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Is the graph properly structured?
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Preliminaries

1. GCN
2. Graph Learning
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1. GCN

H'*' = 6 (D ZADZH'W')
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Preliminaries
2. Graph Learning

Like GAT

concat /avg /~
L r——————— e hfl

Limitation -> Just reduce edge
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Preliminaries
2. Graph Learning (GLCN loss)

exp(ReLU(a” |z; — z;|))
;.1:1 exp(ReLU(a™|z; — x|))

’Stl.f — g(:'.:i'- Ij) — Z

'

LoL = Z lz; — 23855 + YIIS||%

1,7=1

S : new graph(learnable)
L_GL : new loss function
L_GLCN : L_GCN + lamda*L_GL (lamda is parameter)
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method
E 3579 layer?l =Xt
1. Graph learning layers

n
. 2 2
LroL: min D [lziP —z;P|3s;; + [ISI7
i

A=(1-mnA+nS

New graph § .
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2. GNN layers
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3. Reverse learning layer
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method
Out of sample

Sq — CUS(I:;""H”}-.- Klmian{j])‘
We then select the neighborhood by

N, <« topk(S,).

S_q : new data g7 O{C[0f| FAFSHX]|
X_g : new data q
W~ (0) : graph learning layer
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Experiment

Node classification

CLASSIFICATION ACCURACY OF ALL METHODS ON NINE DATASETS FOR SEMI-SUPERVISED NODE CLASSIFICATION

Methods Cora Citeseer  Handwritten Caltech AWA BBC WebKB 3sources Flower
GCN 81.06+05 71.2240.6 93.38+0.8 80.48:1.2 56.29:00 712.56:0s 72.28+1.1  79.61:06 45.501+1.2
GLCN 81.80+0.7  70.56+0.0 94.22 0.0 79.36+1.4  55.8lso7r  73.36+10 757600 79.22:06 46.65+1.0
DIAL 8241404 T1.684n0.7 93.75+1.2 T76.7941.2  56.57+07 71.39412 7033410 7818104 4549410

JLGCN 83.600+05 72944106 94.60+0.5 82. 74108 5896105 7612106 7565105 7546405 50.6]1+0.s

Pl‘DpDSEd 83890~ mln.a 9§.89J-_u.ﬂ 839206 61.60:05 80.81:05 7_7.39J'_U.T 81.43.05 5079“].:
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Experiment

Out of sample

CLASSIFICATION ACCURACY OF ALL METHODS ON NINE DATASETS FOR OUT-OF-5SAMPLE EXTENSION

Cora Citeseer ~ Handwritten  Caltech AWA BBC WebKB 3sources  Flower
Dccpwalk 83.23+0.2 61.81+0.1 06.94+0.1 8345403 61.88+0.2 78.91+0.2 79.29+0.2 83.47+0.4 53.12+0.6
GraphSAGE  84.68:04 7297103 96.72+0.1 836902 6521105 7950105  76.27+07  8552+05 3852107
SGC 73431205 6832105 88.95+0.2 8l.14+04 6263104 7474204 61.83+12 T0.22+04 5059105
GCN* 78.30x05  76.7040.3 02.5040.2 8209404 6483105 8489103 B2.7940.4  T948+0:3 5654107
GUN#* 88.71+0.2 81.2910.4 97.05+0.1 81.61+0as 6492405 85.6li0as 8093406 8947400  56.0310.0
QFE 79.85:0.2 7012403 97.0040.1 8027405 6211405 8431401  8B0.72407 8737402 4993.00
Proposed 89.26:0> 81.47:04 97.90:01 835002 7030105 92955101 89.77:i0s 9263102 6236100
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Random edge attack
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Result

1. Graph HYCZE ot ==
2. Model HlIl HE(0t4]|2)
3. Random attack A&
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