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A framework for rapid construction and application
of domain knowledge graphs

YU Hao, ZHANG Jie, WU Minghui, WU Xindong
(Mininglamp Technology, Beijing 110000, China)

Abstract: There is an urgent need for enterprises to rapidly construct and apply domain knowledge graphs (DKG).
However, there are still problems in meeting this need: firstly, extensive knowledge is required to deal with complex do-
main scenarios and it is difficult for business experts to rapidly construct a complete domain schema; secondly, the con-
struction process is so slow that it’s difficult to meet the needs of rapid business development, because information ex-
changes are ambiguous between business experts and technical experts; thirdly, after their construction, the heavy de-
pendence of the applications of graphs on technical personnel refrains business experts from exploring approaches to
solving business problems. In order to solve the above problems, this paper proposes a framework for the rapid construc-
tion and applications of DKG. It builds a domain schema through multiple-person cooperation to solve complex prob-
lems and improves the construction efficiency by decoupling business experts and technical experts in the construction
and applications of DKG. Finally, it builds the schema-based auto-KBQA((knowledge base question answering) for fast
applications of DKG in question and answering mode. Through real-world applications, it is verified that the framework
can effectively accelerate the construction and applications of DKG. The framework is expected to bring insights and
extend assistance to the rapid construction and application of DKG.

Keywords: domain knowledge graph; schema; entity linking; knowledge completion; KBQA; multiple-person coopera-

tion; business experts; technical experts
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TRNGIT A, M55 L 001k A E AT GUR
V3 A M 55 ) AL DR T 58 R B ER R o

AR SCAL A TR R 1 AR O AT I B AR R 1
FHE M, BETHIT S T 1 1) 31 DR P 33 Rk A
FEFINHIHERE, F2 B A TR EE AR SCEOR, I
S 22 P RN v AR BURR, PR R S Sl R
BT, I 1R 20K 0 7 A R R R B A0 TR 3
TR Z AL B U o e R TR 3 1) AR T
U5 R O R AT 2 B MR 2= Y U R
N, R SRR T 747 B ICBC A2 15 3, S
1o L Bl P A BT A U R RN L, 7R D
TR A AL ST 55 Z 5h, Hots e il
TRAEPEAL | i B PR SR T5UI S0 Hr 25 1 i 55 A 4

HRZS 6] o ZHERRE B AR A L2 4 il

Tolb L T E AU, KA ER B R A E A
o, FEIZAER R AR T KBQA 4 PR 44y 1
v ML TT I, LIS R SR RON T RE 7 b 1 )
IR, v R ARl 55 R 3 SR, A Ak R AR R R
) 3 RAR, 4 i R A D Al 3 4 1 IR

1 Mx T

1.1 HAO BaeHEit
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organizational intelligence) % fig B " J& A H 45 21
KA ZHEGSHEL, WA 1 FroR, @ xF AR
fi€ (human intelligence, HI), HL#5F GE (artificial in-
telligence, Al) FI41 21 fiE (organizational intelli-
gence, OI) =7 —{REERL, #8178 9 N T8 6e
IS, FEARKTYEIKE, HA T8 B
AE SN MR BE, B R B 27 2 547k Fn R B S AH 45
B, AREYT RAT M TR 68 1 I FH SR, n A
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B, M N TR RE R R LAk 75 1
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PLAR R e NPt 0y R i AR £, An i iE
BHE S N B M SR 3 25 WL, HILA% 8 5 X
P B0 1 2 2] P A DL R Be, AR5 A BT a2 4R B
R A i 2 KRR T, DU AE N2 e,
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AP N TR RLAR R Ge e A 2L AR Wk AR
Ak, B B ar N TR B AR Y TG T A U i &R 4% [n)
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1) AU

1 44 SZ AR 5] (named entity recognition,
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1996 4E1E 45 6 Y A7 B HL# 221" L NER fE 8
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A% B, Devlin 21" #2447 3L F Transformer
B9 T Il 25 4% Y BERT(bidirectional encoder repres-
entations from transformers), il #r 7" 2271 NLP ( nat-
ural language processing ) 1T 55 A91c 5%, I 7£ CoN-
LL-2003 i) NER 44 (U {H i fine-tuning 75
F| T 2k state-of-the-art I %, FEMLZ )G, RZ
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