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Improved SDNE in Weighted Directed Network
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Abstract The data form of network can express the entity and the relation between entity and entity. Network structure is com-
mon in the real world. It is great significance to study the relationship between nodes and edges in networks. Network representa-
tion technology transforms the structure information of network into node vector, which can reduce the complexity of graph rep-
resentation,and can be effectively applied to tasks such as classification, network reconstruction and link prediction. The SDNE
(structural deep network embedding) algorithm proposed in recent years has made outstanding achievements in the field of graph
auto-encoder. In view of the limitations of SDNE in weighted and directed networks. this paper proposed a new network represen-
tation model based on graph auto-encoder from the perspectives of network structure and measurement index. The concepts of re-
ceiving and sending vector are introduced to optimize the decoding part of the neural network, which reduce the para-meters of the
network to speed up the convergence speed. This paper proposed a measurement index based on the node degree,and reflected the
weighted characteristics of the network in the results of the network representation. Experiments on three directed weighted data-
sets show that the proposed method can achieve better results than the traditional method and the original SDNE method in net-

work reconstruction and link prediction tasks.
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Fig. 1 Concept map of network embedding
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Fig.3 Improved structure of SDNE model
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Table 1 Basic attributes of Enron email networks
R R i # FHE FHRRE
1 864 93203 17.054 107. 874
2 1043 182839 24,712 175.301
3 683 26437 4.765 17.768
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Fig.5 Graphs of Enron email networks
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Fig. 7 k-precison indices of algorithm combinations on datasetl
(network reconstruction)
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Table 2 k-precison indices of algorithm combinations on datasetl

(network reconstruction)

10 50 100 200
SDNE 0.4 0.36  0.39  0.38
SDNE+ sim 0.7 0.78  0.65  0.51
&z ] 0.8 0. 64 0.62 0.53
%t B4+ sim 1 0.86  0.81 0.76

3 BURLE 2 W2 IEAL A Y k-precison (9 4% T A4)
Table 3 k-precison indices of algorithm combinations on dataset2

(network reconstruction)

10 50 100 200

SDNE 0.2 0.38 0.35 0. 34
SDNE-+ sim 0.9 0.78 0.71 0.56
Wt H 4 0.7 0.68 0.63 0.59

B 4+ sim 0.9 0.82 0.75 0. 66
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Table 4 k-precison indices of algorithm combinations on dataset3

(network reconstruction)

10 50 100 200

SDNE 0.3 0.3 0.25 0.18
SDNE+sim 0.8 0.76 0. 64 0.47
&= E KT 0.2 0.42 0.51 0. 44

%o B %A+ sim 0.9 0.8 0.76 0.71
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Fig. 8 k-precison indices of algorithm combinations on datasetl

(link prediction)
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Table 5 k-precison indices of algorithm combinations on datasetl

(link prediction)

10 50 100 200

SDNE 0.2 0.16 0.13 0.12
SDNE+sim 0.2 0.18 0.13 0.1
Bt E A 0.4 0.3 0.26 0.2

Bt B 4+ sim 0.9 0.60 0.54 0.34
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Table 6

k-precison indices of algorithm combinations on dataset2

(link prediction)

10 50 100 200

SDNE 0 0.12  0.08  0.09
SDNE+ sim 0.6 0.2 0.18  0.14
& L] 0 0.18 0.19 0.13

BB A+ sim 0.6 0.34 0.29 0.23
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Table 7 k-precison indices of algorithm combinations on dataset3

(link prediction)

10 50 100 200

SDNE 0 0.08  0.06 0,04
SDNE+ sim 0.5 0.36  0.26  0.16
Wk R 0.4 0.18 0.2 0.18
Bt B %A +sim 1 0.58 0.4 0.24
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