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“In this paper, we reduce this excess complexity (of ' “Interestingly, by removing the activation function
GCN) through successively removing = ReLU in Eq. (9), we can see that GCN is a special
nonlinearities and collapsing weight matrices case of our GLP, ....”

between consecutive layers. We theoretically analyze

the resulting lincar model and show that it Fpy5e85—==%.

corresponds to a fixed low-pass filter followed by a

linear classifier.” GLP consists of two steps. First, a low-pass, linear,

shift-invariant graph filter G is applied on the feature
matrix X to ... The next step is to train a supervised
classifier (e.g., multilayer perceptron, convolutional
neural networks, support vector machines, etc.) ...”

5] B ER I8 50 A

(1) W E R T A e IR 3 f @ s 4 DA GCN (Kipf & Welling 2017)Ff 3% F f“renormalization
trick” ] DA 45 B Laplacian fRFAE(E TG

XTI = HITET4.1:

“We demonstrate that SGC corresponds to a fixed “The graph convolution in each layer of the GCN
filter on the graph spectral domain. In addition, we model actually performs feature smoothing with a
show that adding self-loops to the original graph, i.e. low-pass filter.”

the renormalization trick (Kipf & Welling, 2017),

effectively shrinks the underlying graph spectrum.”

X FIEETI3.2: HriET 4.0
“By adding self-loops, the largest eigenvalue shrinks ' “... by adding a self-loop to each vertex, the range of
from 2 to approximately 1.5 and then ...” eigenvalues shrink from [0, 2] to [0, 1.5], thus ...”

(2) *yyERAEFESRITELD (b) R 7 AHR RSN K2, B TR NS85 Sk
AR ZAAET I TTZ R Tk = 5,6 PIAPEHL.

X 77 B 2 TR A T E1(b):

Normalized Ad;. 1.0
0.5 1
0.0 1

—-0514 — k=1 — k=3

— k=2 — k=4

; -1.0 T T T
0 1 9 0.0 0.5 1.0 1.5 2.0
Eigenvalue (\) k
K=1 K=2 K=3 — K=4 — K=5 — K=6| (b) RNM: (]. - A)

(3) xtAERAGMFE FFTE 2(b) # 2(d) BIZ .. ANEZAMUE TR T EEVER k= 1,2 S,
MXT 7R Tk = 1,2,3,4,5,67 FH&E I

X7 E A1 - 77 E2(b)F12(d):
Augmented Normalized Adj.
11 1.0 1.0

\ 0.5 \ 0.51
N\
O\~ e ‘ 0.0 \ 0.0 S~

¥ |’ 4 | R
‘l | ALl ik \

-0.51 . ~05
—11 I o5 1o 15 20 %0 o5 1o 15 20
0 1 2 ” ~
Eigenvalue ()\) (b)y1—X @ @-x
K=1 K=2 K=3 — K w4 — =5 — =6

(1) BR7T R {Ecitation networks b [(143 ZfERA 2, XUTHENER T H 7 A FGCN (Kipf &
Welling 2017) FIHAMTTIEN E REZE M. BAEAAF, EZ2RAHAEARBER. XI57E
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XT3 IR EL#E (Figure 3): TR TIN5 ELFE (Table 1):
" Pubmed Table 1: Classification Accuracy and running time on
- GCN Label Rate 20 labels per class 4 labels per class
1% 28x Cora CiteSeer PubMed Cora CiteSeer PubMed
g7 + ® DGI %‘;T Lt ManiReg 59.5 60.1 70.7
< 260x X s SemiEmb 59.0 59.6 717
8 X DeepWalk 67.2 432 653 - -
< A ICA 75.1 69.1 73.9 622 49.6 574
8 g Planetoid 75.1 64.7 712 432 478 64.0
Ex FastGCN v MLP 564(0.55) 55.9[(0.65)] 69.1[(055)) 37.8[(0.55)) 39.6{(0.65)) 57.6{T0 35,
6x LP 67.8](0.45) | 43.9)(0.35) | 66.4)(1.25) | 60.9)(0.15){ 40.0}(0.25) | 62.6](4.35)
g;N Aga;IéNel GCN 79.5)(1.55) | 68.7}(2.35)| 77.2)(165) | 64.0)(1.85)] 56.4)(2.55)] 66.7|(175)
X X
77 GLP (RNM, MLP) 79.11(0.55) | 67.6{(0.65)| 77.2}(0.55) | 68.4)0.55)| 57.5](0.65)| 67.2}0.65)
: l — 5 GLP (RW,MLP)  79.1(0.5s) | 67.7)(0.6s) | 77.0}(0.55) | 68.5K(0.55)| 57.6{(0.65)| 67.2}(0.65)
10 10 107 10 GLP (AR,MLP) ~ 80.3(0.55) | 68.3}(0.7s) | 78.3)(0.55) | 69.4}(0.75)] 58.3}(0.95) 68.7](0.85)
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Figure 6: Classification accuracy on PubMed with different parameters.

Figure 4. Validation accuracy with SGC using different propagation matrices.




