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Abstract: Knowledge graph has powerful semantic representation capabilities which can effectively organize, manage and analyze

massive data. It has significant advantages in providing knowledge services and gains extensive attention across various domains in

recent years. In police security service domain, the massive scale of data has complex entity relationships. Based on this, this paper

firstly outlines the framework for constructing a knowledge graph in the field of police security service. Subsequently, the paper

provides the detailed and comprehensive construction of knowledge graph construction techniques, including ontology construction,

knowledge extraction, knowledge fusion, and knowledge inference. Lastly, the paper explores potential directions for applying

knowledge graphs in the police security domain, thereby laying the foundation for further research and exploration of knowledge

graphs in this field.

Key words: knowledge graph; police security service; knowledge extraction; Artificial Intelligence

0 51

BEAE N TR RE 5 R A B A i, & 47250l
TR TR e o 250 A R P TR A
DR R AR R R Y LR, TR i BT X R Ak
ZIR SRR AT TR RE T, O T H R
FIRFFE S L TR IEE (Knowledge Graph, KG) [
WEE R Google 7E 2012 4F42 ), HI T 235 Google
R, AIRERE S LR P R R 2L

BEEWH . Wil pe s geRHFm H (2022QNY008)

A BIHE & (concept) SEAK (entity ) M 3¢ F I TR
RN AR 2] W 7 S (SEAR, KR, SEHR) =T
M, WIEAFE 5, RS AT DA 43
FH AR P AR S e R R i s, e A
T2 B H B, 5 R A 7 B, i n
Wikidata ,CN-DBpedia %, A0 38 R R P i e T ) T
BLATEA AT AR SR IR R R BE AR AT
TR Bl T T AR R 61 40 v 2 B 22 AR A

Y,

YEF BN AL (1995-) , %, Wi, BB, W5 I 55 KR8 , N8 Dok (1996-) , %, Wit B 2L, FEWFR 5 o) M 2824,
NTARE; SRR (1996-) , 55 At B BRAR 51, TRE0F 505 ) « R 3 4

s BHEA: 2023-08-30

PV YT EXREEE] o+ 424t 5 & A




216 e it &

ab
He

14 3%

UEAER | 18 KB TR LA S B A O i R
S BRI S B LA A RS B, FRIT, 22 AR
L5 oul e RPUT ZARRIR N R E R HFER
A B17 A5 AL S BB e 25 R 22 AR K5l , DRt ik 5 17
R P i 25 e Ak PR AR T LU By, AR T3 Sl
A K 3 e 2 P 55 AR, T, T 1] 22
DR 55 U IR BT BT A M T AR SO0 22
DR 55 TR R P T A R S ZRA E AT B, R 6T
X R Y G BEBOR HEAT IR A 728, e %)
LR 5 WU I 7 1) AT T R

1 ZREREZTEHAIREER AR

SRR P 32 B8 AR T LA 23 S U2 5
JEP o B2 — R A ¥ SR, ) A (92
A, R, SR =TT, mT LA 1 Eidle 2 R A T A7 At

A& R

BXZ TR RARZ 2 b TR SR A 2 [ Y
TR ICR 8 B AR T B, R AL SR 6
ESDYSERUNE TR dRDUE S 1)) ST
PR 77 s A TR R (top—down ) LK A JEE
1] _I- (bottom—up ) PiFP 753, A T T pgAa 5 2%
BEANR SR E S, PRRE SO AR 2,
DAL T RERS R BN T 5€ 5 O MESHEZL, (75011
P32 T BRI P v ) e b A5 i R R
R, AR b R Ty e B B B S
A, PP A AR L s A S A B R e
PR TUR RAS AT R | 358 T AR
Reyadt 2 PR 5 AT R R P 3 2 1A ) A Ul ) R
P, l T AR YR TR DR AR IR i 2L
SRHTG 5 258 # WA SR AR O S8 IAR A T
[a] T AR 3, R 2 A 1 R

IR feRs P A 25 M
(CORfRRE, 6145 CRARESHGIHTML, (AR SRR
BRI T EARATGH) %) IN TR
R TAE ) '

B
skt RIS A A

Bt X TP ek x 3

Atk X R AR ol
I

AR 55 I AR

RIS
i
AR B AT

1 REEZSTUEHMREIZERAREY

Fig. 1 Technical architecture of knowledge graph in the field of police security service
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