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Abstract Knowledge Graph (KG) has received great attention and has been widely explored
since its inception. Recently, there is a trend to introduce social information from Social Network
(SN) into KG called Social Knowledge Graph (SKG). SKG is a kind of Knowledge Graph, which
is human-centered and dynamic. It contains rich background information from KG and dynamic
interaction information about people from SN. Considering that the information complementation
of SN and KG can benefit human-oriented applications such as recommendation systems and social
analysis. It is essential to propose a unified framework for the integration of SN and KG. However,
there is currently no survey focusing on this research trend. In this paper, we introduce the SKG
and give a systematic analysis of it. Specifically, we first introduce relevant concepts about SKG,
and propose a formal definition of it. Next, we analyze the characteristics of SKG from four per-

spectives including heterogeneous, dynamic, emotional and coevolutionary. Then, around the life

Wk H9 - 2021-12-31 FE R AT H 3 - 2022-08-18. APRBAS B [ ¢ 1 SR} 2 2k 4 (U1836206, U21B2046, 62172393) 5 H J5 3% A" 3 &l -+
JE BB H S A A B H (204200510002) ¥E B STABBE . [ L WF 50 A v B IS HL A% 45 (CCF) 244 45 51 s 2 BEWF S8 J7 1) O #1238 R BT 3%
BB R . E-mail: jiangxuhuil9g@ict. ac. cn. 3 35 CGLE S —1EE) L0904 P ETHREALY & (CCR ¥ B4 R FERR T
[6) Ak 28 R 3 L B 35 K s 2% 2 . E-mail: shenyinghanl7s@ict. ac. cn. Z5F & . il + BF 58 A . 3 BWF 58 0 1) 4L 28 HHR I 455
ForE) EXE GRGER) WL WFR 0 P EGFENL2E S (CCP AR W & 0 cH 55 B, 32 B 0F 58 408 0k A0 B 4L &3 3. E-mail .
wangyuanzhuo@ict. ac. cn. FIEM I+ S P TR, BEOF5 07 10 4 B RES R L AR . S WL B R B S ALY 4 (CCF)
R A BT ST U A 4 52 ) 46 43 A Al A 2 AT 5.



2 VLB ARG AL A2 R P B AT 50 255 305

cycle of the SKG, we introduce the relevant representative studies of the SKG construction,

representation, integration and reasoning. Finally, we introduce the related applications of SKG,

and discuss its valuable future direction.
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Background
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