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Abstract

Currently, graph convolutional neural networks are considered to be one of the most effective semi-
supervised methods in dealing with the classification of complex graph-structured data in real-
world, such as knowledge graphs, citation networks, and social networks, but there is still the prob-
lem that their learning performance can be affected by severely limited labeled data. In this study,
a node classification method using graph clustering results as a guide is proposed to address this
problem. Specifically, a data enhancement module is introduced to reduce the noise in the graph
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structure information, a clustering-oriented graph embedding model is designed as an attribute
graph clustering network, and the pseudo-labels of the nodes are predicted based on the clustering
results. Meanwhile, to improve the performance of the classification task, high-confidence pseudo-
labels are screened to guide the graph node classification task, and a similarity loss is designed to
improve the feature similarity between labeled and unlabeled nodes. The results of extensive ex-
periments on the benchmark dataset show that the method can overcome the label number limita-
tion and have superior performance on the graph node classification task compared with existing
methods.
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Figure 1. The overall model structure
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Figure 2. Attribute graph clustering network
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4.1. EEBERRESH

FESEIG A SCE S M = MR HESE AR R VP A B AR JRRAT 55 R IPERE: JRRKEE(ACC), H— L EAF
BNMNFIE B BEHLRE(ARI), X EEFRAR AT 0B, BB AT

Table 1. Clustering results of the attribute graph clustering network on three benchmark datasets

1 BHEREAMEE=NEEREE EHREER

Cora Citeseer Pubmed
ACC NMI ARI ACC NMI ARI ACC NMI ARI
K-means 0.500 0.317 0.239 0.544 0.312 0.285 0.580 0.278 0.246
DeepWalk 0.529 0.384 0.291 0.390 0.131 0.137 0.647 0.238 0.255
GAE 0.530 0.397 0.293 0.380 0.174 0.141 0.632 0.249 0.246
VGAE 0.592 0.408 0.347 0.392 0.163 0.101 0.619 0.216 0.201
DAEGC 0.704 0.528 0.496 0.672 0.397 0.410 0.671 0.266 0.278
GATE 0.658 0.527 0.496 0.616 0.401 0.381 0.673 0.322 0.299
GMM-VGAE 0.717 0.530 0.562 0.675 0.407 0.424 0.711 0.299 0.330
Ours 0.757 0.597 0.577 0.698 0.446 0.458 0.714 0.345 0.346

AR H 1 8 1 SR 2R N 4 7E =N SR HE R AR b 5 SRR LR 4 R a3k 1 R, Hopoi
ER R ERAT S mAETERE . INSEIR A RE, TRUEEa T, AT INEE A SRR
fh 7R T B AP A K. AT USR], 5 H A 2 E . (K-means) (1) 75 5 A R {8 45 1445 5
(DeepWalk) ) 77 vE AR b, [ B A5 FH X RS SRR 2 2% S OTiEA Re A AP 45 2L, 1 GAE. VGAE.
DAEGC VLK GATE [22]. iX#H, BN EGEEMERE BN EREFEEE Y, HENEETLL
HE— PR m R e

Hik—0 M, ASCEIT ACC FaFnTEAL - B WS I PE e . TER TR SR M FIE L T, &A1S
FRBEAERE(LP) . BB MEA M 2% (GCN). Li 55 A2 H B — L3 E I 257 % (Co-training. Self-training. Union
PA Intersection) A K B AR I 2% (CGCN)HEAT T K E IR LU SRS, VEHIXS L sEia gt RSH R 2~4.,
SEIGIE B BT DA B EAE AR AR AR 2 R 1 L N BB RSB35 5 77, Bl El 3 TLLE H, Bt
JiAAE Cora B 4 A3 A eI M bR 25 2 LU0 I KR 4 7 v, L 2R 0@ T KT 43 7 VA b 28 2 I

ok
HE o
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Table 2. Classification accuracy on the Cora

% 2. 7£ Cora LHAY AR

PREEHR 0.5% 1% 2% 3% 4% 5%
LP 0.564 0.623 0.654 0.675 0.690 0.702
GCN 0.509 0.623 0.722 0.765 0.784 0.797
Co-training 0.566 0.664 0.735 0.759 0.789 0.808
Self-training 0.537 0.661 0.738 0.772 0.794 0.800
Union 0.585 0.699 0.759 0.785 0.804 0.817
Intersection 0.497 0.650 0.729 0.771 0.794 0.802

FRag A 0.5% 1% 2% 3% 4% 5%
Two-Stage 0.579 0.670 0.748 0.790 0.815 0.833
CGCN 0.643 0.724 0.768 0.801 0.827 0.842
Ours 0.732 0.763 0.806 0.823 0.832 0.843

Table 3. Classification accuracy on the Citeseer

%= 3. £ Citeseer LRI L EMZR

PREEHR 0.5% 1% 2% 3% 4% 5%
LP 0.348 0.402 0.436 0.453 0.464 0.473
GCN 0.436 0.553 0.649 0.675 0.687 0.696
Co-training 0.473 0.557 0.621 0.625 0.645 0.655
Self-training 0.433 0.581 0.682 0.698 0.704 0.710
Union 0.463 0.591 0.667 0.667 0.676 0.682
Intersection 0.429 0.591 0.686 0.701 0.708 0.712
Two-Stage 0.513 0.606 0.689 0.714 0.719 0.723
CGCN 0.593 0.631 0.695 0.726 0.728 0.746
Ours 0.681 0.716 0.718 0.722 0.740 0.745

Table 4. Classification accuracy on the Pubmed

= 4. 7€ Pubmed £ SOERHER

PREEFR 0.03% 0.05% 0.1% 0.3%
LP 0.614 0.664 0.654 0.668
GCN 0.605 0.575 0.659 0.778
Co-training 0.622 0.683 0.727 0.782
Self-training 0.519 0.587 0.668 0.770
Union 0.584 0.640 0.707 0.792
Intersection 0.520 0.593 0.694 0.776
Two-Stage 0.607 0.641 0.722 0.782
CGCN 0.647 0.692 0.778 0.803
Ours 0.708 0.718 0.733 0.810
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Figure 3. Classification performance of semi-supervised classification networks on benchmark datasets
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Figure 4. Visualization results of Cora features
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