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[ Abstract] Most existing network embedding algorithms only retain the.micro-structure information of the network, but
ignore the community structure information which is important in networks. In order to incorporate the community
structure information into the network embedding to improvewthe quality of network representation, a network
embedding algorithm preserving community information in/ network embedding, named PCNE that preserves
community structure information is proposed. The micro-structure of the network is modeled by maximizing the first-
order and second-order similarity between nodes, and then the community structure information of the network is
modeled by factorizing the community structure embedding matrix which can reflect the community structure
information of the network.Under the joint‘Supervision of the similarity matrix of the micro-structure and the community
membership matrix of the meso-structute, PCNE obtains the node representation vectors that fused the community
structure information by merging<the both into a unified joint non-negative matrix factorization framework. The
performance of the PCNE algorithm is evaluated by node classification experiments on five real public datasets and
compared with other five state=of:the-art embedding models. Experimental results show that the proposed method
improves the Micro-F1 by 0:96%~13.1% compared with classical algorithms such as DeepWalk, Node2Vec and LINE,
thus verifying the effectiveness of PCNE.
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Table 3 Node classification performance on Karate dataset

PCNE S0A7E 19 1570 AT 55 v i 2 BRATS B AT i 19 38
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o Micro-F1{& Macro-F1 {8
10%YIZR3E 15% IZRE 20% M ZrA 25% LR 30% LR 10%IZR3F 15% WA 20% INZRA 25% YR 30% Y 24
DeepWalk 62.90 75.51 82.14 89.61 94.16 5574 71.84 79.59 88.71 94.13
LINEI 48.71 46.55 46.43 46.53 45.83 34428 35.08 38.17 35.49 36.59
LINE2 46.45 46.55 43.93 4231 43.33 31.68 34.24 33.14 33.61 32.65
LINE 47.10 49.66 49.29 51.15 52.92 3340 40.16 42.90 45.54 47.75
Node2vec 67.10 81.38 80.00 85.38 87.92 59.19 79.68 78.19 84.51 87.38
PCNE 68.06 84.62 85.50 93.15 97.25 62.63 82.70 83.93 92.83 97.22
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Table 4 Node classification performance on Cornell dataset %
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DeepWalk 35.40 36.45 36.67 36.46 38.03 19.47 19.60 20.64 21.06 21.75
LINE1 32.44 32483 3212 32.99 33.72 16.28 17.06 16.19 15.80 15.60
LINE2 32.27 33.86 35.00 34.29 35.47 17.15 16.04 15.78 15.31 15.72
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Node2vec 34.26 35.12 33.85 33.95 33.43 18.64 20.73 19.56 20.31 20.03
PCNE 36.97 38.22 39.00 39.22 39.78 19.71 20.24 19.28 20.50 20.84
F5 TexasHIEE LT A3
Table 5 Node classification performance on Texas dataset %
- Micro-F1{H Macro-F1 {8
10% MR 15%MEFR 20% 125 25% R 300 NZGR 10% MR 15%I%EFE 20%NGER 25%I%F 30% 4R
DeepWalk 49.41 47.92 48.87 48.37 50.15 22.31 22.11 22.63 20.74 22.88
LINEI 52.66 53.21 52.87 52.76 52.44 14.79 15.46 15.20 15.15 14.75
LINE2 51.48 53.65 52.00 53.33 54.27 14.76 15.35 15.80 15.40 14.98
LINE 49.05 51.32 54.53 54.96 54.89 14.08 15.33 15.92 15.61 15.95
Node2vec 48.22 48.24 4773 48.01 49.31 19.86 19.78 20.44 21.23 22.23
PCNE 53.43 55.66 56.20 57.52 58.04 22.71 24.27 24.16 26.89 27.49
%z 6 Washington B#EE EH T a0 K kEwE
Table 6 Node classification performance on Washington dataset %
. Micro-F1{H Macro-F1{H
K 10% R 15% 123 20% 2 25% N ZhE 30% 2k 10% 2k 15% 2k 20% D2k 25% 23 30% Il 2k %
DeepWalk 40.53 40.46 42.34 43.99 45.90 19.76 19.53 21.31 21.68 21.39
LINE1 41.69 42.40 43.20 42.89 42.73 14.74 14.09 14.74 14.09 14.69
LINE2 40.00 40.05 40.76 43.06 43.04 17.68 17.15 16.32 17.31 16.57
LINE 41.98 42.40 42.61 43.18 44.10 13.56 14.15 14.63 14.02 15.92
Node2vec 40.97 43.37 44.89 44.62 46.77 21.25 21.19 21.79 21.29 22.63
PCNE 52.32 53.32 56.47 57.63 59.32 25.08 25.01 27.72 27.58 27.80
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F7 Wisconsin##55%E FR T m o KR

Table 7 Node classification performance on Wisconsin dataset %
N Micro-F1{& Macro-F1 {4
Shix 10% IMZRF 15% P2 20% MR 25% JI1250% 30% LR 10% I 15% LR 20% U2 25% M2k 30% Il 2%
DeepWalk 42.01 4239 42.69 42.36 42.04 24.83 24.89 27.11 25.55 25.75
LINEI 38.66 41.15 40.99 41.76 4151 15.16 15.78 15.01 15.37 16.00
LINE2 39.79 40.49 40.90 41.26 41.88 13.66 14.14 15.38 16.14 15.86
LINE 39.92 39.60 4123 40.10 40.97 15.45 15.11 13.96 14.99 1433
Node2vec 41.13 38.94 40.33 4221 42.42 24.56 24.90 25.70 26.20 24.71
PCNE 47.70 46.02 47.78 48.54 49.03 19.49 20.69 21.45 22.37 22.76
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