Bt W F10

STk )

RIRZUM: BER
WTAR e

2022.12

AR GIHIAE REFR) EIHENESIE 2022.12



Q ARER

Q EFMHMESENES
e LDS
@ Pro-GNN

Q ETELEMSE IHEMENE
e AGCN
e GRCN
@ PTDNet
@ Geom-GCN
e IDGL

Q ETEMBRNELENSES
Q FLULEBHMEEHES)

AR (GIHIKE REFER) EIHENESIE 2022.12



£ TRl

R TME

AR (IMIAKE SREHR) EIHENESIE 2022.12



£ TRl

IS PR bk
0 EAEMANZRNT Y EESERNERTR
Q0 FERAEFERMEFTEIRITARNEMEMELEN

= LA E(EEEHEMNE
o AEE
o FE
Q HE

AR (GIHIKE REFER) EIHENESIE 2022.12



et

==

Bt L2 W81 /R IR
BIIETN REERIDEMEEMIEE (Message Passing), #H3RT
RENXANTREVEE, FIEFNE (TR, B8, B) KT

SEEa R4ERALE AL BT

%I\\\E‘lﬁ

El#LE S B ARESR

AR (GIHIKE REFER) EIHENESIE 2022.12



RRU4ERAE AL BT

/

TREME

RRLE L F) 215 B EI AR EZ R0 45

o) 5 Bk ik

IRRZRE, WBEMEEREIRRINERKRAEE, (ESMHBMN
BEH(E BNEHE N AR E TR,

AR (GIHIKE REFER) EIHENESIE



Bl 45 1 EROR 0] &R

QO HURERANMHME (HRZNEXTER
BR)

Q HUER&K. FHIREFER
0 ANRREXAR (JBEF)
0 RSB REXARLEH

AR GIHIAE REFR) EIHENESIE



B 4514 LR 0] R

0 HIFEXRE. FHIRETEIR
0 HEEMETH, RBTH (FRSXR)
Q@ AWEAN, “EKES”

AR GIHIAE REFR) EIHENESIE 2022.12



BEMF SR

ElEi S0 FEMANE ORI B A EEE Y
EE5E:

0 EMMIEEMEIXR (BR)

o THNEBIDEE

0 ABMIERREXA

B2 TH -

0 EIFRVHEEBRRI

Q ERFARRIE R W ZIELR
O SHEMEMLE

AR GIHIAE REFR) EIHENESIE



EIEHERYE

BMNHBEBERLAHENE? (FIEIHRNEREZII /M)

@ Z/\E# (Pareto principle, tH#EFR7 80/20 &M, KEE/D4
EM . ANZEN, RERIEEN), BIBLNE 20% HTHEER
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B (homophily)

EFE (homophily)
B (homophily), I5—TEIMEHIBBTRIBUNEE. &0
ROEESBH, RRMBEEHTEXNEB T RETFE L5091
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BHETEE M (Smoothness)
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FE53 %0, Degree distribution: P(k)
REZRH, Clustering coefficient: C
E1BX15, Connected components: s
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o B, Degree distribution P(k) 21§: BN K T2
BDfm, M= BN NTREE,

P(k) = N,/N
o LA, Clustering coefficient

267;
Ci = ki (ki — 1)

o ¢; & I TRNPEFEEELNHNE
o ki & i MRHIE

ci=1

Ci=1/2 Ci=0
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o EEXITF, Connected components, 158EIREXIEXIFIEA/NHE
F, EFRXKNEBXIGHENDH

° Eﬁ’ékfg, Path length, fEEIFFIBFAENRERZIRKE

a*f

o DA Twitter BTN EEILIEE B, ZEIEEIBIZIEE
KNS 157575 x 157575
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BN BN &R D

o WMIREIZEERY, BB4 BFS x_l_ffX]‘E’J'“"_):FWZ LI
PBirR, RAEKXRTEIBEEFMER. RIDEHNZE
BEHLE, BRAXRMAOREAIEIZERIN 22

loggiggye T RSEL = log,,,n = logn/lognp

—
S nodes  a-S edges

)
v
S’ nodes a-S’ edges

o XITF Twitter B3R, FHIRERRITHEAE N
(10855530653, 157575 157575)) ~ 3.8489422080670335
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Learning Discrete Structures for Graph Neural

Networks (LDS)?

B RNESMEERIRF AT EWNN, MATFHELS
M ISFPREIE T B 2RI ZRE 2 M BRAR, ELtRERE
15 BN BER —ER THITES,

W

—_

Q E—TNEMHITEINIME, FIFTREE GSL KA,
Q@ WEMAt (Bilevel Progamming) MM TRZBEETE

!Learning Discrete Structures for Graph Neural Networks(ICML 2020)
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LDS: Bilevel Programming

min F' (wyu, A) such that wy € argmin L(w, A).

Awp
Lw, A) = > 1(fulX, A)y, y0) + Qw)
’Ue‘/t'rain
F(wA7A> - Z l(f’wA(Xa A)”Lny’u)
VEVyal

R MNEE A wy ZEFAFRMIL, wa B A BEFBRTRMN
B] ARV B/ N

MR AR wa BEANERRBEE
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LDS: Reparameterization

AR
PIZEPFHHOTEERHEE, TEEEKXS

LDS fRi% A MBZB MIHILAIBEFI D AR :
A ~ Ber(0),0 € (0,1)™"

AR
mein E A~Ber(o) [F'(wg, A)]

such that wy = argminE 4 per(o)[L(w, A)]
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LDS: NEMAL

wy = arg min E 4 perg) [ L(w, A)]

w

]EANBer(Q) [L(wa A)] = Z P9<A>L(w7 A)

BT RESENTFE, LR REERKE,
LDS BRRE—TEIEE TR

Wo t+1 = Wot — VVL(we,t; At), Ay~ Ber(@)
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LDS: SNEMAL

min EANBer(O) [F(’LU@, A)]
SKERST 6 ANTBRE, FHAERE RIS ERIEIE

VoE a~per(o) [F (wo,r, A)] = Eacper(9) [V aF (wo,r, A))
= E4[0uF(wor, A)V awpr + 0aF (wyr, A))

[EE(ER SGD ERE M &MAR:

0 =6— n(@wF(wg,T, A)VA’LUQ,T + 8AF(w9,T, A)), A~ Ber(&)
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Initialize Sample graphs Compute gradients of and Compute hypergradients

Data points parameters update GCN parameters and update 0 of graph generator
A~Py Validati
© 0 o Graph 0 P W= O(W,A|) = Wi - YVL(W,A)) Vo E[F(Wo, 0)] hodes
o o generator: > coe e o .
° oo APy
. T
GCN: w B W™ Wiert = YV (Wi, A 0
4 1

HIT T RABEENK:
W11 = Wyt — YV L(wey, Ar), Ay ~ Ber(6)
HIT—IRINEER:

0 =0 —n(0uF(wyr, A)V awer + OaF(wyr, A)), A ~ Ber(0)
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LDS 245

Q@ RZGMHIEH Graph Structure Learning IR
Q0 MEMHAE
O FRAKNAIMEELSEEF GCN S

0’%&27( MIRERIE
B2 B B 3RAT
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Graph Structure Learning for Robust Graph Neural

Networks(Pro-GNN)

BEXXEAMIMER (properties) 2:
o 1EF

Q iR

O SBIFAYT RAFEARIA

¢ e
eeeeeeeeee e
_ tologs 05
] g g
3 K1 el g2-
> T 8 7 rx 8
T 2 < O
= g6 o~ L @
S H pLens g
4 s ad g
s . 5
IC] 2 8 s
N a
of ¥

T s 160 1500 2000 2500 T 5 1 B % S 10 10 %0 25 ) P)
Order Perturbation Rate(%) Number of Removed Edges Feature Difference Between Connected Nodes
(a) 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

2Graph Structure Learning for Robust Graph Neural Networks(KDD 2020)
B (WIAR HREEE) EmZNESE
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Pro-GNN: %5

1 IR AR L 5 | S EI 4R 2] ?

ProGNN REX T BRI L SREERF SITTIE, 1§ S E—T nxn
RIS EGER, XFXEMRAMRENERX S —RIIRKER
.

[ 1 o Y #5155 BRI £
O EAXFIMILR:

=[lA=SlE+allSll + 8IS, 5.8, 8 = ST
Q HETE:

L,=tr(XTLX) = Z s,.j — —
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Pro-GNN: L1t

2. AEIBX S5 S B S A B fR 2 I 452
ERAEHR

argmin £ = Lo+ A\L; +vLenn
Ses,0

= [ A= S|l + all S|l + BlISI +vLenn(0, S, X, V1)
+ Mr(XTLX),s.t.5 = ST

HAF—EXFEIRNER, ERZEMM (Alternative Optimization)
EAKER,

REMAZETE GSL ER I, ARBRWNEN M FREER
e, EEREE—T, Mis—1, XB#HT.
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Pro-GNN: L1t

argmin £ = || A — S| + al| S|l + BI| S|l +vLonn (0, S, X, V1)
Ses,

+ Mr(XTLX),st.8 = ST

i1t GNN:

/aEGNN(97S7X7 yL)
g 0
MAELE St #ZeEF [ SEAATS, F{ER Proximal
Optimization (% T B3

0 <+

3[Jin et al., 2020]
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EREE:

Algorithm 1: Pro-GNN
Data: Adjacency matrix A, Attribute matrix X, Labels Yr,
Hyper-parameters a, f3, y, A, 7, Learning rate 1, n’
Result: Learned adjacency S, GNN parameters 0
1 Initialize S « A

2 Randomly initialize 6

3 while Stopping condition is not met do

a | Se—S—nVs(IS-AlZ+yLoNn +ALs)
5| S proxygS)

6 S« prox,q)1.11,(S)

7| s P
8 for i=1to7 do
) 8,5.X,
. g § LGN’N{(’)H Yi)
10 0—06-n'g

11 Return S, 0
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ETMARNBEERFES]

O BEHIE
O HJfERIEE

QO ERES
Q MILEM
Q JiEEEEH GNN
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©Q ETESMZEINEHEMLE
o AGCN
e GRCN
@ PTDNet
@ Geom-GCN
e IDGL
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GAT 5EEFS]

_ exp(LeakReLU(a@” [Why||Wh;]))
D keN exp(LeakyReLU (@ [W h;||W hy)))

QM
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Adaptive Graph Convolutional Neural Networks
(AGCN)

MANBEHEZNERAEREBENSG, EXEEENBLEE
%1l=lll_a\o EEH:H *ﬁ }||,,'|$|ET_| *BTj-{g %;ﬁ)(iﬁﬂlu E’]TJ 5#/2
BHERE,

Low

(1) CNN (2) graphconv (3) GCN (4) AGCN

AGCN 5 CNN. E&EFIF GCN A9xttE*
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Adaptive Graph Convolutional Neural Networks

GCN &REEFR A
HED = 5 (D—%AD—%HU)W“))

— DR B BIXS R — A9 = AL R AR RS

AGCN X [E|Z54) = > 891548
o ELEMAIS LTS
o BB/ (LHEEMSHBNLEE O(N?) N=IE)
o IHWMATFFAENELEN (ARHERESE, NEEHE)

BRAE: BT (kenel) BYIE
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Adaptive Graph Convolutional Neural Networks

AGCN HIE 5= > SRl
{EFT X Mahalanobis IEBEXLMETFZNEEES

Dz, 25) = \/ (@ — ;)7 M (@ — 25)

o z; eEBEMMNBE —EHRTH i FFHIE.
o M =W,WTI, WyeR¥™ 2R[ZS]H kernel,
o M =1 BRENTHRNIER

\

BSEEM O(N?) BBE O(d?)!
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Adaptive Graph Convolutional Neural Networks

TEIEEES, £/ Gaussian Kernel 13— 1115 EIFZRRILBIZFERE

o

N~
op

N

Ai]’ <> Gazi,z‘j = eXp(—]D(xi,xj)/(Qaz))

BHEERNBRESMSRESHEN, BEIEHRENAIENETER
ARTERERENE:

L=L+al=L+a(l—D2AD™/?)

AT A ZEN LRI EILET?
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Adaptive Graph Convolutional Neural Networks

BES5AM:

0 RERE, BERTRESEENESHFESI T
o &/, ETMML

0 MBI AL RFS]

Q FIRNIERIHTAERE T T Z

QO BMEAMBIRBREMFEIHERER
Q RERZ BRIMANESZF I B AR
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Graph-Revised Convolutional Network(GRCN)

BEMF I AN REIND, HRIEEEBUENRATIE,

Node Feature

Node Label
[

— Node
I Classification
_ Revised Graph GCN

° °
Grgph Kernel . °
Original Graph Revision L .
o ° GCN . .
« °
° . Residual Link
L ] L]

GRCN #&8Y5

®Graph-Revised Convolutional Network(ECML-PKDD 2020)
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GRCN:Graph-Revised GCN

Graph-Revised GCN {&1R

FMARBHT [REENEZEN, PITRZEETRIE 2, 2 &
P S HMEFELEM A,

Z = GON,(A, X)
Sij =k (%, z;)
A=A+S
HEEF AGCN, XEFERTER“BH"HNEMNEZEI AR,
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GRCN: Bt

Graph Sparsification &R

EIRSHERUERR S 5RaMBEERE A 8N, =SB
FEREIRENE, FELLER KNN #THERLT.

,SHQ:: {Eﬁﬁf&jEftOp}(

ij

N T RGPIZERE SR, HXITRIEZRR

o[ max(sSE), SPs z0
o —
% min (5.(?0 5(K>> ) oK) <o [Aage
g Mg ) ij P X . N

a7

AR (GIHIKE REFER) EIHENESIE



GRCN: 1&8Y%9)I|%%

B EH 2 ERNEEM S RIBYFIE—F1)IZR Node Classification GCN
R

BT IR ERAMENEHTE I,
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GRCN: SCIGWER

Models Cora-Full Cﬁgsz(t):rs Co%l;hor
GCN 60.3+0.7 81.9+1.7 91.3+0.3
SGC 59.1 £0.7 81.8+2.3 91.3+0.2
GAT 59.9 + 0.6 81.8£2.0 89.5+ 0.5
LDS N/A N/A N/A
GLCN 59.1 £0.7 80.4+1.9 90.1+0.5
Fast-GRCN 60.2 + 0.5* 83.5 £ 1.6 91.2 4+ 0.4*
GRCN 60.3+04 83.7+1.8 91.3+0.3

GRCN £ AIER TR ABSR RAVIRFH?
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Learning to Drop: Robust Graph Neural Network

via Topological Denoising

48 PR B R IDEEFE ‘5&“5‘1’:9&5’\152, B XET REE
1I=I/%\?I1I /#\%%’H_.E%j?ﬁ';ﬁ

Ratio of positive edges removed
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0 60.1 60.1 55.7 552 548 548 542 538 536 535 535
0.1 64.2 637 614 600 596 594 593 587 587 586 574
0.2 696 682 66.5 664 661 654 636 638 626 621 61.2
03 728 723 715 705 70.2 690 683 67.7 689 676 66.8
04 793 769 745 735 735 729 726 718 712 703 695
0.5 804 79.2 780 766 756 753 751 743 737 73.6 723
06 836 824 813 806 803 786 781 773 768 750 741
0.7 839 826 816 815 810 80.1 79.5 782 781 77.7 765
0.8 855 838 835 828 811 80.7 80.7 799 796 799 794
09 86.3 86.1 848 836 836 826 824 818 813 811 81.0
1 872 86.2 853 851 843 841 840 83.0 821 821 811

Ratio of negative edges removed
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PTDNet: EIHFEERL

Dropout B BAEH T2 W E B ANNEIREL S5 14,
PTDNet®% B 181 PR ER D10 RIR H Bt W ERIEE M,

BRI 1 A B 4519 5 S

O BRI A ALE—MEILSHZS), BIREMIRFENR
E3#17, BIRJARRRITRAGA, (EAREEEINFE (REEE
FERBEZTE),

Q0 ZAEZABEERNERIFNGHES REWIREZNN.

6Learning to Drop: Robust Graph Neural Network via Topological
Denoising(WSDM 2021)
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PTDNet: B2

e o )

N

——p Forward pass
-— - - Backpropagation

BN RENDIBRET N RNRIE, HRMENEHITES,
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PTDNet: B2

0 B GIN WEE—EIEME, BRL—EX
{E:of; = MLP'(h,n})
Q EXRHF, FEHRERAAS:
Bi; = sigmoid((loge —log(1 —€) + o) /7), e ~ Uniform(0,1)
Q EHMSIE 0-1 Z[8:Z), = Ps(8))
QO SREMER (XBRETZIERNMAL) S'=A0 7
Q@ BIH™ = GCN!(S', X)
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Backbone Method Cora Citeseer Pubmed PPL

Basic 0.811 £ 0.015 0.703 + 0.012 0.790 £ 0.020 0.660 + 0.024

DropEdge 0.809 £ 0.035 0.722 %+ 0.032 0.785 £ 0.043 0.606 + 0.041

GCN NeuralSparse 0.821 £+ 0.014 0.715 £ 0.014 0.788 £+ 0.018 0.651 £ 0.014
PTDNet-wl 0.824 £ 0.018 0.717 £ 0.170 0.791 £ 0.012 0.752 = 0.017

PTDNet 0.828 + 0.026 0.727 £ 0.018 0.798 + 0.024 0.803 + 0.008

Basic 0.792 + 0.027 0.676 + 0.023 0.767 £+ 0.020 0.618 +0.014

DropEdge 0.787 £ 0.023 0.670 £ 0.031 0.748 + 0.026 0.610 £ 0.035
GraghSage | NeuralSparse 0.793 £ 0.021 0.674 + 0.011 0.751 + 0.021 0.626 + 0.023
PTDNet-wl 0.794 + 0.026 0.678 + 0.022 0.770 + 0.024 0.645 + 0.020

PTDNet 0.803 + 0.019 0.679 £+ 0.018 0.771 £ 0.010 0.648 + 0.025

Basic 0.830 + 0.007 0.721 %+ 0.009 0.790 £ 0.008 0.973 £ 0.012

DropEdge 0.832 + 0.040 0.709 £ 0.020 0.779 £ 0.019 0.850 + 0.038

GAT NeuralSparse 0.834 £+ 0.015 0.724 £ 0.026 0.780 £ 0.017 0.921 £+ 0.018
PTDNet-wl 0.837 £ 0.022 0.723 +£0.014 0.792 £ 0.014 0.978 +0.018

PTDNet 0.844 + 0.023 | 0.737 £+ 0.031 0.793 £ 0.015 0.980 + 0.022

AR GIHIAE REFR) =3 2022.12



Geometric Graph Convolutional

Networks(Geom-GCN)

BN
o MIANETHEEENFIN GNN, BHMAKER. 2%
MES, EERIER (BRTHR[/AERTAERR) WELER
MAME,
o MEBEERE GNN FEIEFBEA, —THRPNTRE
ﬂ—.Eéé —-]- E/Elu\{giﬁtn

Geom-GCN'RUBR/R B BUEMFIERFEEREEENTR
SFRABIE

"Geometric Graph Convolutional Networks(ICLR 2020)
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Geom-GCN

A1 Original graph B2 Structural neighborhood =5 C Bi-level aggregation
1 ==___/\

n

n r

-
{Ny(v), Ns(v)}, 7

A2 Latent space  =» B1 Local latent space
vy TS 0s
: : ‘ W
08 Tew ft 0.43
0.6 . 5 —— T
e % ~
| iae
0.4+ R | 0.37
3 a .
0.2 ® - — > Low level aggregation
s \ = i E e . QO Virtual nodes
S 2010808 1 X o9 097 103 L1 X — High level aggregation

o ERBEIBRATE, RET RIR=ERIL.
o RIFXLRIE, EEIPWEFIL.
o NX7INMIEEY, M5h GCN HEREEAR
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Geom-GCN

LI
Q@ M embedding method R1FEF T RITBIFRAE e, = f(v)
Q@ EXHNMBR= B A=A FiA:
Ny(v) = {ulu € V,d(ey, e,) < p}, BITER=TEIFEILNT R
(B A9 3R FTI

Q ENIBMIEELr = 7(ey,e,),u € Ny(v) U Ny(v)
(EXHIRZERIE 2 4, BERUBEBXAREREDN 4 £, EEI

EI];E/ \Il_u\/\jj 8 7’<)

Er

(20, 2u) | 2[0] > 24 [0] | 2[0] < 2u[0]
zy[1] < z,[1] upper left upper right
Zo[1] > 2u[1] lower left lower right

pVE3icl: e

EIHENESIE 2022.12
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Geom-GCN

SEINA IR
@ {FH embedding method R1FEF TR BIFRAE e, = f(v)
Q TEXFM M= B =EFhia:
Ny(v) = {ulu € V,d(ey, e,) < p}, BITER=TEIFEILNT R
(B E T,
Q ENBHIEELr = 7(ey,e,),u € Ny(v) U Ny(v)
QO TEEBEMBDAIHTERE, ZEBERS

et = 3" 6(r (20, 2.) 1) (deg(v) deg(u)) 2 b,

u€N; (v)

hl+1 —g (Wl H reReZl:_1>

ic{g,s}
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lterative Deep Graph Learning for Graph Neura
Networks: Better and Robust Node Embeddings

BG5S EMEMEE S PI MEERBE): iFRESHM I IAR2 S 0F
RIEIEMLE, FHEMZNEESR A AT B EEEERRIN LS
ZE,

Downstream
Input data task prediction

l Graph
Graph structure
Learner

Node embeddings

Repeat until condition satisfied
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MEIGE A5 S B E R 4

o EILHEA AGCN B MISRIEMBERSEITREFR
RO L8 2544

AW = 2LO 4 (1)) {nf (AY) + (1 — p)f (AD)}
o EHEZMEIEALZHEA GCN:

Z = ReLU (MP(X, A)W1> F=o0 (MP(Z, A)Wg)

ﬁpred = g(ya Y)

AR GIHIAE REFR) EIHENESIE 2022.12



MRIEE R W 285 > B 4514

EARIR
BEEEMNNEERTENTRY, BERBERERD,

ETTRRIENDHTRITE:
o £—F: BETmENREUEITE

Sij = cos (wp © 7, wp © )

o B_F: BEFZXmENEUEITE

1 m

Sij = — E cos (W, © %, 10, © Zj)
mo=
p:

AR (GIHIKE REFER) EIHENESIE



MR B2 P 45 2 S Bl 4514

AT R FRAERLUE FIUN Bl S 1 A ERBA :
Q ITRERES
Q0 NI TH=

IDGL E’Jﬁ”‘?&?‘j‘;:'
== Anchor-based EE%

ab, = cos (W, O Vi, W, Ouy), = — E ak,

o BME: BERHAMN. AAEBITTRFEN K TR, T8
UERTEHE « NBETR.

AR (GIHIKE REFER) EIHENESIE



B 45 ) i

IDGL JEAfCAL AL BYERRE
BEMFIRRRDEERES, SSBANEEBFNE (Trival
Solution)

FRESMN AR TER:
Q FElt: ImanT REVBIERGUERIZEH B

1 1
QAX) =53 DAy llx —x)* = — tr (X'LX)
i

Q EEM: MEFRIT RRFTHEM AR EE
Q WHEM: MBFRILEMAEHR

7(8) = 1% log(A1) + L AJ12

AR (GIHIKE REFER) EIHENESIE



IDGL & HY

A1) — 1, _ (t) _ (1) oo
. (;x ‘*ZJ“ VA + @ (AN Lo,y g0-y
{X, A0 LO}

i=2 f
Q- Similarity learning (X, A® ;&(t)} Graph N
4 ’ ) = (1)
( 4 ) od cos(Wj, ©® v;, Wi, © v;) @ regularization =

I e

[’pred
GNN " " Prediction
t-th iteration 3 7(t) task

Repeated until condition satisfied

IDGL FEnEE

Q RETH—ANENFEIELR
O BRtR T S SIRAMA BN
O ERZSMFERIARSHEE

AR (GIHIKE REFER)
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BRIMLCEItHRE 25

—fRfzzl:
O EREREMFEITRRIL -

z=GNN(X,A)
Q FIAT mKRIABNEFIIELEWN:
A = ¢ (i, 2))
Q RIBMAGIINYF S B
A*=g(A,A)

EHEY, BEERH,

AR GIHIAE REFR) EIHENESIE



ET T RBUERNBESHER

@ Gaussian Kernel

¢ (zi,25) = \/(zi —2,)T M (2 — z;)
Ay = exp (_M)

202
o HERR ~
A=0(22")
@ Cosine 1HIUE
b(znzy) =
2, 2) = —— 2.
T Nzl 2l
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Q ETFEMBRNESNSES
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Graph Structure Estimation Neural Networks

GEN B2—HiliZREZR GSL 75k, HLEZRIX—XKGEZRES
HRIATE Fiﬂ&, FEXNX—IESEML, FERSENL
RESTRORESES.

Original Graph Label Y,

A ORQ%OCCN Layer I Graph Estimator
{ Structure Fi
{ é ,,,,, Q
Estimated| & . Modd

Graph H(l) H (Z) H(l) Observation @
Model B

ObservatlonO ?70b5 1 .Obs 2 Obs. 1
NN Graph kNN kNN
0© ow o(z) 0(1) Q

GEN HEEIREE
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Graph Structure Estimation Neural Networks

MANBLSWF I FEXERERENAREE (TRZEES
BiB), YWERENITEIRZ PIRRRRME

Original Graph Label Y,

@ ’ Q\/" Graph Estimator
Structure
Model ‘.i e
Estimated

Graph H(l) H(Z) H(l) Observation

ObservatmnO Obs 1 Obs 2 Obs 1 B
‘&/ -
NN Graph kNN
0© ow 0(2) 0(1) Q

GEN MERIREE?S

8[Wang et al., 2021]

AR (GIHIKE REFER) EIHENESIE 2022.12



SBM =B EF T

Stochastic Block Model(SBM)

Stochastic Block Model(SBM) 2 —F & BRI LS E AAREY, EfR
EWNEFBUNERZBAR T TRIEX2MRE, BIETFR—
XN T RBEROBREML, NELXAIT REMRBREHTER
B,

AR (GIHIKE REFER) S 2022.12



GEN HVE 1=

£ SBM RERIRIR T, WMERFELIBRERSEMN T RFAE
WHXEX, LESEER Q € SIOHC IUEIMBAIESR

P(GIQ, Z. V) = [ [ Q58 (1 = Qe,e, )~

1<J

¢ ROADR 1 WL, SEHETIIGEN, EREXRE; 3R
3191':1‘1""’*““5]‘ {ERFUNIREE .

o= Yi if v; € VL
‘1 z otherwise
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GEN HVE 1=

RARIR
LERMBBELSN 6, BLNNELSH R RAESHABENLRME
EE&O

EXRAEEW FERMRER, ENNESEM LR
N a, B, WNELSHIEERS:

PO|G,a,p) = H[aEij(l — Q)MEi)C x (8B (1 — B)M—Ei|1=Cu

1<J

Hep B DAERN—H M DNINEZEMAF i 2B HIDRIRE,

AR (GIHIKE REFER) EIHENESIE



GEN RUIRBML 1t

GEN BREFEZMANSHERMELEH ¢ NEHEZNESEH o,
AMBS B ERMAREE

O MMSUSERS (EKME)

0 RIMEILGH Q hEHERE (RUEANBBMNIHSE)

LAt GNN:
n/alkHVN(975g)(7Ji)

0 <+ 50

A ELH S:
5« EM(0,00,0%),....00,00+)
s 01 R RN ERHIRAEF4ER KNN E,

AR GIHIAE REFR) EIHENESIE



GEN AYE A B K.
Q BREEE—TBNHMEN, M—1TSBM EEIFRLER,
Q BRIFZRMEMEEZ TN, NTHRARMENFRRFTE
B4R KNN EERIL,
Q EMA, TIIEIFM GCN Bt H{FEREM S5 REBRME
1, BEERNFOSWET)IZ,

GEN MEEIREE
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GEN: @

£ toy dataset _EI0IIE T :GEN B] BAIE IR [R5 R Z [BIAYIZ,

D ERARERRIL,
ALY GEN AJAZES) AR R ISR EISMRIEES .

O o W
o o
0.15
m m |-
mm
m O
-0.0

(a) Original graph (b) Estimated graph

GEN FE45rIEFE
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O THEEBHNESEHNFS
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Unsupervised GSL

MENBERETEREER, FMFEIRHEEER

s o gmm

Drawbacks
QO I, MEERMNERET
BEEAEMET AEBmLEINES],
TR BBRE 2.

FREEHY

REEDZEREERES,

QO XA, EBRTHERR,
0 TEM. ¥TEMESHEEMFIEHN, TEFI—TE

HERESIE

AR (IIAE SREHR)
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SLAPS: Self-Supervision Improves Structure

Learning for Graph Neural Networks

R GSL B35, mﬁ%7¥Wﬂﬁiﬂ%ﬂ§#ﬂ%j 8

EATEMETRBEWER

Starved edge

Unlabelled
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Node features 10 02
— 3 0 1.0 S5
. o S o 0O
5 oo
o o @a 3
—— &5 S a
—— (=} 52
0 05

Non-symmetric, non-normalized
adjacency

01 0.2 03 /

Symmetric, normalized
adjacency

3SI0N PPY

Noisy Features

SLAPS f&R75%=: 2|\ DAE fER B ILE

=

a9D

°NND

Denoised features



Towards Unsupervised Deep Graph Structure

Learning

Node Supervise
Labels _—

. | Improve % Benefit | ™ Node Classification |

Task for Supervision

i Learned
GNN-based Model Graph

BEE GSL

-
W ——
Data = " Input

[ Node Classification |

@ Input i Improve Benefit _ [ Node Clustering |
—] > >
Data wews — > % ( Link Prediction
o Learned
GNN-based Model Graph Downstream Tasks

TosE GSL?

0T o o o Do oL o o S (\AN\ANA a
AR (GIHIKE REFER) EIHENESIE 2022.12




Towards Unsupervised Deep Graph Structure

Learning

Input Data Anchur Vlew
X A (optional) /

=
/\u TomTea. He | wmrp 7

Initialization GNN
—on - -
HH o/ Encoder fp Projector g, /
[umm) —
b H Z
H ) s a \La J

\Ga = =)

bootstrapping  data. shared shared

contrastive
Input L wpdate  augmentation weight weight loss
; ; TR
m
Graph | _, 8 - ONN L MIP |
Learner p, 3 pmcessor q Encoder fy H, Projector g, ®
Z, m =
eamed B L
Graph Structure Learning Module  Structure Learner VIEW Structure Bootstrapping Contrastive Learning Module

B SR GSL ERT=4 learner view, RZEHITES anchor view, Bx
KD view Z[BINEEE (MI)
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SUBLIME: Graph Learner

Graph Learner

Graph Learner I TZIEEM, AT T ZMESAIA:
Q HIEMK
© Metric Learning

1. HIERB BRI
S =yg(Q),Qe RM"
2. Learnable encoder+-metric:
S = metric(encoder, (X, A))

BATEAERE (XN, BBRMF) 2 learner vie *
G =(5,X)

AR (GIHIKE REFER) EIHENESIE 2022.12



SUBLIME: Graph Learner

Metric Learning based Graph Learner BJLFSEIR 52 -
© Attentive Learner:

EO = p0) (B0-V) = ¢ ({ (1) 5,0 .. el me)

@ MLP Learner:
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SUBLIME: Post-processor

Post-processor

Post-processor F A8 Graph Learner ZEIMNER, AET T
Nz AR,

B &R ER1Y Sparsification:

(s . Sij
557 = 4 (Sz‘j> =

E)3—1t:

Slvm) = Gsym (fJact (S(8p)>> =

AR (GIHIKE REFER) EIHENESIE 2022.12



Contrastive Learning

152! learner view G(A, S) FFIFNAIEERT anchor view (XHIZE
NEE G, = (4, X)) #ITHLEZES],
A=/ GCN+MLP BERIRIE:

Zy = 96(fo(Gh)), Za = 94(fo(Ga))
JMEEFIHAHEER:

1 n
E - % ZZI [E (Zl,i7 Za,i) + ‘e (Zaﬂ" Zl,i)]

GSim(Zl,i,Za,i ) /t

ZZI eSim(Zl,i,Za,k)/t

/ (Zl’,;, Zg,i) = log

AR GIHIAE REFR) EIHENESIE 2022.12



B ¥ Anchor view

—E{ERREIERN anchor view EHERRLHHFRNRE, XTER
ETIXRERM, MHEIZE SNSRI

Ay =71Au+(1—7)S

AR GIHIAE REFR) EIHENESIE 2022.12



Reliable Representations Make A Stronger

Defender: Unsupervised Structure Refinement for
Robust GNN(STABLE)

REETIEBESN GSL HiE, INNEEBR TRINRIERS
2, RERENE, THETEFEN,

STABLEIZIR S Z:
Q FAXEFIFRIE R
9 A AE I ENRIEEFHELSEM

OReliable Representations Make A Stronger Defender: Unsupervised
Refinement for Robust GNN(KDD 2022)
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STABLE: Representation Learning

B MRS
SERSARGESRE, HEREMTA M.

HF—PEIRENE G:
O MIFR—EBD, BFRIRFZERNE G»
Q M GF B IREWMIFRATE, ¥ M TIRFEREERSNE
GP.GP,..GP,
O ERM Gr Fll G8, G, .G, BEIMRIEIZR, EIN shuffleGr
ﬁ;ﬂ;g Gr fERTIREAR, B3R Gr F1 GF, G5, .G, 154
ZNL .
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STABLE: Representation Learning

/Representatr'on Learning

_________ “ -

Perturbed Graph G

SOOI OISy

N

—— Perturbed edge OGrauneLtruth label 1

!:: Recovered edge OGraund—truth label 2
1

, ~
Roughly Preprocess GP E

Recover
_

Encoder [

AR GIHIAE REFR)
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STABLE: Graph Refining

1E5K15 reliable (9RAE 1 /5, (EMREMNBMNETENELES
BSARHILGE:

———————

Graph Refining

ZEMSESTRN, MEREBRERT, JUEERBTSZTT
WHES .
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STABLE

/ Representation Learning

O OOOTO00 ~ Gl
' Perturbed Graph G \I ‘ Roughly Preprocess QF\| Fon

1 ! 1

1 ! 1

1 I 1

1 I—

1 I 1

1 I 1

1 1 1 shuffle

l ! 1 —_—

= Perturbed edge (Q) Ground-truth label 1 \

Recovered edge (@ Ground-truth label 2

pm————— ~ \
I’ Node Similarity 1
1 1
1
1
I
1

]
1
1
1
| Lfrne§ ) ——
! t; i 1
] \ 1
4
| Jpp— \ [ y

Graph Refining S - - e et -

|Advanced GCN fa

~Smmm—-———

Prediction




SR E L5 S Ay o) R :
%éﬁ*’@#j, SERIENBELEOE, BFEXEINEPFTR
L0l

Q0 ¥ REESHELIESERTRNEGNES]

O MN{ME R AREL||ZRTFZHAY error propagation
Q.

.Zﬁ*’]%jﬂ’l 2l i N A -

O EZEHN

HAXEM

E XS IR BR

009
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RIZRG

Q ARER

Q EFMHMESENES
e LDS
@ Pro-GNN

Q ETELEMSE IHEMENE
e AGCN
e GRCN
@ PTDNet
@ Geom-GCN
e IDGL

Q ETEMBRNELENSES
Q FLULEBHMEEHES)
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