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Abstract Network embedding aims to embed each vertex into a low dimensional vector space and preserves certain structural re-
lationships among the vertices in the networks. However.in the directed networks,vertexes can be reached by each other if they
are in the same circle, which damages asymmetric transitivity preservation and makes representation learning model hard to cap-
ture global information of complex directed networks. This paper proposes an improved representation learning model for directed
networks, which weakens the influence of circles in representation learning and enhances the ability of model to obtain global
structure information. The proposed method uses TrueSKkill to inference hierarchy of a directed graph and compute weight of each
edge using hierarchy information. At last,this paper applies this method to some existing embedding models.and then conducts
experiments on tasks of link prediction and node classification on several open source datasets. Experimental results show that the

proposed method is highly scalable and effective.
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Fig.1 Link prediction in directed network
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Table 1 Statistics of datasets

A% WA i # F 3
Wiki-Vote 7115 103689 14.57
Jdk-dependency 6434 150985 23.47
Cora-citation 23166 91500 3.95
Cit-HepPh 34546 421578 12. 20

AT BRI SR R 11 B0 B BEHL R 2 I 45
FN AR, BLAE Sl O A e R AR R BT A 3 LA
4 8 52 Y 25 4 T 45 T, 0038 5k Bl ATL U S 5 s AL 9 T 81 O
FARESS R A S B Node2 Ve HH I 1Y SR RE 7 125, S 503K
BT A A AR AR A E MR B =280, & & 1 ST 5
KB 1=100,% B3 REEE 0 K/N w=2,Node2Vec 115 5L
p=1.q=1, EBRVYILRHET, TSR A Sk — D7y
RS X TR TE B9 506 DA Sk 5 a5 0 6491 4 G v B
BLAHH & A5 SR 5 I SRR A, e (IR 5, BB I 2k



BHEM, G TR RS B AT [ W 4 7R 2 2] U5 i

103

B Adam FIEE NG RAL F . ¥ T REE R
0.0005, - BBSECHNL =0.9,8=0.999,e=1X10"°, ¥
F R RRYEE d=64,

AR SR A I B0 Ik B TE 24N ) 6 4% 3 R A 2] A
R L I3 2o % 4 TUI R YT A5 43 2 S 06 E WA T i O vk B
W . B A 1 G SRR S I BN

(1) APPM  —Fh £ B8 A 1) I 45 1) I b ik &5 74 91 3% T Bl
ML AE IR R % 20 ik o SCHR015 13 o #ie 4 S IEB] T3 ik
AF LR A8 T Rooted PageRank {H ,

(2) AsymProj(AP)P' % 05 ¥ B M5 AL IR R M, ,
TR S o« o 52 Nl Mo, NI B R 5] A
Ti 190 6% & 7% (1 =l % Bk

(3)Watch Your Step(WYS)! . 7E D13 [ B I A 14 3 2
oK RN B SR E R O R 5 AR
HAHLE, A 32 TS A S M S K
4.2 $EEFN

2 UM A S AR 0 P A AR £ B H g 5, s B AE
PR ZR G AN 38 W 4, PR I TR 2 0 ) 4% 3 /s AT SR 4
T AT 55 PP AL 2% 3] B 4% 5 B BE 0, 0F % AUC 1R g 37
Fobr. BELETI M) ST S5 Rk 2 B, Hodh, APP, AP AN
WYS 3Clk[15-17 )% B i &R 48, APPT , WYS™ il APT J& 7
P ERGEHFIMAT AN ERELENRE,

* 2 HEHETON S

Table 2 Link prediction results
APP wYS Asym Proj
Datasets
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Wiki_vote 86.3 93.8 93.8 95.9 91.7 93.6
Jdk-dependency 97.0 98.1 96. 4 95.9 95.1 96.0
Cora-citation 85.1 89.4 — — 80.2 85.7
Cit-HepPh 88.8 93.4 — — 87.3 91.9
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