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Dual-channel Graph Random Convolutional Networks for Semi-supervised Node Classification

LI Cheng-hong,ZHU Xiao-fei
( College of Computer Science and Engineering,Chongging University of Technology,Chongqing 400054 , China)

Abstract : Graph representation learning plays a vital role in processing graph data. In practical applications , there is inevitably noise in
graph data,but the existing research work based on graph convolutional networks usually assumes that the original graph data is relia-
ble. In addition,some recent studies have found that Graph Convolutional Networks ( GCNs) can’t well integrate information from to-
pology structures and node features. To solve these problems, Dual-channel Graph Random Convolutional Network ( DC-GRCN) is pro-
posed to solve the classification problem of semi-supervised nodes of graph data. Firstly, DC-GRCN employs data augmentation to
generate a number of different node features to reduce the influence of the noise data. Then the augmented node features are propagated
within both the topology space and feature space at the same time. It leverages the attention mechanisms to adaptively fuse different
representations of nodes during propagation and after the propagation. Experimental results on five real datasets show that this model
has better classification performance than baseline model.
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Table 1 Statistics of the datasets
o owrwosoms I g wimse
ACM 3025 13128 3 1870  60/120/180 1000
BlogCatalog 5196 171743 6 8189  120/240/360 1000
CiteSeer 3327 4732 6 3703 120/240/360 1000
Flickr 7575 239738 9 12047 180/360/540 1000

UAI2010 3067 28311 19 4973 380/760/1140 1000
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Table 2 Node classification results( % ). ( The best result on each dataset are in bold. The second-best ones are underlined)

BiesE  EEIEPR L/C DeepWalk LINE  Chebyshev GCN  kKNN-GCN  GAT DEMO-Net MixHop AM-GCN DC-GRCN
20 62.69 41.28  75.24  87.80  78.52  87.36  84.48  81.08  90.40  91.78
ACC 40 63.00 45.83  8l.64 89.06 81.66 88.60 85.70  82.34  90.76  92.36
ACM 60 67.03 50.41  85.43  90.54  82.00 90.40  86.55  83.09  91.42  92.42
20 62.11  40.12  74.86 87.82  78.14  87.44  84.16  81.40  90.43  91.75
Fl 40 61.88  45.79  81.26  89.00  81.53  88.55  84.83  81.13  90.66 92.30
60 66.99 49.92  85.26  90.49  81.95  90.39  84.05  82.24  91.36 92.38
20 38.67 58.75  38.08  69.84  75.49  64.08 54.19  65.46  81.98 87.18
ACC 40 50.80 61.12 56.28  71.28  80.84  67.40  63.47  71.66  84.94  89.74
BlogCatalog 60 55.02  64.53  70.06 72.66  82.46  69.95  76.81  77.44  87.30  91.06
20 34.96 57.75  33.39  68.73  72.53  63.38  52.79  64.89  81.36  86.71
F1 40 48.61  60.72  53.86  70.71  80.16  66.39  63.09  70.84  84.32  89.45
60 53.56 63.81  68.37 71.80  81.90 69.08 76.73  76.38  86.94  90.76
20 43.47 32,71  69.80  70.30  61.35 72.50  69.50 71.40  73.10  74.12
ACC 40 45.15 33.32 7l.64 73.10 61.54  73.04  70.44  71.48  74.70  75.26
_ 60 48.86  35.39  73.26 74.48  62.38 74.76  71.86 72.16  75.56 76.08
CiteSeer 20 38.09 31.75  65.92  67.50 58.86  68.14  67.84  66.96  68.42  69.48
F1 40  43.18  32.42  68.31  69.70  59.33  69.58  66.97 67.40  69.81  70.76
60 48.01  34.37  70.31  71.24  60.07 7160  68.22  69.31  70.92 72.02
20 24.33  33.25 23.26 41.42  69.28  38.52  34.89  39.56  75.26  82.14
ACC 40 28.79 37.67 35.10 45.48  75.08  38.44  46.57 55.19  80.06  85.84
Flicks 60 30.10 38.54  41.70  47.96 77.94 38.96 57.30 64.96 82.10  86.46
20 21.33  31.19  21.27  39.95  70.33  37.00 33.53  40.13  74.63  81.82
Fl 40 26.90 37.12  33.53  43.27  75.40  36.94  45.23  56.25  79.36 85.76
60 27.28 37.77 40.17  46.58  77.97  37.35 56.49  65.73  81.81  86.46
20 42.02  43.47  50.02  49.88  66.06  56.92  23.45  61.56  70.10  75.44
ACC 40 51.26  45.37  58.18 51.80 68.74  63.74  30.29  65.05 73.14  76.54
UAL010 60 54.37  51.05 59.82  54.40  71.64  68.44 3411  67.66  74.40  79.24
20 32.93 37.01 33.65 32.86  52.43 39.61 16.82  49.19  55.61  62.60
FI 40 46.01  39.62  38.80  33.80  54.45  45.08  26.36  53.86  64.88  66.99
60 44.43  43.76  40.60  34.12  54.78  48.97  29.05  56.31  65.99  71.22
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1) SR R AR LG, A S Y DC-GRCN 72 i A 1Y
BiEsE EHR R T R IKE. SR IEL AM-GCN! A
b, AR SCHE H AOAE U E BlogCatalog B £ I MERG R i KR T+
6.34 1~ H 43 /5, macro Fl-score fix KIETFF 6. 57 A~ 43 45, 7F
Flickr Z#4E T o R i K32 F- 9. 14 A~ H 43 45, macro F1-
score B KHETF 9. 63 NH /. SLHRZE R E B T DC-GRCN
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2) i3 % b ANN-GCN F1 GCN 145 5%, n] LU & BLAh M E
FURRE B SEAF PR A5 M 22 57 90 HL, X F 435 % BlogCatalog
Flickr 1 UAI2010 X 3 M4 4R |, ANN-GCN (1945 R Z W] i
F GCN, #F—2 U T 5 AR B 22
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GCN, X i}6#] DC-GRCN HER AHLHI A %, e L A

38 o7 i D [ FNARRAE 2 8] PP 4R B S 1R S,
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] DC-GRCN RS Rl 7 S ARt SE 8.
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ARG E R TR ST — B0 2 5 B B 3G 5 X DC-
GRCN fy5tik. EEALHE 3 #64

1)w/o LA. BBRZ90F B IR 21T GON i,
AXFFRFIMNE GON HIEHE K GON AR 5 R B 722 1.

2)w/0 CC. F% [k — Bk 041 42, 76 451 2% bR 0 AS X
GCN )i — Z W4T MR b7 — B4R,

3)w/o DA. BB IR EIEE 4R 2, L 5 SR IR R E S
SRR,

W 2 R RS LR, o ALL R 0H aliY DC-
GROCN. R4 T H0 25 AT BN 25180

K2 DC-GRCN fE 5 ¥t [ i TH LS 5
Fig.2 Ablation study of DC-GRCN on 5 datasets
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JnaE T R R AR SCE 2 T EA T AL RE B

4) BB S sR B UG IR IR 7 s R IR S e L B P R, 1
AU RE I S £ 3838, T AL AR R 56 3 3R [7) 07 1 B 1R
B A BT B E EEER.

5.4 W

T B LR LA SO R A S AR R 20 1Y
BlogCatalog I Flickr $##4E I 047 v] AL AF 55 4 i J5 15 51
BT 5 T -SNE SE1 7R84 A5 21N E 3 R T LR

MK 3 PRl LUE Y, GON 24 2] B35 s R AR TR AR 2
T AR B — R, AN BEAR 4 M X 23 4% Y A 26 51 AM-

GCN 23] B ({715 5 2R AT T GON SR i B AR e A B 1

¥l 3 7£ BlogCatalog i Flickr X454 24>
F s By AT AL 4G 2R
Fig.3 Visualization of the learned node embeddings
on BlogCatalog and Flickr dataset
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Fig.4 Analysis of parameter k

By, RS R R & (RIS Z2ie T . bR
WG ACM AAF 1 X B, 75— & HL A Rk 5]
RIS I R Z2 RO AT B T 0 S e oA A9 3. LR 300 4
T AR PR AR 2, 5 A F e s i 22, DA TG 207028
PERE T B

& 5
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Fig.5 Analysis of parameter y
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FEIS W TR H AR R UL HEBARE ;25 H [BE R, AR )
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Fig. 6 Analysis of parameters H and &
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