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Study on Named Entity Recognition Method Based on Knowledge Graph Enhancement

GAO Xiang'*, TANG Jigiang® ,ZHU Junwu' , LIANG Mingxuan'* and LI Yang'*
1 College of Information Engineering, Yangzhou University, Yangzhou, Jiangsu 225000, China
2 Institute of Computing Technology,Chinese Academy of Sciences,Beijing 100190, China

3 National Computer Network Emergency Response Technical Team/Coordination Center of China,Beijing 100029, China

Abstract Named entity recognition is a very basic task in natural language processing,and its purpose is to identify the corre-
sponding entities and types from a text described in natural language. As external knowledge in the form of triples, knowledge
graphs have been applied in many natural language processing tasks and achieved good results. This paper proposes an attention-
aligned named entity recognition method based on knowledge graph information enhancement. Firstly, the knowledge graph infor-
mation is embedded through the embedding layer and attention mechanism to obtain the representation of the knowledge graph
triple information. Secondly, the sentence is obtained through BERT-BiLSTM. Then,an attention alignment module is used to as-
sign triple weights to fuse the representation of knowledge graph information and sentence information. Finally, the prediction
output of the fused representation vector is controlled by softmax.and the label of the entity is obtained. This method effectively
avoids changing the semantic information of the original sentence due to the fusion of knowledge graphs,and also enables the
word vectors in the sentence to have rich external knowledge. The proposedmethod achieves F1 values of 95. 73% and 93. 80% on
the Chinese general data set MSRA and the medical domain specific data set Medicine, respectively, achieving advanced perfor-
mance.

Keywords Named entity recognition, Knowledge graph enhancement. Attention mechanism.,Deep learning

Processing , NLP) 408k f B py FL R AL 45 =2 — . Hod, v &4 Lk

L iH %) (Named Entity Recognition, NER) £ 55 1E i — A~ KL hil
WA P BEE N T BE SR 0% 15 R R i B 5 A Ak S RO FT I S A SR F 98 ik B R 55 . AT 45 B Rad™ F
AhaS E B E &M B R S 4 (Natural Language 1991 4F 1 AR L B S 7E 15 Bl A SR 8] 7z N,

if

HAIH R 242 {5 842 2B H (2021A008) 5 U5 HTRHEHT B 1 28 SRS /R BRI (2191100001119014) 5 8 58 T i F % 113 & 301
(2017YFC1700300,2017YFB1002300) ; [l 5 H AR} 2 5 42 (61702234)

This work was supported by the National 242 Information Security Program(2021A008),Beijing NOVA Program(Cross-discipline,
7191100001119014) , National Key Research and Development Program of China (2017YFC1700300, 2017 YFB1002300) and National Natural
Science Foundation of China(61702234).

EAFVEE AR (tjq@ cert. org. cn)

220700153-1



Com puter Science FFEHLEI2: Vol. 50, No. 6A, June 2023

It BAERN —AFFN bR i A4 55 B B0 A 55 b . H AT,
AT 55 0 i 0 H AR — A S AR TR Y, ARS8 B A A
B4 7 Al BB U 1 SCAR v R 2SR SR, N 4V HL 4
L LREE, LUl — SR AT 45 25 5 ik ah

FUI 0 i 44 S PR TR AR Y 2 A B F R i 2R RIL A 2
207k, Hod, 4 4 BE AL 3% (Conditional Random Field,
CRF) il Bt B /R 7] K A% 4 ( Hidden Markov Model, HMM) f& 4t
THeA BB A iy 44 S AR AT 55 rbdse o R 9 7 85 01 HLIRUIS:
T RFECR ., BARTSE . Xu &7 &AL 09 ZE R 1
ST S ) A 4 SR R AR AR 3 AN RS, X 3 A
RERGRA T REIBT I, X Ta84Es, RiEGAF
M EGEREESE BIO RS, ETRIT¥N T EAA 2R &
25 B a2 AL T Tt A7 7 2 I R T ) 38 s 85 44K o 45 R T
20 Bk

T AR, B T A 4 I 2 TG AT AR IR BE A T BTz g
T 44 SRR AT 55 b, SR T B OR AR Z B T VR IR R R
BRI T TARFAE TR DL R SR % 52 it i il il . I
dr, BERTS #E R VR S — Fh 3 T £ /2 Transformers 45 #4 1% T
KBS B, TR ARE S AN 2 A SIS T SO-
TA BROR AR B T 0] ] & 10 R AR 278 RS 1 i 2 HoAth
R OL GOT R 3 T AR DGR B . R B2 B TR B A AR
H 1 45 P T A5 8 g 7 T NER 4% 45, 41 RoBERTa™ 7,
Merge-BERT™ &5, {H B Aij ) K £ % 1 H2 ) 20 b 4 731
FRiEF BRI LSTM 5N 2 M 456, X r A E & g
F 432 2 AT MG UAE L 200 T AR R A 1 U
TE TR 5 — R 5 )

X0 BT AR A D) L AR SCHR MR T — el T U 5 Y
VE B %55 i 4 LR B (Knowledge Augmented At-
tention Alignment NER,KANER), Z FEH LE T AR
FNAE 7 L AR B AE B R ICHHR B = o A AE B
MR R 5 H 5 BERT-BILSTM KM /] 7 B F CR=R
AT RS AR ) HA B 2 1 AN HNR; f i 3T softmax
2T e A WIAREE S B, O T SR R T A AL ME L AR S AR
A T 3C NER $090 % MSRA IS 97 4548 NER 4 4 I ik
T7 525, Y HUS T 5B ROR

Bk UL A SO STk AN E

(D AR5 A& LG A AR B 355 8 A 3L
WAL Tl T AN AR A 5 AR R R

(2)3z ] —Fh i3 2 1 % 5% 77 243 i AR B 1 = 0 20 AL
o, AT AT LLAG 4 il IR B A R 1 B, il A
B 3] ) 2 ELA S AR R B SRR R

ARSCEH AWM T 5B 2 WA ATW T 3 1
TER LI 25 3 LA o b7 s B 5 B 4230

2 MXTIIE

2.1 f & REIRH

H1 T 25 AN FE P 2 18] 307 K R 22 S i 44 SEARRUBIAE: 55
WAFTEE XA X T H SO b T P SO 4 4 AN U7
ZJE) BB A R B A AR K A T SC U A 45 S MR
) 4 XA S I A8 T X 5 SC R U AR S T G LR
35 ()RR R A o 1 B3] 22 R A 25 A HEHE 2 AR 5T v S
FRONRAS . BRI Z A b T H A A /N R AR L R R R
HEAT I 25 ) B0 46 T REAR A0, (E A0 AT SR AL 2 35 B AT T AH 17 A

WRFEt ), WAL G2 0y 4 SC AR BT 45 R T2 R
CRE MM, Li SV R fEd 4 SRR SR mAT
CRF, Al A 738 ixb R im0 R B R R 1R 3 48 89 CRF W H T
Nl 35 iy 44 52 IR BT 45 OF BUAR T R 4 19 3R . Konkol
OO CRF M T —METTIE M & TR R %, Z &
G A8 3 Sy L O T I 43 2 i 4SS, DT AT LA B v
FIFTA B R G AT PEAL . Ah B T R AT R AR R CHMIMD
2 B R NERAT S 09— Fp oy ik, Li SR H T — b
Sk B D JR W] kA B (Conditional Hidden Markov Model,
CHMMD) , 7€ B R # UL A B 7K Al RS [, 208 ) 2% 1 1) 5 o
FYI 25 1) 15 75 B8 B A 54 A 1 SCRIR B i — 4R 1E, LU
o 18 5R EE R g B 1. CHMM 2 H T £ W A5 & 25 1 1
HMM 7 A, B 5052 9 1A 48 A8 A I A8 &, O A WL 4%
) A R 75 AR S T HE T e AT . )RS R AR 5 ik ot —
A58 CHMM, #R1M ., 3X 20 5 ik 75 2 K 19 A\ Tk £ HUAH
S ARRAIE O B B K B % GORNRER TR AR AR, 7R AR B 14 1] 45
TR AR A A B

TR, B Bt 25 o 2 I 45 0 TN R0 5 AR A R
L TR AR B b ROk 2 1 25 38 B NER T4 b
T A AR Z T T AR T B R ) AR IR AR DL K
SR FAR ML R S AR, B 2 M T NER 1 55 (8 0
#, Collobert VK 4 BRI 28 I 46 (CNND X B ik 1) =2 i8F 17
FRAESR IR, I HLA 3 T —Fh ) 7 93 14 8L 8K R 80K Ak B 458 8
R S 1% 7 38 A X A AR A B2 BUEE NER AT 55 U TR
FEIRCR . Peng %M T — Bt LSTM Fl CRF M 454
R ASE AL I B U1l i 48 SRR AN 43 1) 4T: 55 1% AR Y F (A 1
ZHT R AT AR S R T 5% . Liu S0 i 7 IR Ak
HJRTT R CRF 4244 1 i — AN 1] S A A B, gk i K R 4@ T+ T
S B 2 A 44 SRR B PR RE . Lample Z507 fifi F — Fb Bil-
STM-CRF 14 45 ¥4 F1 55 — B B F 6 3 (%) 25 40 4080 F AR
PR B T R R 22 2] B Y 0 W B BR ROR L 4 PB4
TR 55 h R R R AR . AN, BT EB N
2% (CNND VST FIIR A 3 28 ) 4% CHNIND U 19 57 3 76 4 4% 52 4
WAL S5 B R AR & T2 B R R T8 sk R
I 5% = 5 P 2 0 205 4SS A 1 iy 42 S AR TRUTI Tk A A 2 LR O
SUFE B I B2 85 . H Google B9 Devlin 457
H BERT B8 J5 0 Y 25 14 08 5 BB 5 4 28 T80 46 M 45
BCH T BIFIT S 2 AT R R R D B R A I R S 8
T SR AT 55 b HEAT SO0 R AT A5 2 58 A 80U
2.2 HMiREEmRE

i b B e F I G5 0 5 05 R0 e 20 IO 4% A 485 A G i 4 52
PRV 7 ¥k BBRTT LA AT JC U0 ek 3 A7 309 5
ARAF BRI I 8 T B8 SRR PR 0O T AT 55 P O, AT TR
WA A AT A A (H R Pl T 0 R BRI T Ui A =2
A7 2 22 5 % B MR IR S AT 55 B RBUAE, TR
AT I b 22 a0 60 R il A AR v AT i A AR 7 o
S Y I

TE T ZRit 75 R B 2 i, — LE A 5 B 48 25 a8 R
& 12 55 B3] 1) 37 7] A 45 4, Wang %000 36 F Word2vec?!
B SERELRE M T — s SR R X R Y 36 R KA ik A B[R] — A i
S 1) A 25 ) B BB A O s . Han 22020 17 45 R A 28
2 FUATR B 3 58 BUAT 55 LA DL IR & 2% ) T SCAS R A 1L L
FoR . PERE R U 28 R G B R OT T % e 3R 1R

220700153-2



B A T R B ) iy 44 SEAR B O I PR

52854 058, B B Ok U6 % 5 i TAEAR 2. Zhang
I M 4 O ERNIE (9 5 35 J2 1% 7 17 BF 58 19 58 — 4>
o IR R B SC AT A P R IS Sk )1 38 i 0
F ZE R MR Al 45 W] DL R B 3 43 R RN A kR RS
BLHB S RZNE TSR Z M A3 R, Bosselut 2Pl T
—Fh % COMET (77, % 77 i il 20 1R & 5% rh i = oo 4
5 SRR (3 R ZE I 45 GPTY, WU 2 17 MR i 2 ) L (B 77
B VI At a] i RCRAR T A Bl .

3 A&

AT B AR A 49 KANER 9 B AR S50 B fins . 1 et 47

#— AR —F—dm—IK

155 3R L SR 5 T 40 A 249455 0 45 b B o0 R 1] 3 it A ad A
3.1 fEE#R

BE—NHAAT 2= {wiswy s sw, b HHw #RE
Tk 434) 22 I (A SR AR AL A S A SR TR] o, X R A S AR 2
RRAEGA AR A E L Bl n, i A vy € (BLOC, I
LOC,B-PER,IFPER,O}, W TAICEARAIA T AR K
AJEA] T o IR X R A R T P ) = oo AL B GRE
PR Bert T A BRI Z50A] 1) B
3.2 #HBIEN

AR SCRE R 32 B g AR T S SOR IR A2 B IE VA
PR A 2 2, B AR R AL & 1 iR

Embedding

Token % JE kR —F— A — E H— ] — T

Position

Embedding 1 2 3 4 5
Segment

Embedding A A A A A

6 5 Embedding

Layer

v

A A J

< Self-Attention

> BiLSTM ‘
( General attention )
i L
Softmax )
label label label label label

P BT SR L i 94 50k 4 i 4 SRR ASE A it e ]

Fig. 1
3.2.1 s E#ELS LAHRANE
W1 PR e R S o 5 ) AR R R = oo
T A B Ji A e DTG AR B R TR RS B A . X AN
BT s=[xosaiszes o, L, ARHEPHE -, i€
(04 n) J2 75 72 FUR B 1% vh A X L B9 = e 4 25 W AE AR B A7
BHiERA Zodl, BRI FRE R D = A RR B
K=[(a;srigsxio) s (aisrgsag) L JRANAE s =[x,
ay st s (rig srio ) s e sx, JMIEE, &0 i A0 3R
T T — A~ Al A R B = e B T
UK A A AR ESE B FRARAR . BT
Iy AR A S P B A BERT 7 B ik A 2 38 i
SCE R 52 W AL B (0 5020 L 52 Lin S0 9 0 1203 R, Al
B — N H AR . WE 1 Fis, ik A B TokenEmbed-
ding, PositionEmbedding fl SegmentEmbedding 3 /> #F 43 4
. Hrr, Tokenembedding 3% 7= #4 % A 14 B 17] 3£ 7R 2 1] [#]
s TR SO R IR A 1, E Ak B AT DL S5 O 1] ) 5 R
AT mE, FEAS SO B AL s R TR 43 T A pkuseg Af
SCAR HEAT 53 1) BN 45 21 58] 17 4, £8 TF 4 B AR CLST A5 a8
u] UL F 5 W09 53 28 4F %5 5 Positionembedding i F 45 ic £ 1
B FEA]F o B AL E B T IR R B A, # B BERT

5(7’;}; 71;&)7"'

Flowchart of named entity recognition model based on knowledge graph enhancement
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Table 1 Experimental datasets
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Table 2 Experimental results of comparative models on MSRA

datasets
CRLA s 20D

HA 4 p R F1
BILSTM-CRF 89. 88 87.93 88. 89
BERT-BiLSTM-self-attention-CRF 94. 30 94. 74 94.52
Lattice- LSTM-CRF 93.57 92.79 93.18
BERT-BiLSTM-CRF 94. 48 94.48 94. 48
BERT-BIiGRU-CRF 94.19 94. 16 94.18
KANER 95.58 95. 89 95.73
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BT AR ROR  TEMNR S L P (B LR (H A F LA 43 535 5
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TE I G L AR R % A T AR Y BILSTM-
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SR TE AR, B30 BERT X iy 44 52 PR PRSI 55 A4 o W ik ke
BT H B ARTHER .
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Fig. 2 F1 values of two binding methods on MSRA dataset
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