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Study on Co-citation Enhancing Directed Network Embedding

WU Yong, WANG Bin-jun,ZHAI Yi-ming and TONG Xin

College of Police Information Engineering and Cyber Security,People’s Public Security University of China, Beijing 100240, China
Abstract Network embedding algorithms embed a network into a low-dimensional vector space where the structure and the in-
herent properties of the graph can be preserved to the greatest extent. Compared with undirected networks, directed networks
have special asymmetric transitivity which can be reflected in the high-order similarity measurement between nodes. A hot spot
and difficulty of current directed network embedding research is how to preserve this feature well. Aiming at this problem, this
paper introduces the co-citation network of directed networks and designs a metric function of the co-introduction information. At
the same time,a unified framework is created for fusing the co-citation information and the high-order similarity metrics of direct-
ed networks. Then, this paper proposes a co-citation enhancing high-order proximity preserved embedding method, called CCE-
HOPE, which can preserve the asymmetric transitivity well. In experiments, the proposed model is evaluated on link prediction
using four real data sets. The results show that under different high-order similarity metrics.the performance of different propor-
tions of co-introduction information follows a general regularity,so the optimal range of the proportion can be determined. Com-
pared with other state-of-the-art methods, the method can effectively improve the accuracy of link prediction when the proportion
of co-introduction information is within the optimal range.

Keywords Directed network embedding, Asymmetric transitivity, Co-citation network, Link prediction
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Table 2 Structure features of each dataset
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Fig. 3 AUC values of four data sets on Katz index with

different weight factor-a
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Table 3 AUC scores for link prediction

Dataset Blog Advogato  Wikivote DBLP
Deepwalk 0.7734 0.8541 0.8310 0.8867
Line 0.5716 0.7867 0.6253 0.6300
APP 0.7812 0.8655 0.8921 0.8893
Common Neighbors 0.9062 0.8417 0.9034 0.6852
Adamic-Adar 0.9068 0.8420 0.9035 0.6855
Jaccard 0.9060 0.8417 0.9033 0.6849
katz 0.8511 0.8621 0.9454 0.9067
CN 0.9248 0.9033 0.9588 0.8258
HOPE
AA 0.9189 0.9043 0.9592 0.8338
PRP 0.7599 0.8695 0.9040 0.8960
katz 0.9059 0.8897 0.9553 0.9086
CN 0.9261 0.9070 0.9609 0.8274
C-HOPE
AA 0.9210 0.9082 0.9611 0.8356
PRP 0.7694 0.8740 0.9051 0.8971
katz 0.9417 0.9293 0.9866 0.9689
CN 0.9411 0.9281 0.9790 0.9021
CCE-HOPE
AA 0.9377 0.9247 0.9765 0.904 4
PRP 0.8860 0.9070 0.9064 0.9424
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BT 7.41% (4. 35% ~10. 64%),CN #5485 F i CCE-HOPE
RS T 3. 94% (2. 11% ~9. 23%), AA 45 F B CCE-
HOPE FH#3 T 3.63% (1. 80% ~8. 46 %) ,PRP #8445 F 1y
CCE-HOPE F #4255 T 6.58% (0. 26 % ~16.59%) .

4)5 Common Neighbors fll Adamic-Adar A, LA CN F
AA N By ML 38 BR 89U g B 8 HOPE, C-HOPE At CCE-
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Tl 3% L HEUE B T AR 2 o

5) M H HOPE, 78 BT A5 046 48 1A TR 9 25 B A ABLAG A T
C-HOPE #1455 % 10000 v o B2 24 BT $2 &, IX B3 W] 17 3k 51
B A O R UE T AR SO R .

GERIE B 1) 25| R4 0T A BLEE B S
AT T L BF B iR A K 2 5 E B A A R X AR
ARAUE B o, IF FH £ 8% GPU A B NMF-mGPU J7 i #F
AT OEAL AT 38 AL T — b 22 0 1R 4 1 e 5 348 i 19 35 B A 1L 4R
TEM G5 ABERY, &1 3L 5] 5w IF &7 09 e 5, AR 4 S2 56
AUC W7 AT 8 T o MBI BUE VS B . )5 22 TR
R DB RN GG A ] IS5 R 3L T 14 X SR 5 I 4%
et AR AL 5 I i S T I 4 T U A R BOR 5 2) Bk 3k )
{5 B LT ) R, 35 1 6 R [ I 45 B 1 3 7 R 4 LL TR A B
DLk — 25 2 m B A R0
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