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FIEASE: IR 2%

P22 I 28 O BE & B T 2005 4F 1 Gori 85 00 $ Hh, Al (5 S psh 40 W 8 AU RO AT TR, 00t 17—
Toft FH b B PRI 5 R B AR . 2009 4, Scarselli 55 101 XA HEAT T VEAHIEIA. L), BESA KT
P 22 [0 2% (R ASE TR R IS R T U B2 . G5, B 8 X PRI 45 R B3 7 7 B R AN T 1 T, e 2 oA
2RI T Ve SR S I D B KRR S PR I 44 ORI ST D77 ) R AT A S ) 1 AR R 4 .

AT CA LSRR I 2 I 28 2B AT 14338, SCHR [11] e P 45 R B0 A it 12 400 sk O R 2 2
SJTREBAT T 4508, ME TR TR SR NEE T — MO LR 2 I G0 —HEZRZ A5 SCHR [12] #4
B2 28 D3350 N =2 MBS 3] B A STtk e, I AR e D St B A A BEAT A
Z4. P HT AR EE; SCHR [13) S T IR ISR SR AR R | ARARRT — FRHEZR, R IR Ao 2 X 4% X 8 P
P REER R ARG R RSB B STIR [14] SR T MO RN K K05k, EEAE T
BIBRRMIZE, I 45 T BRI X 2% J7 IRAE A [A) 2 S 55 1 BT A GRS A 3 .

ASSORE T B 22 X 28 AR (R AR K N2 P BEAT SR8, FF B AR R A7 TR AP A 1 1) . 5 He At £33
SCHREIAN R ARAE T, BATZE TR 70 bR e, JF HA 28 PR 22 I 2 = 5 1O S F R . A ST RAR S5 )
R ESEA R =R B AR R R AR, 73l A T B U R ) A R X 2% L R T e e
20 P2 RNEE T A2 J 5 VR K VA 2 P 28 58 R i SRS TR A 1 20 S R B O AR ] A ol S5 D T ) L
e fie ARSI 7277 ).

2 HEBRTHE

H AT V2 T AL B S5 A N P2 I s R IR L5 S5 ThRg, KRBT Ar =28 B —
JEIEHE T2 ) J5 0 1) B 2 P 2 AR TR | 55 SR R T U T 1 A e R AR AR B = SR P A A
RHIH TR A

2.1 ETTEFGENEREZEMERE

BT [A) 7 V5 1) BRI A 22 0 22 S B RELAR 2 R F L A3 A 3R L], BT ROIRAS AN, s — )
ZVE AT 1 b ZIAR AR RURESAE B
2005 4, Gori 55 O S H 7 — Pl () 22 I 25 AR TR — PRI 28 IR 2 A5 20 JRATTRR IR X 2% (graph
neural network, GoriGNN), ‘& 1] LA Ab P2 ] 25 4 KA a0 N, 3 — B0 9 T T 22 [ 7 9 ) P o 48 o) 2% A5
R TFAIVE TAE. IZBAAH S AR B BIZMEEE N G = (V,E, Ly, Lg), Hh
o TRV ={v,ve,..., 0}
o HEE E={(i,7) | W v, 5 v; HLE}, X8 (4,5) = (4,1);
o Iy v; BIRFIEIAE, 0 U

F1 RBESH
VA s it
2E[0 57 GoriGNN (9101 LGNN [15], GGS-NN [16], GPNN 17, GGT-NN [*8 | FGNN [19]
Tk Spectral GCN [20] | ChebNets 211, GCN [22]| CayleyNets [23]
B AR T A as: SDNE 24, VGAE 1251, DVNE [26]

FTFE R4S : GraphGAN 271, MolGAN 28], GraphSGAN [29]
HoAl A 59 GraphRNN 1301 DGNN [31]
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Lne(iy: 1 KL vy SBHEHIFTA S RUHRFAE 1) oA BRI AR
Ligy: 32 (i, §) BOFFIE A &
Leo(iy: 1AL vy RIKHIFTA L BORFE o) B ) 56 5
o Ly ={l,la,.... I}
e Lp={luy | (ij) € E}.
XTI G, BT RN E A NS &K G = (V,E, Ly, Lg, X') #%, Hh
o t=1,2....T AKZ (2);
o 2V A v 7E ¢ WZIFPIRE,
o xﬁfe)(i): T ¢ I, 57 v AR T SRS R A
o Xt = {x:(tt),xét), . ,gcg)}.
AT AL ¢ B ZIPPRESHM T ¢ — 1 2R ¢, BRERIAA W

I'Et) = fw (117 lcO(i)7 xflte_(:))’ lne(i))y (21)

H foo RESH w WREL T RCIRES AW B B 2Rz 0E. AR wE 1 .
GoriGNN FF7E FH AR A e @ (15 FUCRFAEAE AT 22 08T J5 IR AS T AR 52 ) (015 J2= S5 A 1 2
ARSI ME. 2010 4F, Bandinelli 25 1] $2 1 7 43 2 EIMZ /4% (layered graph neural network, LGNN),

17,(;71)

t— 11z (2)

E1 (a) MABESEEEIE G; (b) t—1 B (B) 2 t iz (B) I HRERTEE; (c) BREIE, Hb o
=H 1« M RIARE R
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FIEASE: IR 2%

i 2 s, F BRI GoriGNN SEH: 45— 2 B4 A\ 1 B 6 odls M B b i — = 1 543 2 B ES(E
SFEf. SCIGUER, MACTRR RGN, LGNN sl ik 205 2] BRI A — e R T T il R I AROR
i 2.

2016 4, Li &5 6] 2 H T T FRAI# 4 4% (gated graph sequence neural network, GGS-NN), Ul
Bl 3 iR, WA RS BAL R RE A T 13206 BT (gated recurrent unit, GRU) [16:32) 845 AR
B kg v A I 4. Li S50 B TBE 45 1t Fe 2 O A e X 28 AR [ b VR 22 Il R
A, A B AR I R 5 A2 ] R4

—ey s, FREAE R KR SRR B 0 T IX AR, 2018 4, Liao 5 071 2 T BRI &
M %% (graph parsing neural network, GPNN), ‘E/& GoriGNN 4™ J&, nJ DApid b3 KA. GPNN

T-1)

(
any, | 245 GNN, N o0y | GNN, | —s oD
G ¢ a

2 LGNN HRE{MESR. Hh GNN; 2% i BHEWHENE, 0P A% i BHME, 2ERBEZEEAT—R
A, FESRENAINENETSE G HE

o) o2
f f
nLD (12 (L) n@D (22 520
NVASORN L i 210) v VI 9020
l o ! /
nLD 52 5 (1s) n@D (22 (209
o)

t

’H((]T’l) — ’H(()T’Q) — . —>H,()T’S)

Va(T> %ﬂﬁﬁ’pﬁ H(T’O)

l

W(T) g (T2) (T

3 GGS-NN RERER. VY RRSEIMA LN SERER, HO0 RRE t By, HED fHo
SUFRTHE ¢ RREFFEMASETRMRNEN GG-NN D j 1 k ERSBHEET, o) BRS¢ BHE,
ERIER T B
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FE/N T BT S B ) R AL RS B S T B R 2 R AR 15 B 2 BT 2 8. Sege £ W], GPNN ££
Fe BT AU AR S h RIS, RR AR I AL B AR R BT, AT RASEILY GoriGNN AHARIPERE,
LR R /.

BrIb 2 Ak, 2017 £E Johnson 18] $2H T 1] AR A 22 M 4% (gated graph transformer neural network,
GGT-NN), FIH B g5 B e A — PRI R. GGT-NN 88 5 2 g 7EAH L, GGT-NN Af LAAL 22
LSRN, 125 [ RRAS e 4 e 3 T IR 5 1Y, AR Y e g g U JL-F- BT bADI 4155 B3], 78
FI & BAE 55 bt B AR . 2017 4F, Krleza £ Fertalj 1) 2 H 7 AU A2 2% (fuzzy graph
neural network, FGNN), BRI T IEAHZ N4 (recurrent neural network, RNN) (341 & 25 R g )
(7715 AT B ULEL. FGNN PR FBZ BRI T 2 ki, AT E I, DL S ST EER, ] DAuE 6]
i HFEEE M, SRR T Al = S PR A | PR R 2 X

TR, PP I 2 B e Fe TV, &% AR B TE [ 45 M B 13RI . 2018 47, Hamrick 45 B9 i
YIRS AN I B AR [ 2H A2 A RE 2 N TR RTINSy M A, BEJS 32 T B8 (graph
network)” HEHL, W B 56 2% [B) 75 v (1) B 4 48 IR 288 B 2R 28— /R CHE R . I MEZR [ B AR A0 BB 0 /2
“BE 4% - B (graph network-block), REANHEIHI A H # 2 — N, WA T =ANEH R g0 oY
e 5=/ RELREL pe=v peu F pr=u, M N JZ I a5 22000 T A [R] 1) ek 25000 0 B 2 Xl
1322 W) P P 22 I £ RS R AR 25 2 (2 R X 28 HE SR e AR B9 B2, 9140, BT ST ) GoriGNN A58 BIVZE & )
7 - Yo SO TR FCIRAS AT B80T, JF HAZAEZE I o0 R IA 98l B IR ML TR IF 4 &zttt fe.

2.2 ETIERGENEHEMEIEE

W71 P B 5 T T 43 S ST T2 18 7, W42 7= 2 A Laplace H g 35
T, FER & SR T L s AL L.
B BRI G AVBERE N A, SRS i 175 j SUCE AG,J) 30 (i, ) BLE, B4R D
D(i,i) =Y A(i, )),
j=1

K G BIXFRIA—1k Laplace iR
L=I-D :AD 3,

Horp T RBATHERE. —dEfE S ORTRHE ¢ HSHEpRE) £(t) 1 Fourier ZHOAIR T AR ¢ 1A%
F©) = (f,e*™),

Forb ¢ FRHIE, SR 7€ N Laplace LT A HOSSAERREL KEITFHIN ¢ f0— 435, RATHR
ENAER G ¥ A v LSRN S TR @ = (2(1), 2(2), .., 2(n) TR, Hh o) £
IREME BEY A o, MIIUA. B Laplace HiME L FAHIEAMAN L= UAUT, JLH4EFE U 1955 1 51745
AL wy, EFE A EXTAIZETEE A(L D) SR BIEER A, BIS S 2 1 Fourier &HiH

n

z(\) = (z,u) = Zx(z)ul(z), (2.2)
WA

x(i) =Y &(\)w(i), (2.3)

=1
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FIEASE: IR 2%

Hr w(7) A w PI5 i MrE.
AT 5 A TR AU N S35 P 5 R S T3 S AE AR AR Y Fourier A8 4, 8Bl ] DLE LKA AR

n

(@ *g )(1) = D #(A)FA)u(0), (2.4)

=1

Hrp xg Ron BB XEES o AR v AT HEGLIE R RR N

g(A1) 0
cxxgy=U Uz (2.5)

0 y(An)

Bruna 5 200 $2 1 7 EANMET U7 0 BB G 5B FROYIE RIS 4S (spectral graph
convolutional network, SpectralGON), B AL S HAMEEIZ, MIAN n x d, K7 RUEERERE X,
BN nox dpyy B RUBTERFE Xpq0:

6)(1) 0
Xppa(nj) =0 [ DV VIX,(d) |, V=1, dp, (2:6)

0 (6))(n)

Hdr X,(,0) A X1 (y5) 2 ERARES « MRANBE S § M EES, 0 BRI ERS
Hag, Vv A ELE L MFHERE, o 20 REL AR » PYE RIS RS2 I S5
WDE] O1), HHXFBAEURBEW B, U800 )mmERa La 2, LA 2 R R a4
FEATS 2 O(n?).

PLEIR Spectral GCN B A FEA, Defferrard 26 12U 2 T —F7E G Z P AT K k2 1 38
AP ChebNets, BRI A K IR 2 iUt JESRR N

K
A) = 0kA
k=1

Pk K TG JEARAE T IR BN R & K AR 05T R B RAF Al R, JF Hod g
WSEHEMERIR T O(K) = 0(1). Nt B RRTHE R 21, BAEH] Chebyshev 2150 Ty, i
LSS P REEREE N

dp K—1
Xp+1 O’( Yk + )Ty L)X (:,i)), Vi=1,...,dpt1, (2.7)
i=1 k:O
Horb 07 RMARIEE i MESREHE § AMESH K 4l s iun g, BRI 7 —
BT 2 2 ERAT7E B8 [ E i Ktk as B DRI B 1 2 2 121,

YE MR ChebNets HIfiift, Kipf Al Welling 22 $#2H 7 R4 (graph convolutional network,
GCN). IX/MEAL Chebyshev 2 IisU#f 8 —x, BIZE (2.7) H4 K =2, HFHKE

(0)](1) = —(8)](2) = 6.,

K2
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AT HUE RV, STARREIE A BT T R E) A, kAR B SRR
X,1 =0(D"3AD 3 X,0,), (2.8)

O, #& dyp1 x dp, MSEHERE, D & B 5 AT HERE A 13300 FEHRE. 7E R P W B s BT
SR, BUE M EIER T SEOR, 2R softmax 482528 B9, oI I %E i H AR Bt
N BRAETS R AE SR A 2k 1400,

Levie %5 [23] 7E ChebNets [ b, 321 T —FhHr 3L T3 0L I KB R M 448 CayleyNets,
HEET Cayley Z WA ER ML GHULIERS. Cayley 2T E REH r SLREL

T

Gen(A) =co+ 2Re{ Z cj(hX —1)7 (hA + i)_j}.

j=1

Cayley RLYES2E XAEKME T f LRSI IESS:

Gf = gen(A)f =cof + 2Re{ > cj(hA —iI) (hA + iI)_jf},
j=1
Horb e #1 h RAFNISAS L
Cayley 1888 BA RAFHI TR AERGHE L IESR# ] LR IR )y Cayley 20K, IRUGLIE
WHA R AR, A Chebyshev Z I ChebNets, CayleyNets [FJFEORIE R 14 A1
LMESLIREE. 5306, h AR NS4 T8 R BE B 08 AE I SR SR B, DU T 75 1) B A AR SR
T, £ B HSEMIE L, CayleyNets FLA B & 5 45 (1R .

2.3 ETHERFZENEREZMERE

X R B 2 2] ATk I E w5 (autoencoder, AE) 41 FIA: s XT P 4% (generative adversarial
network, GAN) 421 BRY £450 [ A Rl AT 55 1) PRI 28 D00 £ A5 2R T 3 D 5T 1 R 4 1D P o 40 D) % AL B
AR U L8 R BRI 2% . S5 4%, — S A PR A Ao 22 0 26 Kb L BT A i 55 Y R o 22 ) 2% AR o ]
N BTG

2.3.1 ETBHRIDERHEREZ ML

AE REARTZ AT R E ¥, EERMAEMNET i i, 22T AE [ BIAE oA H g
Z. BT AE 1P W 2 IR A B ARYR B AT 5 4 &% (sparse autoencoder, SAE) 431, SAE SR N
™ L, ERHK:

N

min £ = ; 1P (i, :) = P(i, )l (2.9)

P(i,:) = G(hi), hi=F(P(i,:)),

Horfr P #1 P 43 S e R A0 R AN A SRR by € RY AT AL v BMRGERIR; 7 R G 433 g itd 25 A0 fi
M8 d < N, IXH d ARG E AR, N 1RG0 S HEL

% SAE ) EAH, Wang 25 P4 $-H T 45 MR B 25 RN (structural deep network embedding,
SDNE) &8, (2.9) X RT715 sl B9 ZBrAR AU, B G SR A7 s B ARABL — B 4B, e A T EAT AR A
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FIEASE: IR 2%

Ho2e7R. (BFE (2.9) %&b B AR T i F ik
N
min £, = ; I(AG, ) = G(ha)) © bill,, (2.10)

M A®GLG) =0, by =1 B0, by = 8> 1, g 2SS KT —BrHEeUE, M EE 07552,
HAR R R Hn T

N
Ly=Y" A(i,j)llhi — hyl3- (2.11)
i,j=1
RZ43%3] SDNE 42k s T
L=Ls+al,+ L:reg, (2.12)

Hot Loeg AIEMI. SDNE [HE NS 1] 4.

AR5y H Yl 4% (variational autoencoder, VAE) 44 Pz TR B 2R D) R T IR W E
S BT RN, Kipf Al Welling 1290 $2 748 7 & H 4 i 35 (variational graph autoencoder, VGAE),
e AN VAE HEPEIEL L. ELARTS A

N
(A H) =[] o(h:h]), (2.13)

i,j=1

H by i Gauss JE¥ i q(hy | M, E) = N(h; | M(3,:), diag(E(i,:))) 58], it GON 22 53401~
Gt 35 IR BN 5 ZE R B

M = GCNy(FYV,A), logE = GCNg(FY, A), (2.14)

ENSEIPN

Laplace
REE B

i B - 25
<— bR bR —»

ik

ity i PR

OO

Bl 4 SDNE BIBHFIER. WAKIE «; M o;, HEZEFIRFR, BEIHEBEE & M 2;. BRI AA
#B5r: (1) FRRRET Laplace $HERS Z FHE/IRK; (2) # 5 = ZEHEMHRKL
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VGAE P4 AR Ny

p(A| H) = HHp (@ 5) | iy hg),

i=1j=1 (2.15)
p(A(i,j) = 1| hi,hy) = o(hi , by),

Horb A(i, j) REABIEFEFE A FITTR, o() /224 sigmoid eREL. R f/ ML T k%S4
0= By pv,a)llogp(A | H)] — KL[g(H | FV, A) || p(H)]. (2.16)

AR I R B A2 O(N?).

%] SDNE P4 {5 %, Zhu 55 26 $EH T IR 734 (deep variational network embedding,
DVNE), {5k ¥ 515 fiR RN Gauss 4041 {HH Wasserstein B 25 BAQZ HT 1) KL R AR A &5
R, HARK R EL € = 01 + aly, Forp

=Y (B} +exp(—Euw)), (2.17)
(i,5,k)eD
ly = inf Eyp)Eyz plPo (P —-G2))3 (2.18)

a(Z | P)

EH B = Wa(hil|hi) & hi 5 h; [8H] Wasserstein #555, D = {(i,j, k) | 7 € N(i),k & N(i)} XN
TR B = e AR G, PORRRSIERE, Z B H RS E]. DVNE FHESRANE] 5 .

2.3.2 ETHBAITIRMNEREHE MWL

GAN HIBAIHT Goodfellow 45 12 £ 2014 52t . GAN HHPHHEIMFAI R ALY Gy A1 I
Dy AR R 27 33— IS 56 A30e A B8 e sl AR ST 2R (1 41 P A A 491 5 LS A7
FE IR A AR Gy BT AR, G (1 H A& 25 AT DU B 400 &2 BREG, Dy sl IERR X 2 FEAS.

@@ O @ @ ®
EEES EEES EEES

- W - - -
@ LS TR @ DEESLE RS- s, g | — @
HEF

5 DVNE HIEFEZR. MAKIE xi\ x; 1z, BEZEFIHENLE, BEIREFSIRRT 2. 2; M
zk, RGN 2\ 2; 0 & MERBOAAEBD: (1) BESHEFENHFRE; (2) ¢ 5 & ZENEN
ik
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FIEASE: IR 2%

PAL HFR Y ming maxy Eyp,... (2)[108 D (2)] + Eonp. () [l0g(1 — Dy(Go(2)))], et =z FoxBENLAH I
e Ddata o8 FLSEHHE IR NI 73410, p, FoRMEFE AR 23 A, T I /R JLFEE T GAN [543,

BT HLAE M 4% (graph generative adversarial network, GraphGAN) 27 3% GAN HFEEK R,
A pAE GRS A L SER R 70 A, I AR BRI T 5 5\ s E R I L AR D R E
LR FIR T RO (v, v) PEIEME, Fh — N EUERF R A v 5 v, ZIEFELI AT RedE. o,
AT AR S AR R T LRV LR 1A 0 ) S (D S A s PRI A B R F SR Aok B kAT, TR AR R 1
BRSO R, 2T B softmax J77%. GraphGAN EH R RIER, (HEREZ4b: (1)
YE A SR E A B L (2) GraphGAN FS2I6 R RAE F T34 550 B E 5 A i T 1
b () i HE 2R R RN HE T, (H2 ORI S8 R AN 1

De Cao Al Kipf 28] $2H1 ) MolGAN BRI T4 sl ML 78] BRAE s 5 4 €341, MolGAN
BRI O — AN R R, TR S 5 A U REAR AT T 43, T, T AR B 1 AE K R R
AR EFN

GraphSGAN 1290 7 B} 2 i B 52 27 [0 U TH A & AR, GraphSGAN BEIE T M,
EHT R E. B0 BRERFA GAN RAGTHT K% B, % ERFRA R S, £ GraphSGAN 1
o3 R EAR GAN RS, A AR NN Gauss M.

2.3.3 Hih4 piRdY

PG FRFRZE X 4% (graph recurrent neural network, GraphRNN) J& You %5 301 $& H i) — i & AE fli Aot
B BAUE I PAN G pR 2 2. Forh — AN DU BT B9 A, 53— AN B E A 877 O8I 5
RN, BRI firans AV BEERL fou, FETIRIMIE N EAEE. Py, R H 0, ZHACIIHER
o, AR ERES n STEMRES by TR, RS TR ISR

hi - ftrans(hi—h Szﬂ)7 (219)
9i+1 = fout(h'i)a (220)
SZ?TJrl ~ P9i+17 (221)

(2.19) HUHTEPRAS, (2.21) X9 ¢ IRDERERAE, IR MERFS] S™ = (ST,...,S7), Hdt h; e R?
Rt 2 H AR EIPPIRES, STy NAERUINEE @ — 1 1 SgRATE, 0, T T — /N1 s AT M = 1 4 A
Po,+1 AT LA e & ERE R

Ma, 25 B $2 H i 2h S B & 4% (dynamic graph neural network, DGNN) i [8] B &K i
7. (long short-term memory, LSTM) 451 7EghZ5 K Fh 22 3] 35 AR oR. B4 — 4581034, DGNN i
LSTM 87 A AR T s M FLARSR 2. IR LSTM BENS K47 SR FE i e, AT EAR 22
FH BRAS I O RACR

3 NHF

I 222 I 245 1) S FH 28780 0 S 40 25 BB TR RN [ AR R, e 2. IXe R FH 5 2 AT %,
M EHIEL 2 E AR SR 2 BT AE ) 22 R A 225 . ARG INLEs 2 ) BV B N VR i vk DL
Ve SIS, B A T30 T PR A 5 ok ) 7 B 0 e s (101 Shefigp e o L. SR, 6 AL TR Iy B T i 2 2
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F2 MRS
e 82
RLIEVES TEILHC . RASK . W TTHEFE DO BB fr . — R ER I B 454 Tl (51
P4 25 157 S WS 732 1461 bADBLL A I 16: 18] | SCAHZ A 147, 48]
b g (o 1491 L[5 732 501 R 181, 5] e 07 221 L g Tt [51)
Euclid [W8 SCAZP 26 U RRIEE 732 220 AR [0 (23] FERE R 42 (23,52)
HAAL (TSP [, SAT [a)d) (53-561 | I — il A eIl B7) | 23l Fil (58]

Bl T GISL 4 159601 A A% FE TN (6] e P e e oty (0]
I A ik AN S A N R o S R I SR N A

MEAZIA LS | 2D- IR 3R RS R TR B0V, A Rk e A 2R P G 2y (28]

SRR S IR AME R, SO B 2 TINS5 SR P22 I 2 U 2 L A B P S A i dls, OF BAE IS
TRAGZRI A T AR S 3 AME S, BB BT RS 1A 4R

3.1 Tank

TR E PR WY A SR A MR BT AR

WS BT g 2RI R, 4h L BT SR R IE R B S, MO R 2 ) — AN
FAERL, XTI B, B B B R A Ao 2R, BT AU R R, A — B BT A
AR G /NS 75 s B LA, AIXAS B2 3 — N1 o S B, o) BT AR 11 AT 4y
X AR REHEM G EENHZ —.

BT A 25 GoriGNN 1101 AR Ty b 34 P i v (1) 7 PR D i i 8, 3 A2 PR A A — > NP- X i)
A ErIAKE G A H, B | H| < |G, BEMREE G PREGAES H RMBTE. e
ERE H, IR S5 E B K G AT IISER. T 7 AT AR B R 15 A A RE
G, BRI HT 100% FOHERRR 04, 383 GoriGNN 23] ) T IKULECRE R, RFEE 100 2 R0l n] LS
HaE R, HAEW RIS EART DRI B RI/E L. SOk [10] AR U T A4k 2 o i 53 A6 TN 1)
A, TR R R R, B, —MEARS TRAE ST BN ERER, TEMNEARS T
ARSI SRR [ SRR S BRIME. SRR [10] 45 T — AR R R 4> T 45 MR R T 4 T A B AL
PEBAE N ZR R A3 2 B, Gea ROt 7> 7 BRI S AL R, BEAAESCHR [65]) I s S b
HERI R EA 95%. SRR, SCHk [10] 825 H T — AT W 508 25 19 WX TUHEF 509%%, AT Google
(1) PageRank V%, 1Z5HI5EAE F A 28 OGRS, HE 44 55 BT (0 9 0T 25 5 SC B 1] BE INAH 5¢. LGNN [19] 4L
BUR] T e B A R e 7 1), SCHR [15]) 45 H T — A m st e B, B ZRod 72 5 - UL EE AL,
WZRFEAREL S 1,000 ANFEHLAE BB, BT SRR 15, BANEEES 5 N1 AU E], A B
RUAER Bk 90%. &% 0 R 45 R T i 8, SRk [15] 48t T — N S B, AR SCRR [66]
W EEERAT SRS, B S INE B AEE RN, e L EEM T AR, 5
A T =SS T, = e E T BRI = 4R R AR RPN RL I AR R, R
FIT 20 4 RRIERR FRFE ) B, AR HERA 2N 60%, - HARAY S ZFEAN . SCHR [46] J2 R #h s I 447F
THREMUEME R — AR, INGR T — NSRRI S B SCk [46] FIFH 7 Sk [15]) N2 2
B 22 WX 28 1 V5, 45 & T B 22 2 B9 PM-GraphSOM FE SR MM 2%, 4 T — /N 2 UERf
HIK 93% FIREAL A i8R 45 9 WEBSPAM-UK2006. GG-NN [16] FII GG-TNN 18] #7E bADbI 4155
FEL A IATSS FHUS T R AP RACR, 1% ST 45 #0270 A e i AR At b 23 R IR 2 [ 1) 50 &R
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FIE ) 2 18] R 2.

Rtz A, PR I 265 30 7E FCAR I BT s R I R B Tz S . AN A T — 2% NP- A
) R PRI, dn TSP )/ 1551 F SAT (i)t (561 &5 SR AE FAR A VF 2 RN, A0S0k
P 147481 0 H b A7 (491 AR 424 501 L ) e B (18T L 5] ST % LT R T Y S 3K 7 43 Tk B P e
28 X 28 5oF T g R B R A0 2R R R — AT B R Tk, o H e @ 2 Mo N R R SN sk 2 .

e BT 4325, ChebNets 571 211 #8 MINIST #4 FE _E1) Buclid 17 BUEE T 99.14% FIHER
X UiH] ChebNets 1] LATE— (1) B &5 F 58 EARBURHIE, 485 A 2D A%, [, ChebNets ik
N HAE 20NEWS #E 4 FdAT SCA 2K, N 18,846 MMIIZREdE, H M TEEHE ) 93,953 A4~
] ELEREN 10,000 AN F A, S MHARHERT R R 68%, i T T5 2 HE 2 S 8N M 4. SCHk [22] 4
T —NEHCON 1 MEGRME NSRBI FEN AR5 SC S HHREE Citeseer+ Cora Al Pubmed I,
FoAr SCRSPE NS R, B SCRE R I, AR SR HER 2N 70.3% 81.5% A1 79%, b2 1T I B ik A A
TR AR L. R, BERLE AR S B 4E NELL B0 2RUER RN 66%, LT BIRARERL. SCHR [23]
TE 15 AN X A BRI 1) 80K CayleyNets #5845 ChebNets #E83E4T 7 LLER. BIAMEAL 43 BIFE AL
R )/ EELAS T 95% A1 90% HIHERZE, IX Ui T CayleyNets Al ChebNets BE{R4FHLIX 7341 [].
AN, #E MNIST $d EA1 5] e 28 %05 )% CORA |, CayleyNets 43 BB T 99.14% Al 87.9% (K]
WIERZR. STk [23] EHERE RS LN CayleyNets B 3 id AR 20 B 36 0% FH P AT H B3R, o 1 7t
B RN A I R, 2 R ORAE A CayleyNets 578 SR G AR B4 ) 8, 33k T SRARHHESE R G0 0] L A
BIFE MovieLens ZHE5E FIAR, A2 T 92.2% MHERGZR. TEBURIRTT, A2 TR 6 28 Rk R & 3%
) SCE K. SCHR (58] B HA A B T) - 2 (i) Pl o AR IO 285 1) 7 v NI T % - 350 3 B, /E BJER4 B¥a 48
EUARAR T HAR T VR R AL, 3EA — S T AU ST S5 T A B A X A BT AR v
FRREAN A B2 A A 15354 FARAB, — kil A Aar ) (571 S5 Sz i B T I 48 N 45 e A Ak A e B
BT R RS

3.2 HERETUN

BB IO (v R SN, 4 — S, B B RN (BR) LB RHIE, ARG P 2 5] H — AN T T
DRI, 03K 12 P i 255 0 4 11 L 000 A DB PR 15 Ui O 6. FE IS AR VG v, oAb ANAE 1) I 2% 25
FA S A5 B RO R AT 5 R IR R 75 55, Gk S X 28 v FRg IR A HE A 167- 681 B2 HERE (691, SR B3 b
4 70D R R 2% B A4 (71 DL AE AR5 S 2 e ) — S AR L P (721 PRl o 22 P 8 A 2R o T Mt o e
T e R R REAT 2 A L

SCHR [59] $EH NetGAN F8 FRK H N B T 5] XM 25 50 #5 & Cora. Citeseer~ DBLP. Pubmed #fl
Polblogs, i8R Hdfs i b i SCEAE IS AL, 91 2% A 9 BRI, #e) e IS5 B0s F T2k,
33 84.82% 96.30%- 86.61%- 93.41% F1 95.51% [] AUC (area under the curve) {H. 734k, SCHR [59]
EH4 NetGAN 5 Adar. DC-SBM. node2vec 1 VGAE J5 75T T HL4L, B T 1E Cora Fl DBLP #(#f3
J b BE A T VERCR 22— 2ehbh, RSB i LRCRF R fe . [FARE, SCHR [60] YIIZ% T Graphite-AE
Graphite-VAE 8 H T 5| S 255045 % Cora Citeseer il Pubmed, 5 SC. DeepWalk. node2vec. GAE
(graph autoencoder) 1 VGAE 1E T Xf b, SR5645 B B Graphite-VAE fBIFELL b 3 AN 5] 3L 28 245
JE ARG A R AR, SCHk [6] $E T 2 TS AL SEAL (learning from Subgraphs, Embeddings
and Attributes for Link prediction) #&, K H N HLE USAir. NS, PB. Yeast. C.ele. Power. Router
A E.coli #¥ i, Horpr USAir 2R E M M8l B, NS &R0 5N R UME R 2 Bdlz 22, PB &3
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IO T 28 B0 08 R, Yeast A& REH 1 85 15 AH BLAE FH M 28 B4R, Cele 22 75 TN R AT 2k L # 2
WA 2% B3 J2E , Power 255 [ P4 305 FL O B0HE JE, Router A2 4% H 2% 2 70 IR I BUHE 2, E.coli A& KIAT AR
2%, SCHR (6] K SEAL i85 — el G (1) IR ARBLAUE [ X LE, #EUS 7 iRt fe, Ui i 1
SEAL A A] DLEAR 2245035 A N FH .7 B PR e ) A 6 L0 ) 0 2 R AR ), 56 - 00 % 1) ) R 2 A B s
ST T L TR B, SR, V5 22 S B B FH 75 X 19 A (R 0 R AT S, X Pl G R H T Ak
X ORHR, T 0TS B AT B 0. STk [61) 2T BB ZEFR 1 2 A % T (neural hyperlink
predictor, NHP) #5784 Jf HAEAR M 48 Hdf 5 1AF692. iHN637. iAF1206b+ iJO1366 A5 SC R 284045
£ Cora. DBLP #H4T 7 5254, it 5 SHC. node2vecs CMM A1 PinSage H#, NHP 7EiX Lo % 2 T
HHAT T B IF I PERE. X LE R FH AR UL 1, JE T R 8 o] 25 A 2R Ay 2 P FH T AR A B T i 83 ) 7k
ANMNAE 22/ A s D, G R A2 T R AT 1.

3.3 [E4XERK

P A AT 55 A a0 — 2 AT AR IR ) P 5 A B R AT I ok o >0 2B R S e Bl . T I b 2 Y
28I LU T BN S B A O TR A i e, T RIS 5. BRItk 2 o, X e iE
A DR T BEAUM AL 58 0 258 R S S AR PR . SRR B, T TR o 48 9 5 g 22 09 52 2 ol RIS B L 2 TR
P A AR R A E SEAR, AAOR BE

SCHiR [62] 45 A EAE I Z RIS 7 H YRS HLEE T GraphVAE, ¥ A F /NI 1 B AE A, 8
AR QMO HdE AT ZINC il e B AT I, SE38UE B GraphVAE B R I 51 B 3 s RS BE. 5L
Hk [63] $E T IEEMAE 7 B gmtSAL (junction tree variational autoencoder, JT-VAE), HA A1 EIH M
BB, A TS R AR BARIR G5 R SR, SRS R E AT T A A B G AL s ) A5 B A% 2 A
BTy EAITVE VPR ALZ Y R 7, RIS CRERRE— 2D A R0, 78 ZINC Hidls e BRIk
SERANGI T JT-VAE FIA R EE RIF TSGR, B3 T JT-VAE £ T GraphVAE. GraphRNN 2]
A I A Y R AT ) S T A R AR e, G I AR SRR B R A B B A . R AN AT LA
ST AN BSOS R B i EL AR BB B A 2 BT T8 K T 50 %, #E3CHR [30] 1, GraphRNN #% FH T
BRI, Wk AZ 2% . 2D- A% IR 3 5T 45 A TN 45 e WL AR R T~ 245 R LS R 2K
Boseig ek B T GraphRNN M RELFT GraphVAE Fl DeepGMG 5457 . MolGAN [28] 705 ] -+
AN AR R, ST — Ve A B B I A, O FLE R g A 5 2T B 702, (e RE AR R R A R
1721, 75 QMO AL~/ B0 e Y SESG e B B Re g 2 A 3 100% BIA B &4

Btz Ab, I VE 2 5T B2 I 2% (1) AR 8, 0 NetGAN 991 85 FESR R, AR s 28 AN
A DAFERE A X2 B 1 0T 45 R FOUIRI AL 2 231 BT AR R S I FH b R # LR SR AR Y, G T DK HL 82 F 31125
WV 28 S5 R BT H M SCA AR A A A5 rp . Aok, AR B 2 ORIR 7 21 P ) — > BRI
WHFLTT ).

4 KREMRAGE

4.1 FhASHER

AT KB 43 5 245 SR FE B s IR 2. SR, 1R 22 IS v 75 2 AL 21 09 ) /L EL A B AS IR R, 1X 2 i)
FEUK PR 22 P 2 A B v R R K. BT, AETCZa@ A5 P4, ™ AL B Rl T AR A, 03 it il 55 16O P
[FIFEREIN (B A2 4k, ORI IS, RATTPR I T R AT REPE. — M e M & A Sz AL RE 7T, K3l
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A5 [) B A ol 2 A S AR AR PR T I R P i A A R A e ) ;. R R BN A AN B A A )RR
AE, SRR A2 B AR A S8, IX N ) H BT WP B AT, Vinyals 25 (73] fl Wang 25 74 4351 2434,
L GraphRNN HEZEfiR 12l 25 n) &l

4.2 TIRBRMESREEN

TR IEE27: ST 1) PR A AR T — BLA7AE P AR RGP 1 L. R 4o 228 X ¢ o ) S R S 230 0 I T A R 3
PRI (13, PR G Z TRV RIPIEAE ), BRI, PRI 2 X 24 S5 B0 22 AT AR ) o T AT AL (Z
JSTHR [56]). BE— PR Z E 24T D9 AT AR A S AR 7 K — S B 2 ).

FEVR L 27 21 Uk, VR JZ WA 48 GE AN HE L. 80, — FhAE PRG0S U AR I H 0 o 28 o 24 7 7 19X 2%
(residual network, ResNet) FA 152 JZ (Z WICHR [75]). 1H1E B2 N 25 ek, 2 228 Al =)=
(S WICHR [76]). A SLIeRY], BEE WL R8N, Prf 5 S RsEia i FME, MR T (S0
SCHR [77)). ORI AR J2 R DR 208 T DAL B K B0 25 B0 [R) P B iR RO R TR BE 0, R 2 I 4 ) % 0 o0 B4
ARTAT PR S BTt e — M FHR R IIHE T 7 1)

4.3  ExHB

VT2 31 (A EETIO7 1RO A e B L. H ST S 28, BLACTRFE P 3 25 5
SHHREA RIS (50 [78]). XHHTRE AU MO, UE T AR RA TS
SRR, (FRRER B & S B 2 I 52 4 B B B2, TG R T A IER ik
SRR RS 51 % A PEATUSR BT G 0, 25 R P 2 3 78 P R PRV RS 32, PR B 1l
Sk, PRI o TR R M B AR AEHEAT SR BB, DA PR X 2 AT (2 L5
ik [79]). FEXTHB T, Bayes EIAH P14 0] S5t 44 00 M5 i B 1F — ey 2 HEMLIIISTBL, 327+
TG TR, F AT R RS TR (20 S0k (79,81, 82)), (R F ik
—BHE.

4.4 TWIIREM

FEALAE IR ANHERE R G557 T, W W m BN U B S5 My Bl AT AC 2E. B 2 BB fh e
ZEANREN R R, R DR ELAE Y AR S BRI (A B AN et AT, LAl Laplace R 73 fif
I AESE (2 WSCHR [14]). H AT CA BRIZERAE 83841 -7 [T 25 85861 1107595 F T3 T 11 e 2 ) 45 ) ]
PR, (E R Z 2% B AT R AT Dy — A L ) LA A 5T .

B 1 IR ER BN UAS T3 R, AR S o 1 1] ) o 2 4] 5 DR o 22 ) 2% 45 A RO 2 45t AL AR R
R

5 518

AT IR P 283K — VR L 27 SUB R HEAT T 4518 AT Ja /vl 1 ) LR B ph e o g i A 3
T TR A E A R g AR TR | R 3 ik ) P 2 X 2 A R R A Jl 5 Tk (B e e P AR T
LT EAHE S SRR EAME S5 BRI, FF0 RR BB FT 7 [ BEAT 1 70 A A R 2.

B AXLRALEARET 2018 F 9 AZE 10 ALK “BAZMR” At 50 50 R 8R 306 3BT 4518
B8 B, BERARE, ANSIALTR . ZHIEETRRE TS Z20E L. AFH AR TRITAM.

380



REREE i 508 33

S

1

10
11

12
13

14
15

16
17

18

19

20

21

22

23

24

25
26

27

28

Duvenaud D K, Maclaurin D, Iparraguirre J, et al. Convolutional networks on graphs for learning molecular finger-
prints. In: Advances in Neural Information Processing Systems. Montreal: Neural Information Processing Systems
Foundation, 2015, 2224-2232

Miwa M, Bansal M. End-to-end relation extraction using LSTMs on sequences and tree structures. ArXiv:1601.00770,
2016

Peng N, Poon H, Quirk C, et al. Cross-sentence N-ary relation extraction with graph LSTMs. Trans Assoc Comput
Linguist, 2017, 5: 101-115

Garcia V, Bruna J. Few-shot learning with graph neural networks. ArXiv:1711.04043, 2017

Wang X, Ye Y, Gupta A. Zero-shot recognition via semantic embeddings and knowledge graphs. In: Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018, 6857-6866

Zhang M, Chen Y. Link prediction based on graph neural networks. ArXiv:1802.09691, 2018

Bojchevski A, Giinnemann S. Deep Gaussian embedding of graphs: Unsupervised inductive learning via ranking.
ArXiv:1707.03815, 2017

Zitnik M, Agrawal M, Leskovec J. Modeling polypharmacy side effects with graph convolutional networks. Bioinfor-
matics, 2018, 34: 1457-i466

Gori M, Monfardini G, Scarselli F. A new model for learning in graph domains. In: Proceedings of the 2005 IEEE
International Joint Conference on Neural Networks. Montreal: IEEE, 2005, 729-734

Scarselli F', Gori M, Tsoi A C, et al. The graph neural network model. IEEE Trans Neural Netw, 2009, 20: 61-80
Bronstein M M, Bruna J, LeCun Y, et al. Geometric deep learning: Going beyond Euclidean data. IEEE Signal
Process Mag, 2017, 34: 18-42

Zhang Z, Cui P, Zhu W. Deep learning on graphs: A survey. ArXiv:1812.04202, 2018

Zhou J, Cui G, Zhang Z, et al. Graph neural networks: A review of methods and applications. ArXiv:1812.08434,
2018

Wu Z, Pan S, Chen F, et al. A comprehensive survey on graph neural networks. ArXiv:1901.00596, 2019

Bandinelli N, Bianchini M, Scarselli F. Learning long-term dependencies using layered graph neural networks. In: The
2010 International Conference on Neural Networks (IJCNN). Barcelona: IEEE, 2010, 1-8

Li Y, Tarlow D, Brockschmidt M, et al. Gated graph sequence neural networks. ArXiv:1511.05493, 2015

Liao R, Brockschmidt M, Tarlow D, et al. Graph partition neural networks for semi-supervised classification. ArXiv:
1803.06272, 2018

Johnson D. Learning graphical state transitions. Https://openreview.net/forum?id=HJONvFzxl&noteld=HJONvFzxl,
2017

Krleza D, Fertalj K. Graph matching using hierarchical fuzzy graph neural networks. IEEE Trans Fuzzy Systems,
2017, 25: 892-904

Bruna J, Zaremba W, Szlam A, et al. Spectral networks and locally connected networks on graphs. ArXiv:1312.6203,
2013

Defferrard M, Bresson X, Vandergheynst P. Convolutional neural networks on graphs with fast localized spectral
filtering. In: Advances in Neural Information Processing Systems. Barcelona: Neural Information Processing Systems
Foundation, 2016, 3844-3852

Kipf T N, Welling M. Semi-supervised classification with graph convolutional networks. ArXiv:1609.02907, 2016
Levie R, Monti F, Bresson X, et al. Cayleynets: Graph convolutional neural networks with complex rational spectral
filters. ArXiv:1705.07664, 2017

Wang D, Cui P, Zhu W. Structural deep network embedding. In: Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. New York: ACM, 2016, 1225-1234

Kipf T N, Welling M. Variational graph auto-encoders. ArXiv:1611.07308, 2016

Zhu D, Cui P, Wang D, et al. Deep variational network embedding in wasserstein space. In: Proceedings of the 24th
ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. New York: ACM, 2018, 28272836
Wang H, Wang J, Wang J, et al. GraphGAN: Graph representation learning with generative adversarial nets.
ArXiv:1711.08267, 2017

De Cao N, Kipf T. MoIGAN: An implicit generative model for small molecular graphs. ArXiv:1805.11973, 2018

381


https://arxiv.org/abs/1601.00770
https://doi.org/10.1162/tacl_a_00049
https://doi.org/10.1162/tacl_a_00049
https://arxiv.org/abs/1711.04043
https://arxiv.org/abs/1802.09691
https://arxiv.org/abs/1707.03815
https://doi.org/10.1093/bioinformatics/bty294
https://doi.org/10.1093/bioinformatics/bty294
https://arxiv.org/abs/1812.04202
https://arxiv.org/abs/1812.08434
https://arxiv.org/abs/1901.00596
https://arxiv.org/abs/1511.05493
https://arxiv.org/abs/1803.06272
Https://openreview.net/forum?id=HJ0NvFzxl&noteId=HJ0NvFzxl
https://arxiv.org/abs/1312.6203
https://arxiv.org/abs/1609.02907
https://arxiv.org/abs/1705.07664
https://arxiv.org/abs/1611.07308
https://arxiv.org/abs/1711.08267, 2017
https://arxiv.org/abs/1805.11973

FIEASE: IR 2%

29

30

31
32

33

34

35

36

37

38

39

40

41

42

43

44
45

46

47

48

49

50

51

52
53

54

382

Ding M, Tang J, Zhang J. Semi-supervised learning on graphs with generative adversarial nets. In: Proceedings of the
27th ACM International Conference on Information and Knowledge Management. New York: ACM, 2018, 913-922
You J, Ying R, Ren X, et al. GraphRNN: Generating realistic graphs with deep auto-regressive models. In: Interna-
tional Conference on Machine Learning. Stockholm: International Machine Learning Society, 2018, 5694-5703

Ma Y, Guo Z, Ren Z, et al. Streaming graph neural networks. ArXiv:1810.10627, 2018

Cho K, Merrienboer B, Gulcehre C, et al. Learning phrase representations using RNN encoder-decoder for statistical
machine translation. ArXiv:1406.1078, 2014

Weston J, Bordes A, Chopra S, et al. Towards Al-complete question answering: A set of prerequisite toy tasks.
ArXiv:1502.05698, 2015

Rumelhart D E, Hinton G E, Williams R J. Learning representations by back-propagating errors. Nature, 1986, 323:
533-536

Hamrick J B, Allen K R, Bapst V, et al. Relational inductive bias for physical construction in humans and machines.
ArXiv:1806.01203, 2018

Shuman D I, Narang S K, Frossard P, et al. The emerging field of signal processing on graphs: Extending high-
dimensional data analysis to networks and other irregular domains. IEEE Signal Process Mag, 2013, 30: 83-98
Shuman D I, Ricaud B, Vandergheynst P. Vertex-frequency analysis on graphs. Appl Comput Harmon Anal, 2016, 40:
260-291

Dhillon I S, Guan Y, Kulis B. Weighted graph cuts without eigenvectors a multilevel approach. IEEE Trans Pattern
Anal Mach Intell, 2007, 29: 1944-1957

Goodfellow I, Bengio Y, Courville A, et al. Deep Learning, Volume 1. Cambridge: MIT Press, 2016

de Boer P T, Kroese D P, Mannor S, et al. A tutorial on the cross-entropy method. Ann Oper Res, 2005, 134: 19-67
Hinton G E, Zemel R S. Autoencoders, minimum description length and helmholtz free energy. In: Proceedings
of the 6th International Conference on Neural Information Processing Systems. San Francisco: Morgan Kaufmann
Publishers, 1993, 3-10

Goodfellow I J, Pouget-Abadie J, Mirza M, et al. Generative adversarial nets. In: Proceedings of the 27th International
Conference on Neural Information Processing Systems, vol. 2. Cambridge: MIT Press, 2014, 26722680

Tian F, Gao B, Cui Q, et al. Learning deep representations for graph clustering. In: Proceedings of the Twenty-Eighth
AAATI Conference on Artificial Intelligence. Menlo Park: AAAI Press, 2014, 1293-1299

Kingma D P, Welling M. Auto-encoding variational Bayes. ArXiv:1312.6114, 2013

Baytas I M, Xiao C, Zhang X, et al. Patient subtyping via time-aware LSTM networks. In: Proceedings of the 23rd
ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. New York: ACM, 2017, 65-74
Di Noi L, Hagenbuchner M, Scarselli F, et al. Web spam detection by probability mapping graphsoms and graph
neural networks. In: International Conference on Artificial Neural Networks. New York: Springer, 2010, 372-381
Yong S L, Hagenbuchner M, Tsoi A C, et al. Document mining using graph neural network. In: International Workshop
of the Initiative for the Evaluation of XML Retrieval. New York: Springer, 2006, 458—472

Chau R, Tsoi A C, Hagenbuchner M, et al. A conceptlink graph for text structure mining. In: Proceedings of the
Thirty-Second Australasian Conference on Computer Science, vol. 91. Darlinghurst: Australian Computer Society,
2009, 141-150

Monfardini G, Di Massa V, Scarselli F, et al. Graph neural networks for object localization. In: Proceedings of the
2006 Conference on ECAI 2006: 17th European Conference on Artificial Intelligence August 29-September 1, 2006,
Riva del Garda, Italy. Amsterdam: 1I0S Press, 2006, 665-669

Di Massa V, Monfardini G, Sarti L, et al. A comparison between recursive neural networks and graph neural networks.
In: The 2006 IEEE International Joint Conference on Neural Network Proceedings. Vancouver: IEEE, 2006, 778-785
Parisot S, Ktena S I, Ferrante E, et al. Disease prediction using graph convolutional networks: Application to autism
spectrum disorder and Alzheimer’s disease. Med Image Anal, 2018, 48: 117-130

van den Berg R, Kipf T' N, Welling M. Graph convolutional matrix completion. ArXiv:1706.02263, 2017

Khalil E; Dai H, Zhang Y, et al. Learning combinatorial optimization algorithms over graphs. In: Advances in Neural
Information Processing Systems. Long Beach: Neural Information Processing Systems Foundation, 2017, 6348-6358
Nowak A, Villar S, Bandeira A S, et al. A note on learning algorithms for quadratic assignment with graph neural
networks. ArXiv:1706.07450, 2017


https://arxiv.org/abs/1810.10627
https://arxiv.org/abs/1406.1078
https://arxiv.org/abs/1502.05698
https://doi.org/10.1038/323533a0
https://arxiv.org/abs/1806.01203
https://doi.org/10.1007/s10479-005-5724-z
https://arxiv.org/abs/1312.6114
https://doi.org/10.1016/j.media.2018.06.001
https://arxiv.org/abs/1706.02263
https://arxiv.org/abs/1706.07450

REREE i 508 33

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72
73

74

75

76

7

78

79

80

81

82
83

Prates M O, Avelar P H, Lemos H, et al. Learning to solve NP-complete problems—a graph neural network for the
decision TSP. ArXiv:1809.02721, 2018

Selsam D, Lamm M, Bunz B, et al. Learning a sat solver from single-bit supervision. ArXiv:1802.03685, 2018

Xu X, Liu C, Feng Q, et al. Neural network-based graph embedding for cross-platform binary code similarity detection.
In: Proceedings of the 2017 ACM SIGSAC Conference on Computer and Communications Security. New York: ACM,
2017, 363-376

Yu B, Yin H, Zhu Z. Spatio-temporal graph convolutional networks: A deep learning framework for traffic forecasting.
ArXiv:1709.04875, 2017

Bojchevski A, Shchur O, Ziigner D, et al. NetGAN: Generating graphs via random walks. ArXiv:1803.00816, 2018
Grover A, Zweig A, Ermon S. Graphite: Iterative generative modeling of graphs. ArXiv:1803.10459, 2018

Yadati N, Nitin V, Nimishakavi M, et al. Link prediction in hypergraphs using graph convolutional networks. Https:
//openreview.net/forum?id=ryeaZhRqFm, 2018

Simonovsky M, Komodakis N. GraphVAE: Towards generation of small graphs using variational autoencoders. In:
International Conference on Artificial Neural Networks. New York: Springer, 2018, 412-422

Jin W, Barzilay R, Jaakkola T. Junction tree variational autoencoder for molecular graph generation. In: International
Conference on Machine Learning. Stockholm: International Machine Learning Society, 2018, 23282337

Baskararaja G J R, Manickavasagam M R S. Subgraph matching using graph neural network. J Intell Learn Syst
Appl, 2012, 4: 274-278

Srinivasan A, Muggleton S, King R D, et al. Mutagenesis: ILP experiments in a non-determinate biological domain.
In: Proceedings of the 4th International Workshop on Inductive Logic Programming. Bonn: ILP, 1994, 217-232
Pollastri G, McLysaght A. Porter: A new, accurate server for protein secondary structure prediction. Bioinformatics,
2005, 21: 1719-1720

Liben-Nowell D, Kleinberg J. The link-prediction problem for social networks. J Amer Soc Inf Sci, 2007, 58: 1019-1031
Adamic L A, Adar E. Friends and neighbors on the Web. Soc Networks, 2003, 25: 211-230

Koren Y, Bell R, Volinsky C. Matrix factorization techniques for recommender systems. Computer, 2009, 8: 30-37
Nickel M, Murphy K, Tresp V, et al. A review of relational machine learning for knowledge graphs. Proc IEEE, 2016,
104: 11-33

Oyetunde T, Zhang M, Chen Y, et al. BoostGAPFILL: Improving the fidelity of metabolic network reconstructions
through integrated constraint and pattern-based methods. Bioinformatics, 2016, 33: 608-611

Lii L, Zhou T. Link prediction in complex networks: A survey. Phys A, 2011, 390: 1150-1170

Vinyals O, Fortunato M, Jaitly N. Pointer networks. In: Advances in Neural Information Processing Systems. Mon-
treal: Neural Information Processing Systems Foundation, 2015, 26922700

Wang T, Liao R, Ba J, et al. NerveNet: Learning structured policy with graph neural networks. Https://openreview.
net/forum?id=S1sqHMZCb, 2018

He K, Zhang X, Ren S, et al. Deep residual learning for image recognition. In: Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Singapore: IEEE, 2016, 770-778

Zhou J, Cui G, Zhang Z, et al. Graph neural networks: A review of methods and applications. ArXiv:1812.08434,
2018

Li Q, Han Z, Wu X M. Deeper insights into graph convolutional networks for semi-supervised learning.
ArXiv:1801.07606, 2018

Szegedy C, Zaremba W, Sutskever I, et al. Intriguing properties of neural networks. ArXiv:1312.6199, 2013

Zigner D, Akbarnejad A, Giinnemann S. Adversarial attacks on neural networks for graph data. In: Proceedings of
the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. New York: ACM, 2018,
2847-2856

Zhang Y, Pal S, Coates M, et al. Bayesian graph convolutional neural networks for semi-supervised classification.
ArXiv:1811.11103, 2018

Dai H, Li H, Tian T, et al. Adversarial attack on graph structured data. In: International Conference on Machine
Learning. Stockholm: International Machine Learning Society, 2018, 1123-1132

Sun L, Wang J, Yu P S, et al. Adversarial attack and defense on graph data: A survey. ArXiv:1812.10528, 2018

Chen J, Zhu J, Song L. Stochastic training of graph convolutional networks with variance reduction. In: International

383


https://arxiv.org/abs/1809.02721
https://arxiv.org/abs/1802.03685
https://arxiv.org/abs/1709.04875
https://arxiv.org/abs/1803.00816
https://arxiv.org/abs/1803.10459
Https://openreview.net/forum?id=ryeaZhRqFm
Https://openreview.net/forum?id=ryeaZhRqFm
https://doi.org/10.4236/jilsa.2012.44028
https://doi.org/10.4236/jilsa.2012.44028
https://doi.org/10.1093/bioinformatics/bti203
https://doi.org/10.1002/asi.20591
https://doi.org/10.1016/S0378-8733(03)00009-1
https://doi.org/10.1109/JPROC.2015.2483592
https://doi.org/10.1093/bioinformatics/btw684
https://doi.org/10.1016/j.physa.2010.11.027
Https://openreview.net/forum?id=S1sqHMZCb
Https://openreview.net/forum?id=S1sqHMZCb
https://arxiv.org/abs/1812.08434
https://arxiv.org/abs/1801.07606
https://arxiv.org/abs/1312.6199
https://arxiv.org/abs/1811.11103
https://arxiv.org/abs/1812.10528

FIEASE: IR 2%

Conference on Machine Learning. Stockholm: International Machine Learning Society, 2018, 941-949

84 Chen J, Ma T, Xiao C. FastGCN: Fast learning with graph convolutional networks via importance sampling.
ArXiv:1801.10247, 2018

85 Hamilton W, Ying Z, Leskovec J. Inductive representation learning on large graphs. In: Advances in Neural Information
Processing Systems. Long Beach: Neural Information Processing Systems Foundation, 2017, 1024-1034

86 Gao H, Wang Z, Ji S. Large-scale learnable graph convolutional networks. In: Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining. New York: ACM, 2018, 1416-1424

Graph neural network

Bo Bai, Yuting Liu, Chicheng Ma, Guanghui Wang, Guiying Yan, Kai Yan, Ming Zhang & Zhiheng Zhou

Abstract In recent years, with the emergence of massive data, graph structure data that can represent complex
relationships between objects has received more and more attention and has brought great challenges to existing
algorithms. As a deep topology information can be revealed, graph neural network models have been widely used
in many fields such as communication, life sciences, and finance. This paper reviews the basic models, algorithms,
applications and recent developments of existing graph neural networks in recent years, and proposes problems
for further research.

Keywords graph structure data, graph neural networks, spatial method, spectral method, GAE, Graph-
GAN, GraphRNN
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