106

BIG DATA RESEARCH A#ifE

— P IEIE A P S
XRFEIEE

ARE, HER, EX8, AR?
L PR AL S B R AR, (1PE K5 030006;
2. IPE RSB GEE AL TSR B, (U7 KJE 030006

[iE
X HEMNERRZIP, DRIRE S T MESEARTEPRITRANRIIEEEREFTE N RMER

DLFRMES P, IR EREELRE BRI, XSHAEZIMNSEATR RENI P TTERHTT
ﬁﬁ?ﬁ(aﬁ"**&o IINX—0E, BE 5—NaEHFmENESRAFZIRE, ZRBLUBRISENEAE
22, BBmENYRER T EREBEENN. BB ESONEBERDIEMR TIEREPI MESTRRIREY
%%EUE_L}M 5%, AN —E2BEREROHSIBR. BRIAM T BREBTREFASRIIR, £OER
WA MR T TURIRBI=SEERYE FEILEM L, S T— AR, SIBHREZIS ¥ REZIH
hE), 2R BIM LS 7R I B IS e A0 RTINS VSRR 1% . A B SLEIEES CHSLISRA, BB
HRRZINSRNME DRDE BRENTICFESPEBIREN T ELIABIMEE,

%@
LISEMSERTYS; REER; SEEY; a8, BRENS

PEDES: TP3IT SNEARGES: A doi: 10.11959/}.issn.2096-0271.2024052

A dual channel semi-supervised network
representation learning model

DU Hangyuan', XIE Fuzhong', WANG Wenjian', BAl Liang *
1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China
2. Institute of Information Processing, Shanxi University, Taiyuan 030006, China

Abstract

In semi-supervised network representation learning, node labels play an important role in guiding the establishment of
network mapping relationships among different spaces. However, in many practical tasks, the available label information
is usually limited or difficult to obtain, which makes it difficult to provide sufficient and effective supervision to the
process of learning low-dimensional network representations. In order to solve this problem, a dual channel semi-
supervised network representation learning model is proposed, which is composed of two information transmission
channels, namely self-supervised and semi-supervised channels, with the framework of autoencoder. The self-supervised

information and the label information provide guidance for the establishment of network representation mapping in the
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two channels respectively, and they form such a sense of information complementation and enhancement for the learning
process. Considering the possible information redundancy between the two channels, a redundancy recognition and
elimination mechanism is designed in the perspective of mutual information. On this basis, an integrated optimization
model is constructed to combine the self-supervised learning and the semi-supervised learning into a collaborative
mechanism, which enables the learned representations to capture and preserve the structure and characteristics of the

network. Experimental results on several real datasets show that the network representations learned by the proposed

model can achieve better performance than baseline methods in node classification, clustering and visualization tasks.
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71.43% +1.49%
78.38% +0.26%
80.40%+0.23%
80.85% +0.52%
57.80% +0.08%
63.71%+0.24%
68.17%+0.05%
70.43%+0.47%
75.14% +0.58%
38.83%+1.63%
44.01%+1.69%
45.92% +1.45%
48.64%+1.36%
48.83%+1.32%

68.29% +0.98%
72.96%+0.25%
79.87%+0.07%
81.74% +0.16%
82.561%+0.28%
48.52%+0.32%
63.68%+0.27%
67.23%+0.42%
69.37%+0.26%
69.57%+0.32%
68.70%+0.27%
71.97%+1.61%
78.03%+0.23%
79.65%+0.24%
79.86%+0.51%
55.81%+0.08%
60.51%+0.22%
66.17%+0.07%
69.13%+0.07%
74.15% +0.54%
30.08%+1.24%
36.62%+0.98%
37.87%+0.68%
39.33%+0.91%
40.44% +0.59%

74.31%+0.64%
75.50%+0.87%
81.62%+0.86%
82.96%+0.56%
83.40%+0.57%
54.77% +1.73%
65.92%+1.07%
70.35% +0.44%
72.56%+0.63%
72.78% +0.28%
71.84%+0.05%
72.76%+0.16%
78.64% +0.23%
79.14% +0.13%
79.45%+0.12%
62.30%+0.35%
69.21%+0.31%
72.90%+0.42%
74.62%+0.27%
78.20%+0.49%
40.12%+2.19%
45.60%+2.27%
48.21%+1.37%
51.21%+2.24%
53.10%+2.28%

72.78%+1.05%
74.70%+0.73%
80.25%+0.79%
81.82%+0.65%
82.44%+0.71%
48.62%+2.57%
62.62%+0.99%
67.32%+0.29%
69.73%+0.48%
69.81%+0.78%
71.96% +0.05%
72.72%+0.15%
77.98%+0.26%
78.44%+0.12%
78.79% +0.08%
60.79%+0.35%
67.48%+0.24%
72.61%+0.41%
73.34%+0.27%
77.43%+0.43%
32.21%+1.53%
35.18%+0.69%
38.45%+1.17%
39.76% +1.21%
40.98%+0.67%

71.42%+1.78%
74.48% +1.30%
79.90% +0.43%
81.64% +0.94%
81.94%+0.33%
61.19%+1.67%
65.70%+0.91%
72.11%+0.38%
71.14%+0.40%
72.32%+0.65%
70.14% +2.24%
72.06%+1.65%
79.20%+0.45%
79.34% +0.49%
80.05%+0.48%
47.04% +3.04%
55.50%+1.93%
61.05%+0.91%
62.48% +1.99%
66.71%+1.71%
42.00%+1.57%
43.94%+1.01%
46.86%+0.77%
48.04%+0.87%
48.81%+0.30%

70.52%+1.70%
72.71%+1.35%
78.04% +0.49%
80.07% +0.98%
81.93%+0.33%
57.69%+1.94%
62.25%+0.81%
68.16% +0.36%
67.56%+0.41%
68.42%+0.61%
70.02%+2.11%
72.43%+1.81%
78.66%+0.48%
78.89%+0.51%
79.34% +0.57%
46.12%+2.80%
54.25%+1.87%
59.93%+0.80%
61.22%+1.89%
65.43%+1.69%
33.02% +1.45%
34.61%+0.52%
36.77% +0.53%
37.51%+0.61%
38.65%+0.36%

76.38%+0.83%
77.61%+ 0.46%
83.57%+0.34%
84.63%+0.23%
84.98%+0.36%
65.88%+1.69%
68.73%+0.54%
73.12%+0.59%
73.87%+0.48%
73.91%+0.41%
75.01%+0.82%
76.24%+0.67%
80.85%+0.18%
82.35%+0.61%
82.55%+0.34%
63.27%+1.20%
68.97%+1.16%
73.41%+0.70%
74.37%+0.73%
78.26%+0.67%
39.73%+0.98%
47.80%+0.17%
53.37%+1.24%
58.32%+1.45%
59.81%+1.10%

74.69%+0.92%
76.45%+0.54%
82.27%+0.37%
83.52%+0.24%
83.84%+0.37%
61.16%+1.39%
64.91%+ 0.46%
68.73%+0.59%
69.85%+0.59%
70.04% +0.45%
75.45%+0.73%
76.34% +0.65%
80.23%+0.16%
81.563%+0.45%
81.76%+0.27%
61.55%+1.03%
67.10%+1.08%
72.22%+0.73%
73.53%+0.65%
77.54%+0.60%
30.24% +1.09%
34.62%+0.46%
40.77%+0.36%
41.37%+1.65%
41.53%+0.64%
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Httk
V{J s Cora Citeseer Pubmed Facebook Blogcatalog
* NMI ARI NMI ARI NMI ARI NMI ARI NMI ARI
I DeepWalk 44.05% + 33.76%+ 24.15%+ 11.22%+ 29.78% + 29.83% + 25.33% + 17.92%+ 24.57% + 16.67% +
W 2.43% 4.01% 1.35% 0.45% 0.23% 0.36% 1.59% 1.94% 0.63% 0.93%
iz Node2vec 44.55% + 34.32% + 24.91%+ 10.97%+ 29.84% + 29.87% + 25.24%+ 17.94% + 24.39% + 16.16% +
K 2.64% 4.12% 0.41% 0.24% 0.23% 0.28% 1.31% 1.56% 0.53% 1.19%
DGI 58.99% + 55.54% + 42.85% + 40.71% + 38.58% + 36.77% 38.569% + 34.19% + 33.13% + 23.01% +
0.51% 1.19% 0.19% 0.29% 0.21% 0.22% 0.29% 0.60% 0.15% 0.19%
GMI 58.26% + 55.24% + 41.44%+ 40.41% + 33.03% + 36.95% + 40.67% + 36.20%+ 28.17%+ 17.41%+
1.12% 1.54% 0.58% 0.83% 2.66% 2.74% 1.51% 1.67% 1.56% 1.44%
H GCN 41.04% + 23.91%+ 37.97%+ 29.53% + 34.16%+ 32.57% + 36.77%+ 34.93% + 28.94% + 15.51%+
s 0.68% 0.78% 0.36% 0.41% 0.22% 0.52% 0.46% 0.54% 0.80% 0.69%
2 GWNN 44.19% + 22.85% * 36.43% + 33.89% + 37.38%+ 38.57% + 42.92% + 41.66% + 28.57% + 19.03% +
1.09% 1.19% 1.29% 2.65% 0.18% 0.25% 0.57% 0.25% 0.57% 0.53%
GraphMLP 50.12% + 37.12%+ 41.96% + 38.03% + 36.04% + 36.91%+ 25.54% + 19.82% + 39.96% + 31.08% +
0.51% 1.02% 0.83% 1.71% 0.69% 1.36% 2.55% 3.15% 0.81% 0.38%
DCSNRL 62.65%+ 62.99% + 43.41%+ 43.78% + 41.36%+ 46.32% + 42.17%+ 41.23% + 42.85% + 36.51% +
0.26% 0.69% 0.26% 0.28% 0.57% 0.46% 0.60% 1.57% 0.16% 0.79%
R5 AEPRAFICHETSEIBERENLWER
R RS
e IRl GCN GWNN GraphMLP DCSNRL
Bk NMI ARI NMI ARI NMI ARI NMI ARI
Cora 5 29.11%+0.11% 14.23%+0.18% 32.17%+0.72% 13.49%+1.04% 46.71%+1.06% 34.64%+1.04% 57.50%+0.47% 57.00% +0.90%
10 34.77%+0.10% 20.88%+0.28% 38.90%+1.26% 19.29%+0.69% 47.80%+1.26% 35.12%+0.87% 58.04%+0.66% 58.09%+0.71%
20 41.04%+0.68% 23.91%+0.78% 44.19%+1.09% 22.85%+1.19% 50.12%+0.51% 37.12%+1.02% 62.65%+0.26% 62.99%+0.69%
30  43.82%+1.84% 29.53%+1.98% 48.11%+1.01% 27.81%+0.28% 49.55%+0.44% 35.45%+1.02% 63.57%+0.35% 64.48%+0.56%
40 45.31%+0.32% 27.54%+0.66% 60.08%+1.13% 42.81%+1.47% 50.18%+2.09% 39.32%+3.32% 65.26%+0.44% 66.15%+0.98%
Citeseer 5 27.85%+0.13% 20.87%+0.27% 25.19%+0.73% 17.49%+1.06% 36.65%+0.70% 32.32%+1.22% 38.77%+0.92% 38.50% +0.83%
10 32.49%+0.20% 23.29%+0.93% 33.21%+2.14% 30.10%+2.46% 39.54%+2.12% 35.71%+3.26% 41.98%+0.48% 41.97%+0.78%
20 37.97%+0.36% 29.53%+0.41% 36.43%+1.29% 33.89%+2.65% 41.96%+0.83% 38.03%+1.71% 43.41%+0.26% 43.78%+0.28%
30 40.08%+0.07% 30.95%+0.16% 36.02%+1.05% 34.07%+1.87% 40.96%+0.79% 37.44%+0.83% 44.65%+0.99% 45.62%+1.71%
40 41.87%+0.16% 35.31%+0.34% 39.48%+0.78% 34.94%+2.46% 42.66%+0.57% 38.71%+0.84% 44.76%+0.16% 45.70%+0.36%
Pubmed 5 30.39%+1.17% 30.03%+1.34% 31.41%+0.07% 31.69%+0.04% 30.27%+4.53% 25.67%+4.77% 34.94%+1.11% 38.06%+1.34%
10 32.97%+0.70% 34.48%+0.54% 34.38%+0.16% 34.19%+0.13% 33.12%+1.24% 31.09%+1.80% 36.47%+0.94% 38.87%+1.02%
20 34.16%+0.22% 32.57%+0.52% 37.38%+0.18% 38.57%+0.25% 36.04%+0.69% 36.91%+1.36% 41.36%+0.57% 46.32%+0.46%
30 39.07%+0.31% 39.54%+0.65% 38.35%+0.15% 38.96%+0.07% 38.24%+0.73% 40.79%+0.89% 44.48%+0.67% 49.53%+0.57%
40 40.16%+0.58% 41.79%+1.22% 38.42%+0.05% 39.27%+0.11% 39.89%+0.59% 41.82%+1.86% 44.87%+0.45% 51.02%+0.89%
Facebook 5 19.33%+0.78% 10.54%+1.03% 14.00%+0.71% 21.70%+0.35% 14.17%+2.91% 9.11%+2.54% 29.72%+0.85% 23.09%+0.59%
10 30.15%+0.69% 25.14%+0.78% 35.97%+0.63% 35.52%+0.40% 18.96%+3.46% 13.06%+2.21% 36.26%+1.77% 34.03%+0.87%
20 36.77%+0.46% 34.93%+0.54% 42.92%+0.57% 41.66%+0.25% 25.54%+2.55% 19.82%+3.15% 42.17%+0.60% 41.23%+1.57%
30 39.03%+1.03% 37.64%+0.79% 45.94%+0.74% 45.06%+0.37% 30.06%+2.17% 26.63%+3.83% 45.07%+0.32% 45.560%+0.66%
40 4749%+0.82% 45.58%+1.21% 51.16%+0.91% 51.79%+1.02% 33.60%+2.64% 30.65%+2.61% 650.15%+0.41% 50.28%+1.14%
Blogcatalog 5 27.55%+0.83% 14.00%+1.27% 27.31%+0.45% 15.01%+1.03% 33.89%+2.63% 24.59%+3.10% 30.62%+2.37% 25.13%+2.48%
10 27.71%+1.27% 14.81%+1.54% 27.18%+0.26% 15.05%+0.54% 34.34% +2.56% 24.85%+2.53% 38.72%+0.52% 27.03%+0.94%
20 28.94%+0.80% 13.07%+0.71% 28.57%+0.57% 17.81%+0.61% 39.96%+0.81% 30.72%+1.34% 42.85%+0.16% 33.69%+1.35%
30 28.95%+0.58% 13.17%+1.36% 29.23%+0.34% 18.73%+0.64% 41.43%+1.53% 29.09%+1.46% 44.22%+0.16% 36.22%+0.72%
40 29.96%+0.53% 15.51%+0.69% 30.15%+0.41% 19.03%+0.53% 42.04%+1.12% 31.08%+0.38% 44.31%+0.27% 36.51%*0.79%
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J7 i, BB (HAH AR A R i Rl
ASAH G 7 S R TR A I T B, [ ) 0
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FURTRIAE AR TS, DGIFIGMI
AEdEEA R E S —E BT R
e AL T 2 R R RE 7T, BRAR ISR
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TC W B R AR T, [ LR R
EE M RIEAR, SR HREEURMT
TDCSNRLEHSA 22, GraphMLP,
GWNNHIGCNRE LI W 4% F s i
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FREAE B AT, 22513 5 1R TR 5
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R AT B Z B 500

3.3.3 jHMXR

9T % ED C SN R LA B ot 70 4 8 [
A R, fECorafliCiteseer £
8 BHET T WA SR B AT 55 1 TH
SEEG O BR U AR TE BR AR B R AR A D
EDCSNRL_1, fEARF T ARICEE TS
DCSNRLEHTH#E, SL56 45 R K6,
F6T 41, DCSNRLIE2ANE H 45 L 3RAS
THFDCSNRL_14- IR LR, X
FENATUATY B AR 3 A (A A A RS
ST BT IR ARG B, GBS DT (R IR 4
SR N R R AL, BEmi R A NI 55
I,

3.3.4 "T#{kimit

B 2E S B I 28 2o HEA T AT AL J
N, AT B TR RS R IR 2 ST e ik

xR6 FAPRUIFCHE THEMLHNER

RELYERTRE oS
EVEIEE S PR R il
5 10 20 30 40
Cora Micro-F1 DCSNRL_1 75.03%+1.12% 76.12%+0.78% 81.93%+0.83% 82.87%+0.69% 83.21%+0.84%
DCSNRL 76.38%+0.83% 77.61%+0.46% 83.57%+0.34% 84.63%+0.23% 84.98%+0.36%
Macro-F1 DCSNRL_1 73.03%+1.30% 74.82%+0.93% 80.72%+0.81% 82.02%+0.53% 82.55%+0.71%
DCSNRL 74.69% +0.92% 76.45% +0.54% 82.27%+0.37% 83.52%+0.24% 83.84%+0.37%
NMI DCSNRL_1 54.67%+0.85% 55.43%+0.76% 60.19%+0.69% 61.12%+0.77% 62.35%+0.91%
DCSNRL 57.560%+0.47% 58.04%+0.66% 62.65%+0.26% 63.57%+0.35% 65.26%+0.44%
ARI DCSNRL_1 52.59%+1.27% 53.48%+1.03% 59.76%+ 0.85% 61.23%+0.91% 62.98% +0.82%
DCSNRL 57.00%+0.90% 58.09%+0.71% 62.99% +0.69% 64.48%+0.56% 66.15%+0.98%
Citeseer Micro-F1 DCSNRL_1 64.46%+1.71% 67.30%+1.14% 70.22% +0.89% 71.65%+0.77% 72.00%+0.86%
DCSNRL 65.88% +1.69% 68.73%+0.54% 73.12%+0.59% 73.87%+0.48% 73.91%+0.41%
Macro-F1 DCSNRL_1 60.65% +1.41% 63.23%+0.91% 66.34% +0.79% 67.59%+0.87% 68.11%+0.92%
DCSNRL 61.16%+1.39% 64.91%+0.46% 68.73% +0.59% 69.85%+0.59% 70.04%+0.45%
NMI DCSNRL_1 36.08%+1.06% 39.37%+0.88% 41.93% +1.12% 42.41%+1.31% 43.15% +0.94%
DCSNRL 38.77% +0.92% 41.98%+0.48% 43.41%+0.26% %44.65%+0.99 44.76%+0.16%
ARI DCSNRL_1 35.67%+1.45% 39.21%+1.23% 40.89%+1.02% 43.00%+1.59% 43.74% +0.87%
DCSNRL 38.50%+0.83% 41.97%+0.78% 43.78%+0.28% 45.62%+1.71% 45.70%+0.36%
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(11 BAFE, Bk, XIHE, & WGERRESLZR
D1 HPERRE: FERRE, 2017, 47(8): 980-

996.

TUCC, YANG C, LIU Z Y, et al. Network
representation learning: an overview|[J].

Scientia Sinica (Informationis), 2017,

47(8): 980-996.

(2] B HeTRUh A MR R RIS TE ]

KEHE, 2022, 8(6): 94-104.

DAT J. Emerging scientific topic prediction

based on Poincare graph embedding[J].

Big Data Research, 2022, 8(6): 94—-104.
[3] CAOSS, LUW, XU Q K. GraRep: learning

graph representations with global structural
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information[C]//Proceedings of the 24th
ACM International on Conference on
Information and Knowledge Management.
New York: ACM, 2015: 891-900.

[4] PEROZZI B, AL-RFOU R, SKIENA S.
DeepWalk: online learning of social
representations|[C]//Proceedings of the 20th
ACM SIGKDD international conference on
Knowledge discovery and data mining. New
York: ACM, 2014: 701-710.

[5] WANG D X, CUI P, ZHU W W. Structural
deep network embedding[C]//Proceedings
of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and
Data Mining. New York: ACM, 2016:
1225-1234.

[6] TU C C, ZHANG W C, LIU Z Y, et al.
Max—margin deepwalk: discriminative
learning of network representation[C]//
Proceedings of the Twenty—Fifth
International Joint Conference on
Artificial Intelligence. New York: ACM,
2016: 3889-3895.

[7] KIPF T N, WELLING M. Semi—supervised
classification with graph convolutional
networks[EB]. arXiv preprint, 2016,
arXiv: 1609.02907.

B8 YANG Z L, COHEN W W,
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embeddings[C]//Proceedings of the 33rd
International Conference on International
Conference on Machine Learning. New
York: ACM, 2016: 40-48.

99 FAN S H, WANG X, SHI C, et al.
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Transactions on Neural Networks and
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[10] ZHANG H G, WANG Z S, LIU D R. A
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Networks and Learning Systems, 2014,
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of autoencoder—based recommender
systems[J]. Frontiers of Computer
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