B F 2 B 2 FH RS 25 A 1 350
Iy, FETHEIGEK GNN #FR A E B % fs 5%
(Graph Auto-encoder, GAE), RJ DL ek # T
B = AT B R . Wl 3 B

4
— 1 I
~! — :
Ny - - - Re.,
N — /"
— /
»
By R
IR YA fifet 2% B R

K 3 B Hgmioas

EE A gaidas b, SCERBASE R T IR P
W 2% 22 A58 (Deep Neural Network for Graph
Representations, DNGR). DNGR % JHI B ALy & f
%l (Random Surfing Model) 3KEUEI 45 R, 4
FRMEZE LA, 0L S AR B 1) Bl b1t
S PPMI R . 72 BT MR AR ] |, DNGR
Wit T —/ &2 3 id4 (Stacked Denoising
Auto-encoder, SDA), fii N\ PPMI % f27 =] 5 £
RgERoR, FHHBNP 5 2L E 2 AR
E AT AR . DNGR L S 7E TRES S B
) R 2 G R, FAE SRR IR R
LTRGBS 22 T K8
MR R, BAKEEEME LG R — AT
BARYHESS A, R It P 25 ) TR 2 A Al 2 S T
REFRIRIEFIR . B3 AN A5 B EE, Wang
S NS H — R & I A gm D48 (Marginalized
Graph Autoencoder, MGAE) ik, HAE FH 4nfid 28
H Tl R B RN 2, AT R
PERHERI S MME B, e M Be AT £d
ZH. MGAE #& % ERIE A midds, I —
ANTRZ R P ZERE SR 52 ST RUA 1 RO - Wang 55
NIATE IR BEHLAE 75 51 42 TP T B 2 H it
FAE RN, RS 5 A AR 3)
AN — ST HRI . 8 SR BN,
SRAFIE R E F 22 3] 68T . MGAE ##E T4
1 2% LA RS 111 s R MRS B RS RS B
Z AR ZE /M . TEF RN RN S,
MGAE il i BRI HRAT B B TR 45 R

FE—EHM T, HmiBSEA T 15 5
S B 1) 27 S48 23 (Singular Value Decomposition,
SVD) B, [RIHSCHRBTISE ) —Ff AutoGCN #54Y,
HEM—MERE T, 8 7 2R AmEE
BREBUEME, ZHYTER EMET —MaE
WO REER, 1R — @R LR T 3N 4R
M-S B SH PRI S . BT H gD
#5 AT LL2E ST R NG A 1 s i W ah iR . IR
AutoGCN N 24155 HAReR 3, e 1714 R 3l
A, AT LA A Ao A 3T B 0H e B T SRR R
HRIL.

15 AE H,  Hgmhdasr= A 1 A MR 4ERR & 1)
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RN BN FLSREAS, A U i A A
Bl £ SR PR T P AR 7 55 S B8 e DL B
AR Fgitg a8 (Variational Auto-encode, VAE)
Bl 1 k. A7 Hgmtdash, gmidds 21
ARFEARBURYE ) B R R, T2 RYE =R R
I3 AT o I G A A B R TRT RS B ) B ) RAE
—MNERSAE, RSEEZIES A0 RS 2
HERE B RN, FHEARIDE L JE H R Aa
Ao FETHA A, SCERBMR — M7y 14 H g 6%
#% (Variational Graph Auto-encoder, VGAE).
VGAE i I 2 Kipf 45 NPT H! 1) GCN 78 244
B 25, S N P B FEFE RS A TS fUHRFAERELRE X,
R R MR RN IEN T 2, JFHEE
Ir) B A AR R AR 2 o 45K B 25 PR T R 2 2 A
55— HB I A B R L5 1] 2 TR] R R R R
55 B T RS R AT IR TR AR 20 AT Y
Kullback-Leibler §tf% . X% VGAE g4 i & )5
SR EIEE R R, (HR TR EEARIN G E G AR I 2%
KHATAL, USRI (A 2 beEGg K. Fribz
Ab, SCERIOHE ) 1 Ra K32 7 H dmfida% (Semi-
implicit Graph WVariational Auto-encoder , SIG-
VAE). BT ERmraefAEE R, 20, (i
FEIRHILER, SIG-VAE 5| TR 225
HERE,  FovEXS e e P Ra S8 1 )5 36 70 A AT 5
I & MR A . SIG-VAE 38T 24 5 5048 43 f p 64
AIENAE (Normalizing Flow) 23, HE A
e MR T HESE, FEAE A S5 -ia L
FEARAS AR08, X W] DU AR & 9 i 3L 5, AT SE4F
o RS M BEAT AR AR . X S IR R 3
(e D T ) - o R O W o L S : LK B 7 =R M 1
S EJE M. 5 VGAE ML, SIG-VAE & —AM5
I ok ) B AR B Y, BAT A R 2O 38 T SRR Y
TR SRR, LR AR B R o B H AT AR
SIG-VAE MMUAEEIH R & 9 1 VAE IR
TR, RINZETS fior 28 BIRIS . B s B ot
DTS5 B AERA 2 BB S A BRI . SCHRIASE
& T4 B/ B 9 GraphVAE £232: . GraphVAE #%
O JEAEUE Y 9 i 45 1 PRI e gt e s,
bt 2 EL R ) — N TG E S RO R e 4 i

TR, TS RN JE MR Y ST B BE AL AR
. AN, GraphVAE it 7 EUCEC ALK H E
Z A] I ARABAYE o

FERS S Ron A L, 9 1 ik — D 3R ik
NAE R R, SR AR E AL AR (1) 1
H bl as i ie 7 Hiok. Pan 28 NOSHE W T —Ffstt
PUIE I PN A AR, FL A 35 PR RO BT 5 ¥
ARGA  ( Adversarially Regularized Graph
Autoencoder) 1 ARVGA(Adversarially Regularized
Variational Graph Autoencoder). iZHEZLHE K&t
AN AT RUB TR A — N B R IER, A
JE I ZrAda s A B S5 . Dy 1A 20 B 1
MR B EHEE,  Pan 2 AffH GCN %
K& A g S R, A B gwbd it — A
& asia) o CEMRAD EEAY IR R, S0 Bl gk
BRIVE RS9 2, IR ) B R & R
KRR XS HUINGRATY AR X 73 B &9 2R
TRIER I A 2 B g i & 7 A . B2
A AU 01 U fige A 25 4 BT — N RS I ZRHE 22
N, XEREATRE RN et . SCERISA R
Kol IR A S50 B 1E 25 0 AT A 2 — A& PR T
%, DIUGR 3T B R FEPLIEE (Random Walk
with Restart) B IENIMEHIAR . 7E S A 25 F D
o B N F BEMLIE A AN SKipGraml®8l2z > 47 $h K]
W ERAE R, TR 751, KA
I LI A . RS EFEST T RWR-GAE
(Random Walk Regularized Graph Autoencoder)
1 RWR-VGAE ( Random Walk Regularized
Variational Graph Autoencoder) i [ % 1F- I AE
5

SRR, U AR 1 e Nite A
PP NGRS T-B. —J7 X AT DAL SR 5 25 AAS
[ B A 2 2 2] SRR B R AIE 7 A IR ZERS 5 ik
ARSI Rt R R IR AR 1, JF AT DU T HeAt
MRS S T0TH, AR A SN R K )
WIRAES), B EEEd— . & 3 WE
L DB, B, IR, BOm R
i LA S50} B B g e AR R EAT 1T RL

&3 EBRREREILE

B SR

X
,j,
cH
o]

SILES

AR B A Kot 55
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BEMLIEE

A IRk

R Zr
) eYeYolo) -
DNGR[® BN 2 A g i St Sigmoid 560 CIEE
PPMI 4 fF AL EE A
e B 1 i
Sigmoid
MGAES] k- 204 M| To i 00 B ES
Relu
SN ]
Softmax
AutoGCNE I A dmbsds R TG A A= ®0 TR
Relu
Kullback-Leibler %
) Sigmoid )
VGAEP] LR EN SR TG B Rel O@ BRI
elu
ARy Yl 4
2P AR - 4 S OO
SIG-VAEIS FRTG - HESES
{55 R ha PR 35 Tl B OO
A
Sigmoid
GraphVAEI®4 FRTG Relu OB A il
S
Softmax
FERETIN
TNk Sigmoid
ARGA&ARVGAIE S BTG ) T (&) REP=Y £
KET] Relu
B nT AL
BEN LI E
RWR-GAE &RWR- AR
BT RRIR R IA To B Relu 0O
VGAE [66] BERETI
SkipGram
. ® 20News @ Wine ® Wikipedia® WordSim353 ® WordSim Similarity ® WordSim Relatedness @ MC® Cora® JD Finance @

Citeseer @ PubMed @ USAir @ NS @ Router @ Power @ Yeast @ QM9I@® ZINC.

3.3 B4 mRM%E

AR A il P A2 T 7E AR 4 TR R 2 Rl
“% I 2 Al . A R 2% ( Graph Generative
Network, GGN) =& — 28 HIRAE it i 117 GNN,
FLAEF — @ R s A A T A A,
KA A AR E BRI HRE . SR, 7E
B BB A, FEMOX L oA oA R R A
e LU R M) . DR A e P s LA S —
A YEPE, B RS 2 AT TE ST 2 A R A 4
Yo PIARER T 1 B EUR R B T F—A
JeIe A, JLHENT R A, BRI R
HHA B BLAT SR AN AR . TRk GGN 25 25 FH K A
PRAX A i) RN o AR P PR HE s . GGN % A AT LA
ST EECE R, AT DU E MBI RN,

IR 50 SRAT: B B 7 = 5 B B AT 55 P 7 1)
Kl

SCHER OO H P TR A BT 4% ( Graphical
Generative Adversarial Network, Graphical-GAN).
Graphical-GAN  F U1 4[4 £ =7 > i Bl AL & 2 [A]
() A0 5t 25 14, FH A B2 A%k 5092 ( Expectation
Propagation ) [OVEE & )il 25 A= Al 28 A1) 51 2% .
Graphical-GAN f/Mb 7 BN R & I 22 7, IF
il o8 B RO RS A 08, DA A BB LR
Graphical-GAN A P4 Fh S5 A2 4« iy BV A eI AR ik
k& (Gaussian Mixture GGN) ALK 2 25 18] B A %
k¥ 2% (State Space GGN), 437l FHI k2 =] B b i)
B K RIS R 4EAE - Graphical-GAN 45 & 1 IR % 2
ST 2 ] 53 21 a2 R IE RN S5 B 20 2 =) Hdie o
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BRI RE T . (R EMEZR IR b, AR A5G
TARBRI ST AR R, R RESREURT & (1 B g 1,
1M BB AR (Graph Grammars Model) U5 B )
TR SUE BRI A, B0 IR 2 . SCERT
MR T — KB Rk S R . &7
RN AR IR # A GRU (Gated Recurrent
Unit) U355 s 1 ) R o FEZR M AR I
AR AR, 45A MLP et 45 R
NER A5, T s R 5y FC A [ 0 2B R B2 1
WHF o @2 2] B 1) 5 A7 mT A A A5 2
B S5 R R, DTS2 I 1 R0 371 s R
NIRRT ARSI 4G b 22 B8 VERFE,
[FI I IN — 2 [ 2 A A5 2 A3 A 7R i 2R i A1) IS
W R, GRS, AZRRS IR
MG 7 VAN ST B LAHE T A 2R IR A R,
TCRME R GBI P . (HRTT AR
(R 7 2 e IR AN 2 8] 5 AN AR, AR
TRt i N B A AR R RIE A, fEiE
RAERT A SRS, REFFdK. —0
T AR A TR ANUE, 55— T &I 45
RS TE AN AE, T BE 2 A B R AR
PRIEMILG .

LA 1 B At 5 o0t 1 B R s T
B, ASREACER I PN RITR R IO L . S ik n) R
SCHERTATE GAN [ LAl E 42 B3 F 4 (E 8
(Graph Topology Interpolator, GTI), =¥z |
BT IR AT AE R, T 2 AN R ) x
MEME . GTI HELL RSN E B R —
— A GOR R BRI GAN ZHEIER
PSSR, LA BB BOR B,
o AR 2 FH T B I g - B 2 15 1
N T =M, RS T X EESNT
Bl; GAN JZ b i [ R A B A AR ) 25 20
B FTRAES ) FRAR UZ B T 3
T B B T 85 BT 2 B E AR
Bt s SRS R T A8 A R R K /N I P
Ry B S AL RIS . SCERUSIHE H Graph-
GAN #5754, Graph-GAN [FJFf B A= s A4 71 #5344
Beo AR R AE R T L SEAEAE ), B
KA R, I RS BH 31714k - Graph-GAN
TE A B 2% A 5 — 48T R 0 B8 20— Graph
Softmax. Graph Softmax FL & Va1l BT 4544 Jak

MAEROHR=AER, bR E Rk R
FNEERRFAE 00 2 FH R X 73 i N1 R NS
(R 3ZE T 7 AT B P ), IR AE A R e A
REHTT 25 Graph-GAN ##E T — Mg K/ M
() H AR, (1R AE A AR g 20 2 Rk AR
PRI J5 15 BFE5E RS .

R FRBALK GAN & /g2 1 B L, H4e
7 ORH R R RS B 5 R R A i B TR R, {H2:
PISRAFAE — 78 PIERFEFIAS B o SCRRITA) HEAN AT 452
R SEOEEE R, U RE Lt
(B 2245 o SCRRITS R AR A8 B e TN A7 R 7028 R
FREUF IR, B RAE T Wk 273 1 U8 St
FREAREE LRSI, R ORAF L Y B
e VG Ef i ia) @, SR S
NI ST THE ) 2% 1) B G P A BB S ——NetGAN .
NetGAN A ATFERE R4 b A= sREE AL E B A2,  JHFAE
P i — B B AL 2 TR T 20 27 ST R AR
00 B0 40 1 5 R e AR Dy o ST AR B B AT
NetGAN A4t | — ™ iy 1) i ) A Jli 2 A A AL 25
FLAE B T AR OB O AR A, AT A R X
SN BAn ot L ELE 2 G K . NetGAN ZEil|
ZrisHz FHBEN LA 2 2% Wasserstein GANIBIHE S,
FEH Val-criterion F11 EO-criterion P FhH i 28 1L 5%
W, FH R B AL SO AR A AR . FE IR TE R
Ja o WA R B AT DL — ZEL B L A Y R R
LA T REAG 2 FESEES T, NetGAN B 1 REfS
A S FARAE I 26 ], FERE R |
W HEAR R EVERERI, AT SN 1 R R
AR . SCRRUOE H A 27 7 0AE Bt it o 2%
( Molecular Generative Adversarial Network ,
MOIGAN) . MoIGAN J&ASHERL 2 i — AN Az s A
— AN ) 2% 2H R e B WGANE!, S )T
NetGAN, MoIGAN ML [F) & i RAt, JiiLihss
AR, JEE A TR E G R R . H)
il 45 DU FH SR [X 702 R L SR Bl BRI 2 A il e
AR, FFEINEET ORGANBUR5ELL 2 )
KA — AL, AL SN AT VA AL 57 4y
TR KEM . N T RIS E M,
MOIGAN & A FH /Nt 2 4 1 77 820875 1E A5 2R
5. MOIGAN 4 | B TRAR I 77 v 75 I UL AT
BUR R AW SR R, AT SR AR R E
JEPERI oy 7. HAEMHEZR AN & 4 o .
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F 5 2%
TR ‘
0/1
-
Z ~ N(u, o) ---
-
SIS AT R e ;@WJHQ% c, cl

2o

0/1

K 4 MoIGAN 4 itk 227y 71K

{HS&, NetGAN Fll MolGAN ANBeA: A A b
ZE R L T BRI T UK S B R
Ao Beah, AR T 15 BB AR A H T d45
&K, FEUERER A 7T 2L R L R 2% 1 4
GERAR I — . R SRR AR 2 B D5 TH A
KHIBREE, 255 KA (Mode Collapse).
N T RERIZXFIR , ARG A TR A2 1125
BEXR b e, ORISR AR A AR BT R 25
(Labeled-graph Generative Adversarial Network,
LGGAN) . LGGAN T[4 il 1] DL T i A il S 4
FRFEABRAS, & B A) ) A M Kipf 55 NP7HE
f GCN %51, JFIIAFRZ A%, AR LAl
TE LR G5 R JERR D e R P R PSR U LS A
IEAh, LGGAN #3) | = A ANFHIAEZE, 737 2 bx
#E GANI, Conditional-GANBUAI AC-GANIE,
Conditional-GAN {i H] 1 BIARZE {5 S5 W7 B AR
AC-GAN IIFEfd ] EIARZEAE B JE At L, k200
i D73 SRR [ S W FE ) o SRR AT DA AR 2
ZIRNE, £ Ll A RE AR

BISRIME— o F10T B A= BN 2% 75 2R 25 B bR
FEARTA R, SCHROBORE H— P 75 2> B A hR %
P 5090 11 2 1 P A il ) 4 ———GraphSGAN .
GraphSGAN .0 FE AR 75 208 B A A 7 B
1EEﬁfEFI:ij2$BEfF)%ﬁZIK X AE IR IX X 5 HAth
R TR BRI T, S 2 R
Fg et . 76 GraphSGAN [frifa N FiiAbEE |, Sefi
FH X254 NI T35 AE BT R BR ST RN ROR, 2
J5 575 R R AR RHAIE 1A B PR A e I A
BN R . FEAE A AR A 00 g 7
HABFEAS,  FEAE VISR 72 A A FH bt A Ak 53R
WML (Weight Normalization) BTG, 453
FEH S HOR I BCE A RA R . T IMEH
NERMAEEREZ JFIMA—AHHLUZE, LUk EF
HREM,

4 MNBRL, O BAR, BEIRRE, I
WOE R HE DL AT 55500 P AR B 2 A AL A T
TICE

x4 EERMBERLS

R/ SR [N SEEIES E 33l 5 WO B HeiR 1£%
W 3% Softmax
) ) OAO®
Graphical-GANE! R4 GGN & 5 T [a) T Tanh ® S ES
RA 7R GGN Relu
GRU 3
[&] TG 1) Sigmoid
SRR SRR BT B 0006 P A
FETG I Softmax
VIS BENLHET
(©JOJOJO)
GTI4 A EE F TR Tl leakyReLU LS5
OOOO
Graph-GANI! Graph Softmax FEA 1) Sigmoid OOBO IV ES
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Softmax ® BRI
by Sl
A A B BEATLIE
Softmax GOO® P A R
NetGAN [7€] Wiasserstein GAN ST ]
Tanh @ BT
T A R
Sigmoid
ORGAN 5fk%: >
MOolGANI™ SR TG Softmax @0 B AR
ZNiia =31
Tanh
2
Conditional-GAN P AR
LGGANIE S TG OBA®
AC-GAN B4y K
CT-GAN
B Rk
GraphSGAN!8e] TEREAAE B ST PR Softmax OB
SR AL
@ Cycles @ Trees ® BA® ER ® WS ® Kronecker @ Facebook ® Wiki-vote ® RoadNet @ P2P-Gnutella@ arXiv-AstroPh @
EAEITE S arXiv-GrQc @ BlogCatalog @ Wikipedia @ MovieLens @ Cora-ML @ Cora @ Citeseer @ Pubmed @ DBLP @ POL.BLOGS @

QMI@ GDB-17@ENZYMES@PROTEINS @ DIEL @ MNIST @ SVHN @ CIFAR10) CelebAE) 3D Chairs

3.4 ERIAMLE

K2R M 2% (Graph Recurrent Network, GRN)
e LA —Fh GNIN AR RS AR T Ho A ) GNN
%, GRN @ BEHR A T 5, RIS
bR R 1 2 AN b VA AR A . GRN A5
— A XA B A 2 X 4% (Bidirectional RNN,
Bi-RNN) Al %5 #Aid 2™ 4% (Long Short-Term
Memory Network, LSTM) 15 A RA£% 4844

SCHRPLKE RNN A T2 ) B B R A 45 /R0 R
SRR, RN S ERAS M 2R T S H
LR 2R R, BB RORAS L
RARZE . ALJET RPREE NN, PSSR Y
RCIRAS 1] B A YT A Ar 25 8 5 13 B3 1)
o M TARE, R T A PeE 2 Sk
SRJETT R ES PO M. Scarselli 25 A[iz F
FEY RN IEA, 8L EEt(G,n) € R™EE G FI
FEANTT A n B m i) 2 B B —A
TR RE— AN M LT, @ 2 2 T AL X 45
SE BT AT IR EE LTS RURHIE AN AL SR
T SRHIE, A LTS B A B T & | IR
BEB—MEE R, AR R ITIARIRES
E T WOE R . FESEUS TR, X AL E )
ME AT EE R B b hD A T I, JFAE A Almeida-—
Pinedal88Iso1 g v )l| st il

SCHRPINAER o 12 AR M G AT ST SRS

EAT 478 o0 B L S 52 R P 4 W S A 4575 RO i
A TRGE . SCHREOIE Scarselli 55 AR I T
ER AL B, ST TR EF S & M 4 (Gated
Graph Sequence Neural Network, GGS-NN), GGS-
NN # GRU ALFEAIMA Scarselli 55 A B A
B gD B SRMIE, PR S ORI

GGS-NN 175 siE R a1 M 25 1 B2 2R
HOR R e 1 RE BRIE T MAI N2 . 1R
FEAEIRE, TSRS AR AR A SR B DR
Ao b, HE T N ERREXR, ZERRE
5 i B I T A 15 RURIRAS . GGS-NN
ERR I GRIE . — AR EPTA T R MR
ANE SR TIRAE R4 E AT R ROR Bt
A7 B I ZRo AHXS T LSTM B4l 7 5B,

GGS-NN A A RPN R 2= 1T EFET
SRS N LR Re R I B 55 B B RS 2 )
REJIFZALRE ST o SCHRIUSE 1142 AR et 42 1
#% (Gated Graph Transformer Neural Network, GGT-
NN). GGT-NN 7£ GGS-NN FEAih 75 i it 2%
ARAS TR AL, MR SO RS R A5 A\ 5
WridJmik, BRI R LR P AN 7] 577 w0
i — MR xRS, GGT-NN T4k
B N )L 81 o D R ER 2 SR R, T
gt — e B LA EAT DA A FRR A 1 B R
Bk SR A)E rh PE E R . AHEL T GGS-NN,
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GGT-NN £ X 1 [ 251 551920 | 32 90 o 56 £ g 4k
RE o AFLR RS I ] 52 2% RPN 75 ) 52 2% B2 LU BOK
B RV T AT 55 S R VENR P 5 v SR B U
KAEEW ST IEZL. You S5 NPT T — MR
JE [ (Al R 7 GraphRNN . 765 B i 45 K 1 AT
B/MBBEIE LR, GraphRNN ¥ % 41 Q&M
AL RUT A 52 2], I b IR T AT =
7347 - GraphRNN 4i& | 4~ 21 JZ= 2 B fEAEA
JE T RNN SREE RSB B2 el 9715 A0
I Y LA e R BN ST R AL REXT R
Heys SfEELZ T RNN FSRE BT f AR L
2, I Bos R BRE B AR Rl AR, S
P2 EEE . N T EHPEAS GraphRNN 1 HERE,
You “FENGINEI A TR REI A IR RT3
HZ =AM, HT RIS U BT IR

SE R A AT LR AR A b B ot A [ DY
2 BRI, DL BARTE S R B R L
e 7E BEAE o XTI A ] 2 (1) 5 ) I I 1) AR 44 1) i)
8, Seo & NI HY —Ff e 0TI 25 4 A0 1 K afs
HIR BE 2 ) — B G B 13 X 4% ( Graph
Convolutional Recurrent Network, GCRN). GCRN
FEbRAE RNN OO 2 B g5 40 7 51 B0 1 S A o
GCRN ##74 i1 Defferrarl?1#£ Hi [¥] Chebyshev %X
HFAT RNN 415, H Chebyshev &5 1 H T
PRI RURFIE, RNN FH T3R5 7 (B g5 M A Bl s
. Seo 5 AWEFL 1 PIFIATAER GCRN 14 R 45

¥, —Fpe HE MEERSEIURE, SIS Ry
fiE%a i 25 LSTM AT 81124 205 53— R RNN
R R SRR R, T AR ERAE, SERUF ST .
Seo & N FHPIAN SERR in) @ IX B Fh 251 . — 2
AL Mnist 25 7l ;. — 25T Penn Treebank
BRI ARG S . LIk, R ARI
(7 )45 SR TR 5 AT DASR i A 25 2 ) IR RS
AU FE . FESERRRI A A, B A5 AT R
PEHR S A I () A HERS T AR AL, B S I AR
22 e P o IS ) e A2 e o BT 02 Il AT
APk . — AR A RS B S E B S
B TR PR T I ) A FE AN A [R] 4 R B HAH 24 4
HIPERT, 97 22— HAR W R RIE R R, X
Iy ANTRI SRk A [R] IR ] B A5 25 Aol R] 2 F) R X B 22
PRI T PRI SCRRESR 1 — iy 22 i
9 M 2% ( Spatio-temporal Attentive Recurrent
Network, STAR) AURAE R L ik i . STAR 5
VR T SRR A S AR S 40 S ROR SR BT ek )
R, ZJa R B R AN R N B I A
GRU v, 2] 2 F R ER. AR F,
FH B 25 3 i B 0t v (R B 2 ) B ) B R R AT
Pro FEESEEAELE BB SCRAEY] T STAR
RS J I 2 T S5 B A R

F 5 PR, A% O AR BERRE, Ao
WOG BRE K LA 5550 R IA WY 28 AR R 13k AT
T

*5 EEAMERILLE

R/ SCHR ot AR BB 5 SRR WO A pe {£5%
P& 3
ARG AT R
SCHRE! a5 - Sigmoid - e
T A
S5
TR
ARG AT R
e a5 HlE Sigmoid - SRAFRTI
T A
W TUHE
) _ AR
[WEGStHEL IV Sigmoid -
GGS-NNII A1 - - RO BRAT
A RRERR Softmax
RKHir 1
4 J5 Bl Sigmoid e
AR
GGT-NNU 41AE A ShHL A 1) HlE Softmax -
FUF2 4
B R L Tanh
F32:3] . Sigmoid
GraphRNN[3! L - OO®OO®6 B A
i RS R Relu
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I J5 TE 1) Sigmoid AT
GCRNE4 el 4 ] 3} - (OJOJO e
i mi| Tanh HARTE T dp
Softmax
STARI®! I 2% GRU SN EERORES Tanh O IELE) N
AL
LeakyRelu
G/ O ER® Grid ® BA® Protein ® Ego ® Moving-Mnist @ Penn ® Treebank @ Brain @ Reddit@ DBLP-5 @ DBLP-3

35 ENEE ML

TR NI AT DLLE— /N 2 K OGHAT 5%
IR EME R, RIS SRR E 1 A6,
7E GNN H 5] NVER JIHLHI AT DALE SR 22 X 28 50
XTS5 B I0AH O B 755 A, 3R A ISR otk
AU IAS E, BT BB = M 4% (Graph
Attention Network, GAT).

MR AR = IR A E . FTRL R B ST
ZRERET) BRiEEI%E . AAEEJIMEA
SCHRE T e ol B R I LEI R A 22 GNN. 7E
TR GG E, 07 R BER
JRHES B B B RS R . R EAE
KEABITHE AT

e;j = a(Wh;, Why) (13)
Hrha()FRpRvERTHE R, X BLAEH 5Z
AR I 2%, WARERIEFERE . A AKIA T
AT RO AT SRR R Dy ot
AR JE T R AR, B AR Y
REBAREARBNE S XA ETT XS
HO AT RN [ M, AT AR AR O 2 8 b 1 4
FfE B o AR TTIEI I A AE T A 75 5 A0 TE Y
NG, FF HAT DI H T S -2 E R, (R
I e 1 1 AR AR = B R PR IE B . (H
& GAT FEFEIFIE BRI IR T~ Z B ok &, f£—L8
HAZAEIEIEE T, X TokE 2 REE = 1M
2% 2 WAL B RE /7, B GPU A HE 14 fe 2> 52 2
ol JF HAR S E Rl n] e s RS, 1EJF
ATAGE R 2 B AR T B AR

A, SCHRIEIZE GAE il 5| N BEE 1L
fil, $Et 7RG R R S R R T E S
fid#s (Graph Attention Auto-encoder, GATE).
GATE 7£ 4w hd 28 FAERL 2% 2 R 51 N BV R T,
HOMET SR E S E R . EwmiLdE,
W R VAR N mRIsh R Ik . B EEME

FER N, AR S SR R B A SR AR
FHTI T RN . AR AR, T S Y b A
WEYE . AR I — S R R AR S g 2%
IEFERAEXT R . oAb, ST R AT 1 IE AL
PLEMELER . BT GATE HEZE AT B JE 40
TEE R4, Ra] DU H T-0944%: 2] . GATE {£
FEMERAR R S RS RIS, T H
XM XS EGRBR S T
Busbridge %5 AP H — P ELBUREIR 1 5C 22 B K]
TER /1M 4% (Relational Graph Attention Network,
RGAT), LIXKARME LML (Relational Graph
Convolutional Network, RGCN) 1004 ELmt, H4yE
BN RO R B, kR AR
A PN ER 2 IR R JI LI (Within-Relation Graph
Attention, WIRGAT) F128 ¥ 3¢ & K& J1 0L
( Across-Relation Graph Attention, ARGAT ).
WIRGAT 1 ARGAT 8 F 1 Bt hniE = Jy Ll Fiafe
PEVE R JIHLE] . WIRGAT HR LT s i48 = IF:
=) R BUEH T RUOR &7 M . ARGAT H
S R R AN [ 1 i 3R b SN R A A R R
E B, I BRI AR T Y. T
TESERRR I, RGAT TEHZNE 4 FAL5 =
AT IABRRRE, PR Busbridge 28 A g 54 B
43 Aii BB # (Cumulative Distribution Function, CDF)
MREEMESH, I T Gt .
AL IE R IR AT DU N — AR )
ER, Bkt & o [FIREH, v 7 S 4r Hhfl FH AR =
WA EE, Zhang FANDUMH T2 RERE S
(Multi-head Attention Mechanism) [961, # i —
ITH9E = /1M 4% (Gated Attention Network ,
GaAN), PLFMEM T, & GGRU (Graph
Gated Recurrent Unit). Zhang 5 NIATERN HZ
RN RFER, WHERSEFSRNE
LA EEF KRG DA RN A, HAFHM
W AE R 2 B AR . RIS T 7 — /N30T (Soft
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Gate) 21 2 MR 10, KA FVER Sy e
2% 8] P A T RURFIE NS T IR 2 1) B B AR

M IE T —Fh s i E R VEHL A (Key-value
Attention Mechanism). 723 & /MLl 1, Do
S N0 —Fh 2 bR 25 2 o) I B O AR
(Graph Attention Model for Multi-Label Learning,
GAML). fEZHRZE KM, Jr B HEm, LA
AR — AR, IR AR B R KA
KRR ZNMEAERER R . Ktk GAML K B i #n 2%
RAE— AT R, FROFRAETT Ao I8 BT A
PRAEEE TS /L R AR R S8 il
VENPRE I 2% 4 N0 Z 5 GAML 12 F W BA%
1% 5% (Message Passing Algorithm) [1001[103](104]¢
# 7 MPGNN ( Message Passing Graph Neural
Network) . £ 5 HTHEAN 7w () Jm il S i A2 o

MPGNN £ 7EFRAE T pUFIHHE 15 i T i1 45
R, I HRH — M B R ISR TEA
6] F 45 M TH S E B . Z 4 EE R LI A
Hra)ER 1R 2 (Intermediate Attentional Factors)
TRAFTHRSE R, ERTARETY AL, AT DA ER
BRI TR BRI HE ) F R T
MIFRZENT R A IERN EREST P E S, 5
FORESEH A X :

xf = g4t mb) (14)

Fopx 228 t 5 A0 1 RS R, mbgT s
HEME. gvC)RRMEHELE, XH Do & A\l
F 7 Highway Network™0S1H Sk 3k B i 2 18] (1) K
PR B RURRIE, T 5 {8 Hh R A bR A\ T RIAE
AFRFE LK R, #7453 GAML B 7 R IR L.
B H 1) 52 GAML AT DASRAIAR Sy EOUL I T A 5
B, XET T A RIIREE TS50 ¢ R DU iR
BRI N TE SR 2R

TEX B B I 8 B g — S T rh, WS
TR W R BRTE B — /Ny . £

XU 1) R, SRR TSR H Iy B IR AL (Graph
Attention Model, GAM). GAM i F3E: & Sl
51 G T ATLIE A RAE T A, SR A Xk R e 7
RS AR, FE2TC AR T A, 3R
P 25 1) P B 1) X SO 15 S GAM 23S
BRI ATH, EATEN A BT 2R
IR S N 8 =R IR PSRN
Gixto BbAh, A TR TER I GNN #2158
KA, EINE A I B AR K, Knyazev 55
BT 5T GNN - HE 1T 502 8] PR 3 2L BA S
i HA B R &R . Knyazev A NTE— 85 28 4F
i, FERJIRGINAT PSSR R IR K
MEFETR T . (AR S Ik B AR R AT
KRGy, FEREE B ITERSI%E . 2
3] & [F]#) /X 4% (Graph Isomorphism Network, GIN)
[1081FN Kipf 28 NP IE TAEH) 8 &, Knyazev 55 A
Wit T ChebyGIN 2%, 4 H AN a7 v 1 4
AT 55 F R IE R B S A sk . 55— MES
e A F B s it B R A R i, B8 AT
FRATHE T =AM EE. fEREAEIZEN
W AT R AMES, X BEIRIEA 52 2 HAh
IR, MR ZRE R IR 2 X 4 R
RIEER . fEMALEF, Knyazev 5 7 — N
B, RAEEIREOC T4 EBERIT R4 2
TRE . RAFTER 1 AU, B R A T 08, JF
BT R4 BT . (HRENZT, AN
AT 0715 RCTN 7 A R ) R, DRI REAS R
SRIRA AT LA A B B R . RN B B
MRZR I, B o 22 R R PR A B R
WA AR K R R B H, W
RER S RBIE A, AW LA
HEM R A BOR RSt .

6 MREAY, JEUERIZE . VER AIPLE]. B
H 2 IR BWOE R A B DL AT S R
FI R AT T

*6 EIEFENIMBERILLE

RISk FEHER 25 VER L] REUES 2o WS R o 1245
) Sigmoid
SCHRIET GCN HERD SR B QOO R R
LeakyReLU
Sigmoid
GATE (98] GAE HiEE ) ST T 0006 RIS
Softmax
B hnyE R 7 Sigmoid W
RGAT [ GCN ST e B ®G0
etk = I LeakyReLu B o2k




20 it 5Pl R 20774F
Sigmoid
GaAN [0y GCN LIRS SR I ®® R
Softmax
Sigmoid EZ7 T ES
GAML 1102 MPGNN EERN A e ®00O
Relu SRl
RS OO
GAM [108] RNN S HEEIE] B Softmax BFES
BEHLIFE ©)
(@)
ChebyGINL7) GCN brAEERE S ST EERCR= Softmax 6 S

it dE

® Cora®@ Citeseer ® Pubmed @ PPI ® AIFB ® MUTAG @ Tox21 ® Media_mill ® Bookmarks @ Corelsk @ NUS-WIDE @

TACRED ® Semeval-10 @ HIV @ NCI-1 @ NCI-33 @ NCI-83® NCI-123 @ Reddit@ Triangles @ Mnist @ Proteins @ D&D @

Collab@® Colors

4 SRLGHN BT R R

W F SRR, NEE EE, Bl
PIZETT AT A TR BIBRRZS .  E b et K
Goy0 e N TR N B S P = W P S 2
M2 LR O B S B A B — Bk
AR F 5 Herb i JRBEOR R BOYE A —E 2201
BIREATZ A AR ELISLANHE e, a0 SCik

7 GNNHUE s, R EREREREIRA

[SSN GBIy Pl 1 2 i b P 0 55 BRI B 5 SR IMISSI
KA MLy T P S AR, BRI
B T EE R M R 2 DU A
PILEHES gk Al, M S IE R R AR
BAIMER . I SCPRERIE S, 2R YR &
I AARFEE S, DLRAR S5 I Se PRk, k4%
GBI L%, R EINA Rt o > B 45 R AL
o 227 /2 GNN B Pisi S EHIVE L&
SKHURAIC SR

GNN F MLk PR B iV SEILRA
B O
) TEHH RS,
) o W U A N SRR MARER 8 5E /N
o REEH ] SHt= PIRLRLRR,
RHIES FTHAMIE IR K4t o
) SRRAH
GCN A A RNt i A7
) o LIV DS 2 N 25 6] B AR A
. FEE LB, U N BOHUR ] . )
25 ) AR » N SR REHRBAE, M AR, Bibse
BT BB E I R g
ERESs b))
] PR R R
o I N IR Bk . TR E R
B SIESSEREGIEE PN ) TR 4 3
GAE Ry R 5 2 A P A A AT i B [Z: 2RI AN e !
&, Pk RN : JEL 06 Pl B AR FE
JE 2, WERETEREZE
AT R IEEES
XFWR U, TR
i %o L A 12 W ERZEER: K
AR AL, BER ! - GUAHRIIE IR TSGR
GGN B [CEEPNibL e JE A R T KK
LR e B Ao ) LSS ISR TR
fig )1 Bl ATRER AR
5
¥ E# 55, H Bi-RNN. IEARELETT R AF e .
) HAWERE  RREIFATI, 52
GRN LSTM. GRU Z&IF#Z2% B BesE ST EIER FA M i -
o ]| DA
KN [RI4E BE L (RS AE
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7w AR

SINTER IR, SRIEXHE PR R

GAT 254 R IR A0 FE T 05 A
NI A3 BEAS [R] I 2

o EHR A EE

U B ] Py
1A FE, R
FIER P28 HIUE A %

AT, &
T RO R 1

HA XSS

MEAE FF, ik GNN R FIHE 245 7] FH
BT B A G BRI SRS B . GCN it
HRERE, BTN ER AR, BREEE
W E 0. 25108 S ARG 23 fif 26 A5 2 39l B A
AFI AR T LR . R ESRIEEE
TEE T, W RCHIEEI A R RIE RS, T RUREE
I B M TR FR mmE AN e s EE
e SUCEREAE R BT B 7R (A AR
H1, PATCHY-SAN il b 254615 BB HE oR
HO AR JE T R HET, AT — 4GRS HE R
S B ST B RIS . Rl PATCHY-SAN % -1
B3R IS5 R AT 5 MRS B SR8 T HE 7 o
o REHT BN R AR, PATCHY-SAN &
BA K R AR, 7 DCNN o, & F)
N6 2 7% B P S A3 1 5 ) 200 B AR IR A 2 SR
BRI, P PR A AT 200 I 1 A R o i o e Fie
N, 78 PE BT s A A 2B N
B AYE DCNN Hr, 1 5 2 BRI 2 B i B
IR EE MR JE M, R R AT T AU H 0 1 A
SAI R K . GraphSAGE M & 78 H 0y i 4 —
B4R R A AT RFEAL B, KT 2R k AR E
M5 s v, Fook ek B UeT DL S vhg =
a(W* O h&~1|f(hk~1, vu € N (v))). HFN(v)
JETT RV BN AR R RS fOREKRA
BAE, (KRB MEPHERE, OfMEN, WK
W28 2SR RE, o (1) NS R £ GraphSAGE %
A B AR R, T 2 A R Y SURAE,
DR LA 4T FB 1 s i 3, AT B —Bh i4R
JEA—E RSN . E RGBT, WP
GE ) R B AR B ARAIE 1) SRR E 5, &
it Defferrar & N2SIAI Kipf 58 AP fe, FEfH
RUItLSE R 2w G, S e Ea T)H
EERME RSB ENE, BHERE RN N .
B — R BRI A 2 T 5 i — B AR R
TESREERT R, MR s E MEAS Bl ER
gt SO AL R E 4 1A

GCN 71 LI T S R IR AR e o, —
FRETT 2511 PR O Al 1 A 11 5 B 1 1 (A
B {H2TE GAT H, R A = JIHLH xS Bl

NG MR S B AT 22 ST RIS . 78 GAT 1,
F ok AR LT R v, KRBTS0
hﬁ = U(ZueN(v) O‘vu‘/vk_1 hlli_l) ° :/H\: l:':‘(xvuy‘j EF' O
T RURIARJE T AR E S, B A 4% 2115
Ko —MH, 1SS MREIGEIRZG LT A v AR
TR U A BC AL E o, 5T R deg(v) A R, Bl
mﬁmm%Ammﬁ@mM=$E%§ﬁom
T GAT HKeist, BT A 54T S AE
Oy L1 AP 2 N 28 10545 H o IXFE T] LU A5 S5 4F
G FHOR T RS R AL, LAY REAE il 3R
W2 Jer s B . TAE GRN th, 75 SR B # g A
FFAHINE] RNN o AT s A ks, —
W NASE E— RS o, A EY
A SRR, T RNN B “Bs” F1 “ig
127 hee, FRUILIER— D b &k U R
BH LIRSS, BT SRR R
W T B SR S R R JE

£ GNN [ 2% s i, — M SR 205 fibs
ZAE BT . B T RAEBIEIAATE, TR
PR E T HARRL BT AR B, BRI iA
B Q0 1 B SR A S R 5 BRI FE R . B
2 4, GAE F GGN IS E#y 1 AR MR, i
b4 B AR 1 O R U S T AL T b
SERERFERE . GAE 1 GGN tH A —E A
B, o — B2 SRk 1) B AR AN A ] LA
(10715 et ) B B AR BRI, T AR AR e AT )
MEZe o0 A0, DRI ASE A B AT 50 0 (1) 406 R0 A R s
(1R

AR, GNN X 25 ) o A 3 1A Rk
SR T 5 B 45 /RN 5 R AR B IR AR
(Rt GNN Hral 2 8li/b | B el W i 7 A2 1
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M AR A R R T G AL i LGCL 1)F
EIIIZRi%E. SGCN M5 A%, H—D4h
2T TFEREEMFRIAHT . /£ GAE H, T
1E B AR/ (5 B 5%, DNGR SR T BEALIFE -
MER LB P24 730, MGAE. AutoGCN.
VGAE %A HARMIE AR, M B A
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ST R, RS S . SOk
F GRU #EAT T piFFIE AR IR LR, X5 GRN fik
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N T B JE SR REAE AR BORT BT ORI . BRILZ AL,
NetGAN i F -G it WL & A 22755 R 7 81, 1% 3R
G732\ BR T REf R R E SR, EEHTSR— e
AR B . SCRRTIG I o 58 B A e 8 R A
LYW, P8 A Graph Softmax 43 = 5 a] AL
H, XA TG R T A4 eds e AR IR
ROy, LA G R DAL IE A 1T 555 4y
fi. GRN HIERE#HAERE T RNN K245 BT
RS REITE . NZAEFYIRE, GRN 28
TNHERMATSER, XTI AE B NER
“BR7. fE GAT 1, BERECKHA T & &+
MVER AIHLE] o JEREAETT f . G B RINAS [ 13E
BN, BEER SRR ERE AR T —
EMFETE . TEORFRE B2 M AT HE T XTS5 M
R LA A 4h 5 HORIIRCE, AL AT
PRI S 5

BR T GNN Z4b, 45 i N AT 7 A2
Folt b 25 B R A 2 3T . R RON ) PR JELAR
FE I Ik 2B B B R SO I 285 R TR A AT S
RYE RS Ron, B 2] B RFIER 7R T LU
VERE T BRI % AT 4510090, A4 5 1y X 2% 1tk NG SR
IYFR BEALIEE AR B 25 3] =P i . ERIAN
(AT e %o G 3 B PR AR I e, R LR IR RR
k)G, BIEMEER T —ERERNES. BTN
B S BRI NR IR, R H 25
AR, S A ST E 0. GNN

HEZE — BN R SR URFIE R 7R, 2410 s
EERA G BN, BONE R 7 K
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SRR BRI E AT RUAERUT A, BT
DREEAR e 2o B B R S5 B . TifE GNN
SRR RCRFERALT SR, R
KIGER R AT — A7 Bl 72 SCHRIEeITe] B8]
Bl AT I j b, A 2K P 8% i N 1) i o e o B
PG SURFIE ) & S5 E N GNN A, DUHEE
RAF LI GRBR -

CY v &b D A St Al CT I E S
1B PR, Z RO i B A5 R AA R S R,
S EAL (Support Vector Machine, SVM) 254
BRI BOE LG 25 (] P EAT FR e 3 SRAL BRON, SR iR
B3 2K e AR e A ARSI BRI A
I] PRI S5 AN [R) SR () P G i A AE A R B A%, 2
HRENLIEERZIA BRI/ B S T
P =R M Tk B TES T4, H
BATE P ER ORI, (B R EE A T
THEEIFE, #HAEE % AR, Sehrkikag
JIZBNRE . HorfE— (LS TIRIF MBS,
TR EZ B ULES, & —FhA 200 B 45 14
AR ST BT BT, GNN ARSI
EIRoRE R TR 2K, 6T 4. RIS
FEIAE GNN- H 28 i ph 222 I 244 i 3 i . 1 50 528
B, AT LASERLAY 2 T B AR RS 2 AT 4%
FARER

# 8 /& GNN L ERILEMSLEE I, A Cora.
Citeseer. Pubmed =5 L8 Eim4E, DAL R H
JREESE PP AR BTSSR 4R NELL. ) f
Fe 7T s, BEIRE. BERE TR A5 R 2R
MRS . BT R RS, 155 GCN.
2[5 GCN. GGN 1 GAT ) L 78 5 5 1 e By R 40
RE{REFE 61%0LL L. 7E Cora #l4E L, MIET
DeepWalk[119, Chebyshev®ZWERI LT T 14%; X
BRI TSR TL 1 16.3% . XiF Eb oA X 4% 47 N 550925,
GNN £ Citeseer. Pubmed %3 8 _F 27 L i
F. XRYIEERGHEIEAE F, 355 GCN.
Z¥[A] GCN. GGN. GAT % GNN A S AL T
S VN AR
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DeepWalk[!10] 67.2% 43.2% 65.3% 58.1%
SemiEmbe! 59.0% 59.6% 71.1% 26.7% EESTIN
PlanetoidLé! 75.7% 64.7% 77.2% 61.9%
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i% 5 f# GCN
CayleyNets[2] 81.9%
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SCHAET 83.0% 72.5% 79% 97.3%
GaAN [101] 98.7% GAT
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GRG0 T TE IR A P SCA B AR )13 ]
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WEAT 55 BUREAERE o H AT 23 JE T 1 20 X 245 11 1]
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BAIE R R/ NS, SynGCN K HuiAl il
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FH R4 58 i 2 2] BRI AR 7R o BT GCN [ iy
A HUTE] B VR ANE SCRIR, R ] ) 2
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TR, H B A SCAS R SE AR -l s
[ SRR, I SCReIR 2 R HE3SE BE
M. FEAEG TR, WO B 35 I ai it
R, DRI o R FH AR AR R AT o0 R . {H
T 2T U Fg A B A TR M TR AR A b e R AR
RS R B CHE R, I RS AHORR h 1 TE R AS
B BFRF IR, SCERIMEER s 5 S KA
W Z%  ( Attention Guided Graph Convolutional
Network, AGGCN). AGGCN £ AN+ A 4l
B AN R E IS R EBRE . BAER
EMEMEEE. EMAMEMNERT, KRG
R L AR Ny A R A AL, B R R b) T
] B ROk R TR 1o BN EE 35 2 AH G
TR o X T RFAZMPUES KU, A W] DL
RN —FPEAE BT B )73 AE RIS H) 2 0 R R
IO R SEEG a5 R B, AGGCN  Befig 51 1 Hh F)
RO 15 2, 3271k RAMBUKHERR R . 54,
SCHR ISR 7 — e = i 44 SR TSGR A
1 GraphRel. GraphRel )5¢ 2 EL 7 NN
Bt. fE5 B, GraphRel #E& %/ Bi-LSTM 4]
TG GCN Wi bt 2%, 1 24 HCA) A
WVCAFAE, R0 SEAR T B IR0 5C R = n ik
AT 2B BB, FRER R = U A A
1EH, Graphrel fIAKFRMAL GCN, 1ESAAH %K
MR RIVRBIE LR T, W& WO EE R B S 4
T RUBSRRRAE o[RS —ANET I A 58 R NAL
A . 5 B B GCN A RO E i 1 9k
PRFIOC R Z BIAH BAE R, b B Btk 5 F A
25 KA1 FH RS2 UL AS ) e FRFAE AN X IBURRAIE
R MR & 10 S OC RIMIX 4rE /1. T GNN
— M A BRAE T Se 4h € I B B ok REATHIE, X
TCHERRS o8 RHEREAIREE . XS b @, SR
(20052 H ) — o i 1 A B2 U PRI 22 P 245 56 -
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FFAVN R, FREBESCCASHE . 25
Mg 7 =AARZ B gets g f) T rfE
SHAT IS AR 5 R RAL R ORI
T RN AT T ) 43 AR o 3 I SCAS ) G
i, fE15 EIHP LR N 25 BE i M\ H IR TE & @A 2
JHEHMZE, T 2o R, AT HEEL
AR RIR R

Bel S PR A — B U T — D E T S A
PRAERMERIAE S5, ST sk, A) 72 B R 2%
KF, DU SR (B I R T EE 45 ML A% B S

AARAR K F . 7ELE 8, Tu 25 AR2U5]
T HARFZEBAT SR R E, SRS
R4 - sz A A (Heterogeneous Document-Entity
Graph, HDE-graph) F-T-fif &5 SRS 1) 2 Bk il 52
Hif# . HDE-graph 08 754k, BN SCIE(E R
SCREEAN R FE OIS B o Tu 55 N Gt 28 %
HDE-graph 15 si¥Iaa4t, FHEA T ILEER I
HIF EER SIHLH] . HDE-graph (AL 5 7E T BEAS
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TEAEIESCEE B % HeiAER B HDE-graph B
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4 GNN B FHLE#5 SOR ) [l 52 #E g - DFGN (57
—MHEMEE, B NG E BRI B H SR
FuG, W& SR EEAR W AT SR R . AR
o, SRR SUARSARE, HB P NG E ST
R B SRR R ORER S AR . 7E AL ER 4 B
MIPEL I, DFGN Aefg = A Bl fi e (42
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() SCARIE 75 BT A PR 2 i AN AR B . 45 G
FEF A, AR 22 B a1 0 255 B AR
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— LR HE S o EERTIE IR R, Li S5 D2
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GNN IR [ 2 A b, SCHRIAEE H web 275
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RGP E R ERA VIR
5.2 EMEMEEMEYENGYEF PN
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IR S o FEFR MRS LT, KA OS5 B
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JR TR T RABFE o TR 4% 2 xS A ]
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27y 1A JE T . MPNIN CKE 2 BT R SR 242
225y T 2 A GNNIOILSI2615E £ 3k — A HE
ek, HERR A PEAL IR S—sT F
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(G IRAESS . —J7 T, RV SIA L2
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TG HT R 25 2 AR A 27 = SR A T P AN
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AT, IR T GCN SRR Z LB s R AE AN
BN GARAIE « TEZ5HDT 5 2 ST R s e & AL
iff 7 BN P P A AT 55 FRFAE AL L, PR AE XS
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2J5 e R RER LT A B 258 T
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P45 A 8 72 v SR FH A5 i) — AN AT 7
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ITEG AR EE . )R CNN 7 G 4 J8 55 ) - Tk 3]
BRI, HDN BN A s U BB
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SR POV 4 N A4 S AR B 2 TR R I2 sh A
KM, KB B AR R R A M IR, AT
B ENERT IR SR T — R
] GNN, F 3BT A8 MM IR R AIE
B IR R AR E TN S E 0 . T B LF
& N AE RS, EUIZRad R B B 4
ERJHHAT T HAEN . £ TSCN (Two-stream
Convolutional Network) ISUHEZL R, K8 B2 751 1)
EBHfE RS NEEMEEES], H—DRe
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TEEUR IR b, ARG A T BUE N2
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S E R . (EAEEE R R, AR A
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HSCREER LI AIER,  DAYE B[R] SO A R % 1) ok
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12 BUGAE Loy EIrh, ARGERE Ly 81773
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XN AR —H s RS, 5YIRINIRRE
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CNN M 4 UG R EL . iSRS
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BAEEHW AR E RN, W& AR
FA R0 B MR R B8 K. A, SR
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FEEIG K, ARG HE T g 2 A 2
g 2 WIBRREAS, A AT LA R E IR AR
SRR, TR B AR m I HER R . (HRAESLERE
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RLFH 2R 2 2] T B REAR IR EAS 2 )
o] i, Garcia 5 AMSSLREINEEAS 2 SR Dy —Fifr
B BARIBEAES, AH GNN 247 3 31 I e |
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[EREVE
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Z% BEIFREAT SEI 22 5], DGCNN - 7 I 45 HEZE i 4
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DGCNN il FZh s Bl v & ok 27 > 4 JRy sk & A1 )
Ak & Ry AR . AH# T STGCN, DGCNN
R0 i P 47l 412 380 A A0 2 b — SR AR 3R AR A )
s, PRIGAE I 20058 22 AR 22 2 AR —
e S A8 B AL HH A I s D R T R A AR
PESE R, SCHRISELRE I8 PR AL SR S LA AL, FHAE
SR (B R AH T BEAE il , TG i — AN 1)
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B B 16 3 M 4% ( Diffusion  Convolutional
Recurrent Neural Network, DCRNN). DCRNN 7t
P b A7 00 1) it AL A SRl 3R (A, s
FeA B A0 i) 5 S HESR s BA 8 ISR RE Y
V|t 0 45 - AR L 455 R AL A SR N TR A

Ty Ak, N TE B AT N B SR R B B
Kosaraju <5 ANUOMEH | —Fiffi . GAT &5 41
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HAT XU R 3 VP g B 25 - A A S A R S
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WZREZE, BAUA R 5T AT AL SR HAT .
T8 0 g 5 B N 1) ) BB R AT b
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5 LT AR 5 ) 5 (AT T i A 6, DA
A7 NI TR 5] j ) 2 S Ve, w7 A%
TR BN TR FE
5.5 Hft

BT LR A, GNN IETE 37 an kit B i
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OIAT I B O3 b S A AT R 4 E R

FERREE 1, Wang &5 A MI7E Jif B p
i FH GCN FE SR 554155 . Wang 558 N\ B
EEMSAH GCN R E—ANFi— 1 [ 52 45 (1]
W, SRR 1S B AR S B P2 SN %
Fo MAN, SCHERI42DEE GNIN BTS00 2 A s fA
HIREERS . TEARTEMN B, 18T SR G
RS B AR EE AR SR IR o TE S BB,
PR e g b ST AT SS I E bRk gL,
TransERSWE Ay TiUiH 4 Hh A5 o 1A Y (AR 3AAE T
AR DU S i A BRAH B AR, ANTRE R
PIFINZR. EE BRERT, TR HRHIEAS B
K 22 W 4% ( Feature Interaction Graph Neural
Network, Fi-GNN) HI - midiZ&fiill. Fi-GNN
(R RERE REAS [ AR, % REARRAIE 2 ] () A2
TN . Fi-GNN HH B s aErE, R, B

MG 2% R PRI AS AT A, N AT R T
TFEHE KU PR R R . (EHETE RS L, SR
U P -HEFE IR RIEAR B RL, H GCN MH
FURIIGH 2 51 = g B, FEH RNN
WK SHE S TR R, 58O HER R
FEIAN A o (ESC T BNAS 2 S A 75 T, SOk
(L6155 H — o T i) 30y 25 9 4% 11 TG M B¢ 2 > Rk
Dynamic-DGl. Dynamic-DGI HEZE 53 A P44,
o R AR X4, FH SR P 45 R R 1 R 4
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AR BT SRR E SR IR R & . N T I0(E
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Background

Over past few years, more and more graph-structure data
emerge in real life, such as Internet network, social network,
protein network, compound molecules and others. Due to its
complexity and heterogeneity, graph-structure data 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 excellent performance has
aroused high attention and deep exploration.

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 achieve 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.
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This paper provides a comprehensive review of existing
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 idea, learning
method 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 between them. The
authors also elaborate the specific application 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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