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Network Representation Learning Based on Multi-view Ensemble Algorithm
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Abstract The existing network representation learning algorithms mainly consist of the methods based on the shallow
neural network and the approaches based on neural matrix factorization. It has been proved that network representation
learning based on shallow neural network is to factorize feature matrix of network structure. In addition, most of the
existing network representation algorithms learn the features from the structure information, which is a single view rep-
resentation learning for networks. However, there are various kinds of views in the network. Therefore, this paper pro-
posed a network representation learning approach based on multi-view ensemble (MVENR). The algorithm abandons
the neural network training process and integrates the idea of matrix information ensemble and factorization into the
network representation vectors. MVENR gives effective combination strategy between the network structure view. The
link weight view and the node attribute view. Meanwhile, it makes up the shortage of neglecting the network link
weight,and solves the sparse network feature problem for using single view training. The experimental results show
that the proposed algorithm outperforms the commonly joint learning algorithms and the methods purely based on net-
work structure features.and it is a simple and efficient network representation learning algorithm.

Keywords Network representation learning, Network embedding learning, Complex network encoding learning, Net-

work visualization,Representation learning
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(3)Node2vec, Node2vec ) FH Ffiff e % 2% 1 1) 45 #4) % 417
I — B S AN 22 8] 1 7 A v L 1 R i BE SR 200, Bl DL I A
RIBCE SR 10, BEHLIEE M B R 80,

(4)MFDW, MFDW J& DeepWalk % v 14 46 [ 43 fiit . H:
HERHE R M= (A+A") /2, JE 5 R SVDS Bk, %
B A R T AR SO 4R A ST NSV OB B 4 R 2R S

(5)MMDW, MMDW [ # /& 3 T DeepWalk % F5 43 fift
R —Fh B . K R X A A H AR B N M=
(A+AD /2, R T 5213 3000 45 FOR m e B T
S32E6R )1 MMDW 883 ff ] 5 K TRD B A0 Ak 2 ) 15 51 W 4E
M. B K SVM A g d5c K [R] B 33 98 A0 2% 3R 7R 2 S BTG
AT THEBEE .

(6)TEXT, A3 0 28 15 50 1) SCA RRAE ] 4 8 Ly
YER V0 i A K E N 200, %5 Ik S — i 2 4l i 5
F AR Y W 4% TR % 3 Sk R T A SO R B T
NAV WLE 1 W 4% R R .

(7)TADW, TADW [ B & Jk 48 FE 43 i 1) I 4 R 2
S A BARERE N M= (A+A") /2, T MM-
DW $k . TADW 8 R B 3 fift 1 32 A2 vhofim A 7 75 89 SOAR R
IE A 5l W) 43 e B A 60 B4 05 45 40 A 45 B 19 11 45 2 7 ] i b B
A M SR AE B AT R SOR B,

() MF-MFI1, ZH o0& —Fh T MFET AR EE 48 [ 43 fi
RIS AR TR F A SO B B0 A9 25 F LWV AR R 4% R OR
%2,

4.3 ZXWHERSHW

EERIEACE S ET NGRS e | E YRS i E N !
HAE S — A~ SVM 43 28 88, I 0 FHAS [7] 19 1 5 26 97 Al 9] 45 2%
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90% . X FUNZREAE B AL HL AR 547 M M B S B0 d 4 1 3R A
B AR R I 2R 4E B B 2 4 B0t 3k 30 3% 8 408 Gl 2R 4R
7 EVBHE B  E ) L IR T A i RS VR R AR . AR SO,
W 25 7 55 Y A0 S v R R B SR A 10 WK & R S E R
FORAE . 45T S0 R K R SR SRR A ] K Y 1
BN 200, HARMZERNER 2—3K 4 771,

N 2—F 4 LUK B 45 10 % B BT 2 B RN A,
SN R L 1 3 0 0 4% A R R 3% R AR 2 DR Sy R 4% T A AN
B T8 4 109 I 25 R 2 B 5 DT S 03 T 00 4% 445 A4 1Y) 90 4% 3R B
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Table 2 Classification accuracy of vertex on Citeseer
R )
LABELED NODES 10 20 30 40 50 60 70 80 90
DeepWalk 48. 31 50. 36 51.33 52.31 52.85 53.33 52.98 53.47 53.71
LINE 39. 82 16. 83 49.02 50. 65 53.77 54.20 53.87 54.67 53.82
MMDW 55.49 60.70 63.66 65.27 66.02 69. 14 69. 34 69.47 69.72
TADW 68.19 70.03 71.67 72.45 73.76 74.06 74.48 74,74 75.59
Node2vec 54.38 57.29 58. 64 59.53 59.63 59. 88 60.43 61.36 62.42
TEXT(NAV) 57.76 66.02 69.77 71.29 72.14 72.90 72.68 72.34 73.83
MFDW(NSV) 49.78 54. 80 56. 66 56.75 57.90 58.32 58.60 58.29 57.07
MF-MFI (LWV) 52.98 57.95 59.06 60.91 61.28 62.04 62.53 62.58 64.29
MVENR (LWV-+NAV) 64. 89 71.11 73.33 75.49 76.54 76.38 76.81 77.05 76.46
MVENR (LWV+NSV) 52.73 58.45 59. 44 60. 64 61.42 62.06 62.84 63.42 63.08
MVENR (NSV-+NAV) 63.70 70.40 72.18 73.48 74.81 75.22 75.33 75.83 76.49

MVENR (LWV+NSV-+NAV) 64.19 69.59 72.

24

72.99 74.26 74.32 74.93 75.43 74.65

3 DBLP(VAORUE S B fi 0953 2 3
Table 3 Classification accuracy of vertex on DBLP(V4)
CHLAL: 00D

LABELED NODES 10 20 30 40 50 60 70 80 90
DeepWalk 81. 84 82.41 83.25 83.74 83.98 84.24 84.55 84. 26 83.53
LINE 79.13 79. 81 80. 41 81.22 82.95 83.39 83.04 84.74 83.85
MMDW 79.70 82.05 84.23 84. 84 83.45 85.42 84.96 85.78 84.49
TADW 81.09 82.43 83.42 83.74 84.16 84.40 84.91 85. 26 86.05
Node2vec 82.71 83. 66 84.07 84.51 84.18 84.71 85.28 84.99 84.69
TEXT(NAV) 60. 69 68.15 70.62 72.76 73.79 74.73 75.37 75.16 74.85
MFDW (NSV) 75.06 80. 82 83.00 83.96 84.70 84.94 85.72 84.62 85.11
MF-MFI (LWV) 71.88 78.24 79.90 80.48 81. 34 82.29 82.19 83.16 83.02
MVENR (LWV+NAV) 75.46 81.67 84.53 84.98 84.77 86. 34 85. 82 86. 00 86.72
MVENR (LWV-+NSV) 75.71 80. 54 82. 65 83.81 84. 32 84.68 84.63 85.74 84.41
MVENR (NSV+NAV) 74.72 81.70 83.70 84.33 84.50 85.02 84.90 85.55 86.43

MVENR (LWV-+NSV+NAV) 75.76 82.11 83.

84.68 85.22 85.62 85.76 85. 44 86. 36

F 4 Cora BURAE b5 ffy 43 28w

Table 4 Classification accuracy of vertex on Cora

CHL7 . %)
LABELED NODES 10 20 30 40 50 60 70 80 90
DeepWalk 73.29 75. 46 76.19 77.49 77.89 77.83 78. 86 79.05 78.62
LINE 65.13 70.17 72.20 72.92 73.45 75.67 75.25 76.78 79. 34
MMDW 73.61 79.99 80. 43 81.92 83.76 84.97 86. 39 86.70 87.45
TADW 80. 69 81.70 84.47 85. 94 86. 35 86.27 85.97 87.36 87.70
Node2vec 76. 30 79.26 80.43 80. 70 81.13 81.26 82.18 81.63 82. 81
TEXT(NAV) 57.70 67.26 70. 94 73.05 74,47 74,74 77.04 76.17 77.00
MFDW (NSV) 66. 38 75.52 78.78 80. 54 82.09 81.93 82.62 81.57 83.81
MF-MFI (LWV) 72.25 78.27 81. 25 81.73 82.74 83.49 84. 64 84.39 85.55
MVENR (LWV+NAV) 72.61 82.40 85. 20 86.52 87.33 87.62 88. 36 88. 26 88. 11
MVENR (LWV+NSV) 71.19 78. 81 80.71 82.69 83. 30 83.50 84.18 84.38 85.29
MVENR (NSV+NAV) 71.58 82.10 84. 41 85. 44 86. 35 87.32 87.38 87.28 87.55
MVENR (LWV+NSV+NAV) 73.80 82.57 84.73 86.02 86.61 87.46 87.51 88.17 87.78

T LR RAERRT LA F 4L

(DLWVHNAV A AR T HAAAE X, LWV+
NSV+NAV 3 Ffl K i 24 & ZORAE, 22T LWV NAV
B B2 A 508 B 2T LWV 4 NSV #1 NSV + NAV # 4
Bo b Z AR AR L T7 B 08 T AR SO i H A X B,
BETT A5, 5 22 400 1 4 B 1) 0 46 3% 7 RE A% 7 2B R B
[ £ 4 A

(LWV+ NSV LI A A5 BORTE 3 8809 4 L #f %
P TR 2E M ERE . BD L RIE NSV BYMERE S I8 J& 25 .76 3

AR L, LWV NSV Mg f R | 2 0, (H2E NSV 5
NAV WA A1 A8 NAV W B 07 B8 2 4 10 & 25, NSV -+
NAV L& 44 Mg B &4 F LWV+NSV,

(3)NSV-+NAV & — il [ 2% 45 48 F1 SCA J& v AR 55 & /0 7
%  TADW [A]#f b J2 — Rl 2509 SR B A S5 A i ik, 1
ARSI 43 fR g B AT R B S AR —#F NSV + NAV %
FH B2 S 1A )5 40 i B SR . TADW SR JH A4 S 30 4 i L 4 &
B, 4500 £ W, NSV + NAV it gt T TADW %
fE » BISE 416 )5 2 itk 19 S W A 130 40 i s 416 00 SR
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Table 5 Case study on nearest vertex

Title Sim. label
DeepWalk
Learning for Control from Multiple Demonstrations 0.9367 N e
Robot Learning from Demonstration 0.8953 AT 4
Apprenticeship Learning via Inverse Reinforcement Learning 0. 8895 A LA 403
Dynamic Preferences in Multi-criteria Reinforcement Learning 0.8653 A L4 6 473K
Algorithms for Inverse Reinforcement Learning 0.8152 N R

MVENR

Relational Markov Models and Their Application to Adaptive Web Navigation

Learning Associative Markov Networks
Self-Similar Layered Hidden Markov Models

Rk-hist: An R-tree Based Histogram for Multi-Dimensional Selectivity Estimation

Maximum Entropy Markov Models for Information Extraction and Segmentation

0.8015 NS
0.7832 AT 4
0.7359 UNEE
0.7262 NS
0.7243 N
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