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o LSTM R EMHLH, B2 T BATEEHMILS
#. ETEHR=AT (Gate) HIHRIE.
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Layer Operation Transfer
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Bl 15 JRIE X

Bl I TEHREMERIREHN ABEEREN:
O ERHYBMEAMELXE

O WNELSHRLESR

QO ZEBEFREXF

KRRAR:
0 B&HFIFHE
0 EBFN: KMERMNRTMEEHZEMEE I RER
N3Nk
o EEMWK: KEWIEASH, FIAEREREITRIL
0 ERMRMER: RIZEEMIERR, FAERREHITME
O BESEMEMTE
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B BuE (homophily)

RUREH (homophily)

ElBtE (homophily), 3§—EIMEFELST SBUNEE. &
ﬂﬁéﬁ%&%qﬂ, EREEHEEX BT R ETE—2518
.

AIRUER, ZERRMES 1 BARISHER T, GNN ATLUAZI100%4)
RWE. B, W17 E AR R A AR SR T
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BEAEFE B (Smoothness)
EXHEE LV A B EMAINEER S T

03
—+H— Cora
0.25 —— Citeseer
—<&— Pubmed

Average Attribute Similarity

1 2 3 4 5 6 7 8 9 10
Shortest Path Length
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lﬁ?‘lﬂ SR BEMFIE, AMRESLEYEE TR SRR EY
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FANTEMg 2k — 1 ENEBER:
@ E47%, Degree distribution: P(k)

Q@ E2kZE %, Clustering coefficient: C

© &EiEKXiF, Connected components: s

Q IR1ZICE, Path length: h
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o E4r#n, Degree distribution P(k) 2¥: BEA K T S#E
B, Nv=EAhEFRTRYE,

P(k) = Ny /N
o B2 ZEY, Clustering coefficient
2e;
C;=——"—
ki (ki —1)

° ¢ B i TRHIWMEPERELNHE
o ki BiMRHE

X K
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o EFEX1E, Connected components, #5E HELEX gz A/MEE
F. EARX/NMNEBRIBHEN TS

° ;ﬂﬁﬁz_ﬂ’clﬁ Path length, 5EIFFIAFARNSERERIRKE

o I Twitter I MEEHHRE A, %I WHEIER
KINH 157575 x 157575
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B4t =- LA Twitter 1R A5
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FEHLERE 2%

s = (Nt ) -

o —NERIEN kR (B L MR52H&) FMTFRE
AEZI N -1 =ik k NFEHRE, ®T N-1-F
MERZERMER. P RRAZEFE—FBRIME,

P = 5. BTSN,

o WFHIELSHIF S G5 R I R B B R PR R R4 14 %rf

H X
&

’44'6 s
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o XHF—BEHE RIS Sk, ETPHRKH N HEES:

_ 2xEle] Q*pk(k )_ k

BlG) = (k- 1) k(-1 P~
Hein AFEH, F EEYEY

° 3(1 Twitter %ﬂ?}%’;‘éffﬁ‘é, BEEHENT SFBEREREIE,
K EHER 2220 — 0.0001421

n—1
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FEH B R R AE R IE N
FE G, BiEMZEEL Expension

0 — min # edges leaving S
~ scv min(|S],|V\S))

|4
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Rt E R R ERE S

o MNREZEER, 4 BFS EBANMME _EMNiZE WA=
PiE=, ?*}:ﬁ? IRAEEB=EPFES. REEBHNE
FEHLE, APAXEREIRERNRAEHNZ2

logpigpe T REEL = log,,,n = logn/lognp

—
S nodes  a-S edges

)
v
S’ nodes a-S’ edges

o XfF Twitter ESKi%, FHREHEMIEA
O((1083530853/ 157575 157575)) = 3.8489422080670335
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GAT S5EZEHES

s — exp(LeakReLU(&T[W]_{i]|Wﬁj]))
Y S ien, exp(LeakyReLU (@l [W hy|[Why]))

softmax ;
S
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Adaptive Graph Convolutional Neural Networks

MANEHREMZERAERRENG, BNEAESUURIELE
BIER. ATMEREMENE, LR EBEENERNTRAFR
BREE.

o @]
High
O\‘é o
° ]
(1) CNN (2) graphconv (3) GCN 4)AGCN ™

AGCN 5 CNN. E#%FRF1 GCN gyzttk!

ULi et al., 2018]
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Adaptive Graph Convolutional Neural Networks

GCN R EFH A

HY = o (D—%AD—%HU)W(l))

— TR B S A R X R — N RS E T AR R

AGCN 3B 5= S rYi& 18
o EZEMAISHNES
o BB/ (HLHIEMESHBNLEES O(N?) W)
o AN ATFARMELH (TRUESES, WATHA)

RAR: BT (kernel) MFE
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Adaptive Graph Convolutional Neural Networks

AGCN BB 545 3] SR

£ FII~X Mahalanobis REESEIME FiZRIEER &

D(x;, x;) = \/(:EZ — ;)T M(z; — ;)

o z; EEIERMER—FEF TS i FIFHE.
o M = Wde,

W, € R4 BA[Z 3B kernel,

BEEEMN O(N?) BEE O(dP)!
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Adaptive Graph Convolutional Neural Networks

HREMBER, A Gaussian Kernel 13— L 152 T Z I $BHEEAERE
A,

Aij ¢ Gaya; = exp(=D(x4,2;)/(207))

BEEAREGEMEFEERLEAEM, SR EHEHIHERER
FRTFEREMHZML:

L=L+aL,=L+al—-D2AD7'/?)

At LE M EFERE LS 7
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Adaptive Graph Convolutional Neural Networks

BE5AM:

0 HAERE, BRTRERENELSGHFITIE
O SHE/N, FEFMHNK

0 FHXBILMEELRFS

O FIMFEHHT M THE

O EHZNFZZBRENFIHERER
0 HERT MG HAFEINKER
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lterative Deep Graph Learning for Graph Neura
Networks: Better and Robust Node Embeddings

B S EMEMEF ITAEERE: FHESETILFE T
Egﬁié?élxﬂiﬁ, R AR IO 4% 5 SR LA 5 B R AR S A R IO 2%

Downstream
task prediction

‘ Graph t
Graph structure
Learner

Input data

Node embeddings

Repeat until condition satisfied
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M B Z5 405 3 B B 42 ) 2%

o Bt A AGCN WM : MAREMBSEHSFEILEF
HIMLR 544

AW = 2L 4 (1 - 0) {nf (AD) + (1 —np)f(AD)}

o EfZMLEIG LR GCN:

‘Cpred = g(&a y)
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RAEE fE WK S E 451

YN (a5
EHBEMURRLERIENT =X, BERRIBERERID.

ETTW AR UHRITE:
o ¥—F ETEREMRUEITE

Sij = cos (W, © Z, W) © ;)

o R ETEZAMEMNBMUEITE

m
Z cos (W, ® Z;, W, ® Z})

p=1

1
SU ::;E
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RAEE fE WK S E 451

138 FA 7 s R AAEHEHOA B Fou Ul ) 45 M) e B -
0 HEERES
QO MK FHR=E

IDGL BBk 22 :
o = Anchor-based EE%F

ab, =cos (W, O Vi, W, O W), i = — Zak
o FME: BEWEL. REERSIMVAREN KN TR, I
ENFBE «c BB =
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Bl 212 5l

IDGL JER AL HIERFE
EAMZEIERROUREES, BEMNBIIRER (Trival

Solution)

FRIES MR/ IR
O TiEtE: ImbEryT SR EHEARUE R ZE EﬁTBq:

=5 22/1” Ix; — x;||* = — tr (X"LX)

Q EEM: WP SR AT R BRI E
o ﬁ%wiﬂk ﬁﬂeﬁppﬁql_u.f$$%iﬁ

F(8) = 1" log(A1) + L AJ2
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A® = \LO 4 (1 - )\){77 f(AD) + (1 -n) f(A(l))} L+ LW +Z£(i)/(t‘ 1)

{X, A(O) L(O)} AW i=2
._ -® Similarity learning (X, A® A(t Graph R \Aﬁ(t)
Q“G cos(Wj © v, Wi © v;) regularlzatlon E(t)' L/ )
“‘O—’. g ‘Cpred
D i " " Prediction
ata points
task

t-th iteration 37
Repeated until condition satisfied

IDGL i TrEE

0 R TH—HIEKFIMELR
O MMTEMFEINMUELR
O ERESMFRRINESHE
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TRINL AL B 1 EZ o) 2%

—HR
O {EMBALINETHARIE -

z = GNN(X, A)
O FIAT ARMEMBUEFEIELEH:
Ay = ¢ (2, 2;)
O REAMNGMINE S AL
A" =g(A,A) 22

SRR, EEME. o ¥

<), 28971
Nt NS
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ET7 S BUER B ER

@ Gaussian Kernel

¢ (zi,2;) = \/(Zi ) M (- %)
Ay = exp <_¢ (i z»)

202

9 EMEAR

A=0(22")
© Cosine tH{LE
blzz) = 2
T Nzl =l
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W5 Bhl
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IR 3 55 Pk R

O A BARAMTHE ?
o BHEX (O(N))

O Bk, HERIL
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Graph Structure Learning for Robust Graph Neural

Networks

EXESMAIMER (properties) :
o 1K#k
Q Wi
O PRI SHHERIE

~»- Cora e
14 xy 0.01 &y ~»- Remove Normal Edge Normal Edges.
12{ - Citeseer Aen
v > . move v 0.12 rsariz

2 ]S pablogs e s . Remove Adversary Aversaril Edges

o R10 S o 13
< < X —- So0.10

e g, e g h T 3
> © / Arx I r 2
.l < s N o <15 Eom
K] £ 6 < ot P a
EN R PR ane 4 Zo0
s 4 24 i -’H : g w0 E N
@ 5] ! = 825 B goo S

2 21 | o \§

i o 002 N
[ o e 000 ot
0 500 1000 1500 2000 2500 0 5 10 15 20 25 o 50 200 250 N 0 10 20 30 40 50
Order Perturbation Rate(%) Number of Removed Edges Feature Difference Between Connected Nodes
() Singular Values (b) Rank Growth (c) Rank Decrease Rate (d) Feature Smoothness

Figure 1: An illustrative example on the property changes of the adjacency matrix by adversarial attacks




Pro-GNN: ¥ &

L SO FRIX L 5| S S5 ARG S) 7
ProGNN SRER T ELIE(E (L 4RESERE SHITTiE, 3 S UE—1 nxn
MISHER, XEXEERTIFRIEATR S H—RIVRKS
.
& 1 BRI 5 2K o 21
O {RBRFIFTE:
Lo = A= S|+ alSlh + BlS]. st., 5 = 5"

Q HHEFE:

N
xX; X
L,o=tr(XTLX)=2) S;(—=—-—-L)%st,5=57
P NN
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2. WATBX & S E A1 FIE fHE ML 7
REMK:

argmin £ = Lo+ ALy +vLann
SeS,6

= A= S|+ allSlh + BlISI +vLann (0, 8, X, V1)
+ Mr(XTLX),s.t.8 = ST

HF—fe KA AEYE, FRZEL (Alternative Optimization)
IERKAE.

REMUEEE GSL miEFHI, ARBRANEMLERFHER
RUEE. HREREE—T, MUESZ—1 BT
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arg min £ = IA = Sl + all Sl + BlIS| + vLonw (9, 9, X, Vi)
€0,

+ Mr(XTLX),s.t.8 = ST

1k GNN:

,0Lann(0,S, X, V1)
7 BY
MBS BSeddn [ SEHAT S, FER Proximal
Optimization #{5 T B2

0 <«

2[Jin et al., 2020]
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Graph Structure Estimation Neural Networks

NAENESHFIHENEEEBENFAEYE (TRZERE
Hi), W& ERGT T AT

Ongmal Graph Label Y,

A ‘ ,iOGCN[ayH - »‘
Estimated

el
Graph H“) H(Z) H(l) servation
ObservauonO Obs 1 'Obs 2 Obs. 1
kNN Graph kNN ... I
0© 0(1) 0(2) o(‘) Q

GEN HfEUREE?

Graph Estimator

3[Wang et al., 2021]
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SBM R 571

Stochastic Block Model(SBM)

Stochastic Block Model(SBM) 2—#£281g) M 4g 4 AR, B/
EMERBHERRAFENTRNERS>HRE, BETFE—1
MW AEERBMERERD, FRMXET S ERIRBEER
BN,
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GEN BB

EsmﬂﬁiMﬁ&T W& RFEAEEASEANN SR
B REX. BESHIER Q c S, MBI HIBEE A

G‘Q Z yL HQCZC] Gij

1<J

¢ TR MR i KA. SEBEFIIZGER, FAEXERE S8
FRARET SR, ERATUARE.

ci:{yi if v; €V,

z; otherwise
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GEN BB

RAUERIZ

KESKHELSH G, EXUNRESIHRAE SR RE
JEER .

ENBREEMTERIREN, ENNEENFEEANEE
Ha, B, WNELHBEES:

PO]G,a,p) = H[aEﬁ(l — Q)M=Fi|Gis  [gBu (1 — B)M-Eu]l-Gy

1<J

Hep By ARER—H M MYNELSAT ij ZiE HIArRE,
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GEN HyASEIR{L

GEN RAFZMUNSBERAELEN ¢ MEHMEREZSY O.
AMSHMLFER K SEEE:
O MMSHEERE (EKKE)
0 RBELEH Q HEBTE (HUABEANIHSE)
{1k GNN:
0

OLann(0,8, X, Vr)
" 90

RIE LR S:
S« EMOY oW 0@ . ob o)

K OO AREM ERHRAEF=ER KNN E.
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GEN: [BJ&&

7 toy dataset EIAHE T:GEN WL ANAEIEI 2 5% &2 ki,

D EEAF ZERIRYIA
FELT GEN ATz S B /RRIMERE S ARIEER.

O o W
O O
0.15
- m |

-0.10

| [ R 01
-0.0

(a) Original graph (b) Estimated graph

GEN 42519 Bt
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B4 R R

o IG4PIELEM A BIFEI— n* WL E, FEENEMIIK
R RERIADS N, ka0 VAE 2 GAN,
ﬁlﬁ
o JToik BRI BIARR K/IEIE .

o EEXATARAEMNT SHETIFHITIIEG, —MEE O(n!) KK
B & FE.
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[ A AR Al
T A RARER

o WERGMEIEMIDET SRIRMER, BRI R ZEH
KXAFITEFELRER, HILERE.

v

R
o (XRTFMEEMBENERFEI TN ARRIE, TiEHE B—MK
BRI IR FIE A -

o FiEHIRZ N E = RIRICHFAE
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PR

A AR AE S5 I BkAX

o MIHKEAE: EH— n MKNE, BEMH »° ME
RAARLH. BNTFARNE, BA8E » MAHHE n
TEERRRIH.

o I~ H—MERT, —ME n T TRHE, RETF
7 ol MEMRIBEERE. F—INE—M AR SHEF-

o SXMRIIE: EIFZULHAME TR, MEMITRLE
HEIRISEE, MAENZ EFELRIATENRK. Blt, i3
RIERAREREEA—RIINMIEYS, MEFERSERN.
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Bl RS

o BIN: MBHESDM Diaa(G) PREFHMETNE

o B#r:
° i;’*ﬁﬂ pmodel(G)
o M pmodel(G) ':P;i%*ilg

Train

Test/Predict

Pdata (G) Learn & pmodel(G)
s ‘ Sample [r Py

Ko

wz
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Bl RS

Setup
o RIEHINNFBEN—NEGHIHIE (graphs) {x;} FEI—
R

° Paata(X) BREHES . HIMNAAFAMERERMTA, RAENEH
BT T REE xi ~ Pdata(x)

° Pmodel(x;0) BIREL, 0 AREMBSH . BNFETFRUELEL
HRR Pdata(X)o
B#R
0 1§ pmodel(x 0) RT 1:.'4(1_ pdata( )
9 ﬁiE?f.ﬂ]wu}‘A pmodel(x; 9) I:P;E*illillo

N\
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- \
A Y Y

ﬁmﬁfﬁ*ﬁ Pmodel (X, 9) ly:l.’l: ?

BKESmA U SERESRIFER:

pmodez(X; 6) = Hpmodel(xt|x1: vy L1 9)
t=1

Bl
o x BE—AME, o SHERRE ¢ 4.

o x E—NMITF, v BEERE ¢ ME
o MELFERT, x E—ERE, o HEZ 4 (|

)

ﬁJ{IE (l:%\e\jjuﬂﬁ-lﬁ\v %ﬁﬂum)o ,%\ 2897
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GraphRNN[You et al., 2018]

o GraphRNN B—# S E A MIERARIEER. EREMRE
R REEBRMET T R MARFS, AMHERERRE TR
AR E R AR,

o M-FH Recurrent {4544, GraphRNN AL H #AMIE R ARG K
NG

o BSHE

o HFT mAERMITEMIKHIX R
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GraphRNN

o GraphRNN gy#Z0s B AR B i #2 i e s i s AN e A B E

Graph G

85
gagreses
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HEIERAFT

MRBEMNEBEEXF T RWF 7, BA—1TE G FHATL
HRRE—HHBR S B — A B AR 0T R AR IIA RIS ER R R 51 57

B G FI75 5 TF 1T - . @
11 -

s(G,7) = (ST, ..., 87)

iiﬂn,

Sn_(51 S

F?&TJS”

)
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R EER AT

3| 5™ BR—TBRENEN, EFEMD level. EEWMIR,
s" B— T HFIIHAREIF.

Node-level

° RN
o Node-level BJEF—HEFE —" Edge-level BIF 7

Edge-level
o AFARMAT RMESEFET KAZERIL
o §—PRE—FIL
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HEIERAFT

o Node-level: fEFE—HFM— 1T 5.

i% e

st= (ST |87 Sy . Sg )
“Add node 1” .- “Add node 5”
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HEIERAFT

o Edge-level: EF—HAF T RRE—FA.

Sk
S = ( 521 ] Szf,z ; SZLT,3 )
“Not connect 4, 1”7 “Connect 4, 2” “Connect 4, 3”
0 i 1
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HEIERAFT

o SLfr L, " REEERHI R ERNA LS.

o Node-level B9 — 2 4 MR I & 4 B RO 4P &
T e B AR B — 4 Edge-level BRI .

o Edge-level FIF—H 4 M XT M HI—ME.

Node-level sequence

Edge-level
sequence

Adjacency matrix

ST = f5(G,7) = (ST,.... ST 01
ST = (AT, AT, ) Vi € {2,..,n}

FEC S =) EHERLE Sib 2021.12



HEIERAFT

Bk, BAE;R:
—NE + =M R = — A EF IR F S

Node-level sequence

Edge-level
sequence

Adjacency matrix

S
=1y
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HEIERAFT

o Eitk, HAVFE LML T FF 5 ERLERE.

o B{fkiR, HINEEEERNRE:
o A—NEFTHAERIKS (Node-level FF3l)
o RIBH T AHPRTS AELERIA (Edge-level FF31))

fE RTEIRMEMEL RNN SREBEXETRIE.
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o NEXUMAER, RINFEEA—TERREREINT
p(S™). BF S™ FEBRBIAE, BN p(S7) 2 A
HBETELFHSHHIFER:

n+1

= HP(SNST, ey S1)
HAp S5, ARFIRERIFRCEOS, RFAIEKERIFS.

o LI, AV p(STIST, . ST1) BT Hp(ST(57). 7
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o p(S7IS%,) IFEEHR, ELFRIEZ R T R Z BHIEES
ZUSR T BT = AT R B Z BTRY 9

o FEllk, HAVERMEMERSHI p(ST[5T,). ATEHIAE
22!

KEREE, WMEMEERTERE step : PEERE
i 2 RNN,
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GraphRNN Ayi8 FIEZR AT L A R AR T

hi - ftrans(hi—h Sz'ﬂ——l)
ei - fout(hi)

e
o h € R SRS, R7FT BAALERNENIEE.
o ST, HE—AEMMTE i — 1 MBEHE.
o 0, AFHT RBEARIONT. (ST~ 1)
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hi — ftrans(h'i—b Z?T—l)
Qi - fout(hi)

BE Wi -
© firans F_E—ERAIT S AN IIN 2] E —Node-level
o four TRYE BT E 4 R HITIETT m A SBIE [ B——Edge-level

EW@:EEI.HT}: ftrans 1§FHT?JEWI‘1*§$JTE GRU, ﬁﬁ fout 4
MEFHEHATITHA X GraphRNN-SFIEIEAYGraphRNN, |
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GraphRNN-S

GrathNN-S(SimpIified)

o MBZRNX, #AE GraphRNN BB EBIRAEA—four A—
sigmoid 5‘%5(,% é‘im MLP, X3FErEHt[E] step LEHE,

o MINYBIERE, —XHEEHHENTEREN ST ¢,
0] FT/RIA (i,7) FERBEE.

o HJEMIIHIM 0; RRIFHTIEEE ST

6, = o(MLP(h)) i
ST = Sample(6;) H&@\;
2 N
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GraphRNN
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GraphRNN

Node-level RNNJSE

hy ha h3

T3

R 5 TR TS AR S R 2 BT 7

Sample + Edge-level Update

Node-level Update
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Edge-level RNN

{5 i Z BT A% A AN

o Edge-level RNN J E— il ({BEMME) 1EAF—FH
BN T =y

IR A TN
o {EAFEFIFIALRIC SOS 1EAMIBEN
o SOS BE AL 0FHL 1 WEE

o {EFHFFIKEFRRIE EOS 128 RNN RYEisMa H
o EOS =0, RNN 444 R
o FOS =1, RNN {=1F4R
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Edge-level RNN

£ [ 2 BIRY % fE AR ZRER
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I )
So = = 51 = =) Sy . Sro1Ep
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Edge-level RNN

‘gi = fout(hi>

1481k Edge-level RNN Z 3} 0, 2—MEERS . Eik, &M
EFENLE—FME v PREHYTEN v 2 ~ W

o RNN By — 54— S TR
o MARRH, HHERIBAT—5

[ S, | 1
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Edge-level RNN: Test

HAVERBEXTE R Test 2. RIFHRMNAECEIIZITFTE
TREY,

So =S50S =) =) 51 :} (=3 Sz@ =) s3 -

P
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Edge-level RNN: Train

FIgE, HINATEBRERARENART, EUTESSH
IRER MR

i)I| 2 SR
o MINE— T AUMBRIWELMERE v =[0,0,1,..]
o IR, AR B FESERE B AN .
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So = SO0S =) |:>31|:i§ = S; B =) S3

1t B t
] :E —
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GraphRNN: BHrEREL

Loss L: Binary cross entropy

Ly = —[yi log(y1) + (1 — y7) log(1 — 1)

o yi =1, EMN&wIML —log(yr), #F 11 BK.
° yi“ =0, &Mz —log(l —y1), {E 1 TS
LR v RATRERRIL Yio
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GraphRNN

BRRETMUBEDT:

Q (1) FHM—A#HIFI & Node-level RNN iE1T—%, GHMH
£ Edge-level RNN HI#ITEHIN -

Q (2) AiZH v ERMFAIA: BT Edge-level RNN FHFIX,
iz H AR ESMZEENE— /T REE.

Q (3) &R M—A#RIT = {#H Edge-level RNN Mg 5—
MNETREASSEIZIT Node-level RNN,

Q (4) HRERIER: R Edge-level RNN #itH EOS, FATAT
PUNEE B EEEIXANE, TS IEEMERT
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GrathNN : Training

BRTRIBEERTT,
TR I2 @ig =
TEEF 9
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S0S

H#ENode-level RNN

AR (IHIAZE i) EE RS 2021.12



GraphRNN: Training
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GraphRNN: Training
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GraphRNN: Training
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GraphRNN: Training
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GraphRNN: Training
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GrathNN : Training
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GraphRNN: Training

Back propagation through
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GraphRNN: Test
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GraphRNN

H AT BE—TLLER) GraphRNN:

o RAITEMMA level HIFFIRER—E
o {# M RNN R4 A5/ /51

Node-level RNN
11110

0

alalo|lo

MEdge—level RNN

Adjacency matrix
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T = I [a) &R

#£ L GraphRNN RIS, — 1 S REEEEIE ZRIRER
— MR, XSHERME—:

o FELMEBANWIEER, WM
o {EINER TR EE AT HAIKH

o IIREERMEN T RIfiF, H
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BNERERE.
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BFS Rt

BFS
"ﬁ'}#ﬁﬁlﬁ}%% (Breadth-First Search, BFS) BWIFAb:
o B/ FATRERY T S FF
o M O(N!) Z|AR[E BFS FHI%E
o R/ IBERBITEL
o BOEEIRIZZAIT AN E

o IRHB BFS 7, HT & 4 ik ?%E'J'nﬁl
B, AR5 5 1 WSSBECEERT .
EEBHEEESTR 1 BENTAT.

o XHizE HMAFTERTFRISHICIZ,
BFS ordering MAEn—1%.
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BFS

N
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M=9
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With BFS ordering
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Training

Grid

GraphRNN
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GraphRNN 3EIGZEER

Table 1. Comparison of GraphRNN to traditional graph generative models using MMD. (max(|V'|), max(|E|)) of each dataset is shown.

Community (160,1945) Ego (399,1071) Grid (361,684) Protein (500,1575)

Deg. Clus. Orbit Deg. Clus. Orbit Deg. Clus.  Orbit Deg.  Clus.  Orbit
E-R 0.021 1.243 0.049 0508 1.288 0.232 1011 0.018 0900 0.145 1.779 1.135
B-A 0.268 0.322 0.047 0275 0973 0.095 1.860 0 0.720 1401 1.706  0.920
Kronecker 0259 1.685 0.069 0.108 0975 0.052 1.074 0.008 0.080 0.084 0441 0.283
MMSB 0.166 159  0.054 0304 0245 0.048 1.881 0.131 1.239 0236 0495 0.775
GraphRNN-S ~ 0.055 0.016 0.041 0.090 0.006 0.043 0.029 107° 0011 0057 0102 0.037
GraphRNN 0.014 0.002 0.039 0.077 0316 0.030 107> 0 107*  0.034 0935 0217

GraphRNN S{&£55 B 4 fi 7RI bL 3

Table 2. GraphRNN compared to state-of-the-art deep graph generative models on small graph datasets using MMD and negative
log-likelihood (NLL). (max(|V|), max(|E|)) of each dataset is shown. (DeepVAE and GraphVAE cannot scale to the graphs in Table 1.)

Community-small (20,83) Ego-small (18,69)
Degree  Clustering  Orbit Train NLL  Test NLL  Degree Clustering  Orbit Train NLL  Test NLL
GraphVAE 0.35 0.98 0.54 1355 25.48 0.13 0.17 0.05 12.45 14.28
DeepGMG 0.22 0.95 0.40 106.09 112.19 0.04 0.10 0.02 21.17 22.40
GraphRNN-S  0.02 0.15 0.01 3124 35.94 0.002 0.05 0.0009 8.51 9.88
GraphRNN 0.03 0.03 0.01 2895 35.10 0.0003  0.05 0.0009 9.05 10.61

GraphRNN 5iREE 4R 7 iERIEL B
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