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Abstract Aiming at the problems of low efficiency in the construction of knowledge graph in specific fields,
insufficient utilization of existing knowledge graph in the field, and difficulty in extracting domain semantic
professional entities from traditional models, a Chinese named entity recognition (NER) model based on Bert
(bidirectional encoder representations from transformers) multi knowledge graph fusion and embedding (BERT-
FKGQ) is proposed in this paper. It realizes the attribute sharing among entities through semantic fusion for multiple
knowledge graphs and enriches the knowledge of sentence embedding. The proposed model shows better
performance in Chinese NER tasks in open domain and medical field. The experimental results show that multiple
domain knowledge graphs share the attributes of similar entities by calculating semantic similarity, which can make
the model absorb more domain knowledge and improve the accuracy in NER tasks.

Key words BERT; Chinese named entity recognition; medical field;
and embedding

multi knowledge graph fusion

T 1R B HORAE 2 USRI 1 5K
AP RFALMIRE T, &R 2 Jn i
) SRR R EY, AR e g R B ) O B R
Z — I % SEAR IR 5] (named entities recognition,
NER), CZACNHRE 5 AP R i 7877 7] o

& 45 ] NER B 24% NER N 7 I bRiEAT 55
BSOS R e SR IFEEL, A CNN-based™
RNN" PLJ BiLSTM-CRF™! Z55% FP A1 SCA AL B ARAS

Woks B3 2021 —12-27; EREIE#H: 2022-10-11

B NER B, (HEATH THALRE S HIBRE], oIk
AR I 1L 56 BSRT 72 AUk A b A2 55 8 SEEAA il U 55

WEE T EALVERERI IR m, BETCN LR T
PN GRAOREAR i, RV e P e v SR LI i A 37
T HGARRH TGRS, R 8Ia B 7 777 ) kAT
WU R, DASR MR G A5, 40 wor2vec™ Al
Glove", HEATRFR &AM, ARER L
SO B AR B SCHR SRAE B 1SR [6] R

HEWH: HRAARRHEHE S (61802033, 61472064, 61602096); 41144 X GF & /E WU H (2020YFQO018); VU )11 44 B4 1+ Kl F S0F &k 1 H

(2021YFS0391, 2020YFG0475, 2020YFG0414)

fE& s 5K, (1963 —), %, it #aR, TZNHHGHZE 5N E 522771 T 7.

*EEEH: THif, E-mail: ruijinwang@uestc.edu.cn



34

KR 75, % FET BERT 2 51R B A - A FIH 3C NER B 391

BERT fE NP YIZR#5 5, 7 NER AT55 AR T 5%
TFRIRCR . AR A w]TH A FTA NLP TAEE IR
ZANTS N ZRT I BERT B8, BF6EAS [ (AT 55 ¢
R0, TV BERT 2 2 50t v] DLk 21 1R 4 1 3%
B, XHKHEHE T NLP UK &

AR H AR AR A, & R BIALFE NER
R OEIAT TR, X T —2e 4k %n
NESREREESNL, W7, &t EF. RAM
T, BT RSEBERARIRGHR H AT A A
BRI FNR, 5 U R B A g
T BN TP IR IIZBEA, R T KR M T IRIR %% .

B 0T A5 S AN R L T AL A ), A S DAER
JYAUE S NER N EEH5%, 42t 7 —FET BERT
HIMERFI A B b A N B NER B8 (BERT-FKG),
TR AN 2 AR RS AT R A RO, 4
4 BERT I 2528 1) i K SCA AR R RE /), SEIXT
HMER SR I FIIR I 7850 22 21, D AR STUAL PR I
FEB, SIS AR A S AR B HER IR A

1 tfHxIME

H Google T 2018 - 4E H BERT LK, # 5T
N GAW S AT Ak, AEES N 8 T T SR 55 A0
GRAd A LAk o T T A SRR R R 2 I BIE SRR, E
NER L4, JUH XS0, 7Ef N A) 7 i
NI A O BIAE B BR 08 A R $2 A58 20 (1 i 26
1 Lattice-LSTM™. FLAT®™. Lex-BERT" 4. Tfij
[F AL 7 RIIEAR B ANE SOE 5 (5 B R B
W AT DAEUAS B G B AR, DR ke i ) P B 22 ) 40
5030 B (5 B4R & BERT B2 [ NER fE )y 2 A
SRR FE T 1] 6
1.1 FE#EA

BTN ZE SRR, BoRBEZ AR
WA, T YIGA) T — 2SR50 AR Re 5 A AP T
BPERE, TANREERNE SUNIRNES, BEFE
FIsEpfE B HAm B XA N JHR E 224,
ERNIE"" & @il & S5 BRI JE 0K, EBE T AR IR
REME NGRS L FRAE, H ERNIE2.0M" Stk ANE
AT TG T LUKE™ 64 1o i s i3 B
A B AR N BB N, (AR SRS S A
B, R TAERIRCR, HE1AR T Sk (6]
K5 . COMET"™ i H & RHATRH 1) = e HAE N
RN R G GPT AT IR % 2], (XA
GBCREA R, BERIFEAGEAR AP R AN MR R R . K-

BERT™ jd ik A7 8 g i FH R 066 20 e i P R N
#a) -, IFHBE# - Transformer 7] 7 A ) £
IR, HE RN BAFRE; KEPLER™
AP IR SR SR A ISR SR I ROR,
TH BSOS fil A RV (1) e AR5 2R SR B B8 407 1 R
RN . R IR SCHRAIE B T A0 AT 1 R AR T
F£F Transformer 2 75! 1 NER P 5EH #i B, HEA]
R BN A PRIV RN, 1 JE i 7 4 R FH Ak 58
Z B ER .
1.2 mMiREEE

TER AR ARSI TR, 2R/ B AR 2
FEM S KIS . RDF-AI" %1t 7 — &0 3 5k
TRACEE, ARIESARVCHL . FHALSCRmA . Sefk BI%E
DA R SCAS J5 AL FRARER (P AR AL SR LU RCE SR, FRad e
ARV REAE AT AR AL BB . LIMES™ X} - s 44 AH
RLEE L =M A TS EAE R VT AL, B s AR L S
P B Rt — P v ESEBR AR EE, R R EA
$5¢ e S PR 7 A H A ABLRE (1) SR X . HolisticEM™
BT SR ) E S JE AR AT SEAR AR T — AN SE
T, AR e I R SR AN 4 SR M B S
I B SEBRARALRE o TranEP K A RIS R 00— 1k
S AR —A ) 5 2 () R4S SR ) & R s N SEfk
AU FE B o SCRR [217 2 Tk N 2% > R0 S A4 AH 48
PEAL TR B J7 70, SEBL T X SR 1) S 16 A 8L
FL#s o

bi# BERT HEZAY UEA FR R, TR AL
sk [ E AR T E ARG B DL AR
HIAREE, AR SCERE BERT ) [A) & N ki s
T (0 AR 52 AR AL B JEAT SRS 55, UF B 7 V2 RE A
B b SE ORR A S TAE, JF H@E ik N 21
BEAY, PR T BRI ST R

2 [PIFEENX

5E L) s = [wo,wiowa, - w WE N — N A TR
7%, f# H BIO(begin, inside, out) /E A Fxic 7
%, C={ci,c0, e AFRIE T TUE LSRR,
n R FIKE. ALY, JEEFRC LRI )=
[ EAER B, TPOE bR IC R A/ Z I A 8.
BEAFRICw AR E IRV, w; e VAT 2R B
i, B MUNKG, & =Julle = (wir,w)ES, H
How w2 SRR AR, e VEEATZ 8 1) %
o AR = oA Z KG M.

W 1R, AR 44 SR EIATE S5 B S A



392 SRR = N A N =

52 3%

FREBRBOCAS . AR ARAMRTRERE RN, fEVIZ%
P BURIE SCAR S hR28, RSN AR AT Dy e 46 0
RO B TN R R OB, AE T Bt S50
XL R TR AR 26 5 HS AR R AT LE BT DL A
M, f 20 SR AR AE 1 H AR S AR . AT 5 A
SR

Tr ik

s b 5 D

v
FREUAM AR KG
Ejie Uk ¢

v

R RA J RN

v

BT SRR A

EN e
U K B U A S0 GRS
i HH SCAR AR AE IR AR A 2
(GBS NP S ISVARYYS S RN
LR
(€ P )
PN
H 1 AEESRERE
__________ Pretrained
| MR KGs : BERT
9 Step 1 —
| I ;
Dl X
: Lo | i T
__________ |
Step 2 AR
[m————————
) . Step 2 I
REFEEL BT SCAR )T O I V% -
S:{wl,wz,...,w”} { ~ —
|
| B A FEL e

[ A e S B S

1) FN EHARSBERI EHIRE S SCAS = (51,52, Su)s
si = {Wio, Wit, "+, Win}s

2) SRS A MR AR B HEKG = (K1, Ko+, K}
Ki={e1,e2,"- &4}

3) 3R HUE 4 4R A TIE R SEAR R C = ey,
o, »Cn}i
4) i SEARAE B SEARAL B AT E X 4
(e1,p1.¢1) (€2, P2,€2), (e, puscp)}o Fe H1,  eii
SRAE R, pi = (di, b HIAE SRS HH A 40 3 S A
MALEE R, bie Ttke LR Fab i 1AL B
B o R E SRS
3 ANt
3.1 EBIZEH

TR R HEA GER B 2 o, = B RE Jni fle
A R IRA IS LA L5 S5 1) BERT JZ I 2%
4 Ay o KRR A TR A R R R AU
ZANHME AR, 8T 2R 1) BERT B8
SRR AT RGN — 25 A S 56 S
W, SCHEE RN T B AR IR B
oy EENMTTAE AR, fis N — 28 BERT 44
RPN TRA D 2 R4 BERT BB FH
SER, FIE AR RLETRNT S, 1200 TAE A R
Wi 46 B ;. BERT J2 W J2 K H Google Tl 45 4F (1)
BERT-Chinese #5 24 3 H. i@ i Il 25 kL i 47 H UiF
NER T4 0l 250, 18 i f5e /b FI0I AR 25 11 22 X
15, SRR SRR, RAAETT R EEAR
8 VPAR AR (1) S Al U1 R

#

. . NM
Fine-tuning BERT 1R BB Loss= 722},” log p(ﬁ,)
i=1j=1

XXX sops

e
Step 3 e DTSR WL
_________ i Y=Y sVt
0 0 -« —oo-— |
0 0 - —oo - ]
+fom@ 00 | SRS
o0 00|
0O 0 - 0 0 |
R M| e T—

K2 B

3.2 SMEREIIRERLE

SRR AR EIRL S, R 2 A AR B @ A
FBIAL Sy A RO B, 8 AL S R [R] BE 95 TE AR
KA, ATEENRIR AN AT BLLE &) 73845 5K H AR,

SR EE Z A FiR R SRR Bl 3 BTN

T S BT B AU TR B A B — A g
i A A KR X AR AR LR S,
“MHERREEEME. MERN RIS, ZFHER.



i3

KR 75, % FET BERT 2 51R B A - A FIH 3C NER B

393

BT /R PUFBRIN A" o A SCHE IR B 045 B 4% = o4
oy BN BIRBS ) BERT 23k im &,
X 17 ] ) B R AT B o, SRR A O IR AT
55, A THSR S A TR R SCHALRE /R ) e S
ELARACURE AR > o AR A0 5 (1 R (DK L R
ISR ] — S tA, P SLAI R PEIL S, ik
FRIREE RS H .

K,
SR | ORAR | BRI | ia] )
€ T €; o,
K2 —b M M M M
€ Tt € @,
K,

=

/\i
5
€z <1

FH T BT SR SR (] (4938 SCHIBURE, 1 BERT 2
A R A IR N ) B RN E R S T R
BRSO ZRiE R S B L, IEHE & A
FON G AR 58 SCAS AR AL, AN [1] SCR] DT e AT 55 i
ik BERT A58 A Bl 1) ) ik N 0] 2 U4 1 AN i 1 A%
Ro R, AT ARIEARSCEER L b, HR
FH BERT #5484 3Rk B A] [ = .

| = Nerary

==L

_&e

K3 iR R AR A

BERT i [ & A it R a0 P 4 s, B e xd
B A i) BERT B8 e ik 47 3l il &=l 26, BAR
Google Tl Z54F [f] BERT-Chinese 7% (V44 1 #
TR E R R P RS S, E TR A
ARV 1] i) B AT 5 3 g A S AR SR AT I ZR3R

. MRS JE 40N BERT #k N A\ E] BERT
RS d E A7 18] ) B R 250wk [6] IR R, B )E
4 2 1 B2 B R SR IR G N A F IO A 1) &
R0y N B ) &, B AR ] A AN
FEAE B A AR A [, W S FoR.

12 J2 B2

BUR 4 R R iﬁj_'ﬁll%ll ﬁrﬁ]%z iﬁ‘j_@{%n
j—— | & -5
|
| | i
. | Bt
’4 e | ik
il |
I R
I || —
| |
! |
! |

fcLs)
g o
WA ()
43 >
{m;—q
f‘,“%m o
HU= FE 43R
o BERTModel

B4 R R

XHEEAN I [P B AT A A, B E TR
AN EE A A BEAT P AL H T A 1] A ] ) AT
S B MIESCE S, R R 1 R AT AR T
AR PN R e ok R, T8I vh 50 A A s i
(E SRR 15 2 (R RIAH VR RE B AR A B0 1)
AE R 2 2 AF AL SE A EAT SR PR, SEBLAR 1O

FRAIRL G . SEARR LA LR (T A 308

Zn:(xi)’i)
i=1

\

cos(f) =

n

W,W,
>?
i=1

|me=J

O)?
1

i=



394 SRR = N A N =

52 3%

W= (x1,x2, %), W = 1,52, ) (D

b, ORFTRW, WIS Wye Wik BRI A
SRR

A
| .
W
I ¥
W, i
W < [ |
W 34k P I O ——
> - >
.W(,
I I | I oW7.
W5 | B
w WQ. IWlo
-1
v

®: Al R AN W (1 ) B R
Bl 5 L4 ) B 1 S A SCRBLEE b

3.3 ANRERA

TEANT AR B R G e, kTR A AT A
W . BARR, 52— XAk, @dands
1 5 BRAF 5] T s = [wo, wi,wa, -+ wy AT Bl TR
Bl K, 23t iR 2 — AT W= wo,w, oo,
Wil (Figs Wig)s -, (Figs Wil -+ s wado XA RE AT BLIF A
AR WA AR AN P IR . ERIRE T, A
Ts T T A SEAR L FREAR Uk, ARG 1R 1
K FR 2 e AT A X B ) = Je 2 e 8] o« SREN R 5%
] JE AT DA R e S i i BE R = on AR
E = [(Wi,rig, Wig),+++ » Wi, rig, wi)le RIREE R A2 75 22
T8 I N R RS A R 1] BUBE AT OCBERI UL T, X LT
B AR BRIA BEAT SEREE . AR R E
BRI CATEN AL E, KA = JudH kR
HEANBIR)Fsrh, FHAER— NS A5 R
A FIREN P SRR AR f AR ) = Je 4 sk
PEASRE FAE AR sy e oAt ) 43 3¢, 17 H At 3] 4
W R TN SR [R] 5C R AR N E AT
W HARGE M5 AE:

Stree = (Wi, wal(r21,€21), (22, €22)],

e wil(rise), - (Fims €im)1, -+ wa}
e 2 BOBE R, THPR AR 5 2= 0O ALk R
AR, ZA1E35~40 B ZJEK
o DLRERAG WU ARAR < AN B JE ER] ) A B
WIS ES RS RRTT . BN A T A
2 BUBE PRI [T 500 ), (141 PR B8 PRI ) (IR 9T

5 EE

FBENRE )], o L LE IR A0 [(R
RURER) ]S AR [GRALIER)] AN, B, 5 AL 1, R 5
AR [CRALIER)], B S R [CRALIEIT
FBY,(FEIG HERINDLIE T - VIXFER AN A
TIRMB T BRAGIE USRI, £8 TRAKNE
B, f#13 BERT R Re5 5 > 25 £ 1) 5.
34 REYREE

TR G T 1 T A K R iR N8 3 2B i) ) 1
W4 BB O TR RN R R, N TR R
ALV E] BERT 84, ASCEAS K-BERT!
FHE ) FRHR AT, AT AR

Model Emb = TreeTOEmb(sree) 2)

HEBHA) 746y BERT Rl THS 40\ 45
¥, 533 AN token R ALERRAFIBIEIRN,
H T BN Z A )T, 1A Z BERT 1241
WL A B, N TR TR RS, I E
R TIEMEE, BN RO E wWD,
I LA Ay 3 = B PR 7 1 BERT AR [R] ik
AR FRRTT = AR R = T

el 6 i, AW BERT A\ ZwhSRT, 7E
token HRA&RS;, 9 1 Aefii N\ BERT B, A4
FPAEE RN AN, AR 3 SCEE A 43 3 BRI
I3 S FPARIAF IR S RN Z 5, ARG
PRUEJEAE S5, BRI AE A7 B RN 4030 75 22
FINHAL BN . BALE IRAWIE 6 1)) 9 5
Jis, BB SCHER A i 5 Akl 5, IXFE
A DUGRIERE— B2 SCHE LB BAE R, (HIXFER
£ B 9 B4 A\ Bl BERT HE41 b 22t AR 2 35
()L, Transformer 2 1) 2 Sk & A HLHI 2 H 31
FZLE B S vh 5, T R 70 R R 1 5 ) N AR B
Hivfig e 13X A )

W] 6 PR FE A, 33 8 7 B AR P AR 4
BT AL B A A B, 4545 — B token IR
RS2 Bk | AW R — 4 SRR SR, T bR
W T ANIF o S (R RN o JEERGRE BRI 2 Bl A 200

My = { 0 HwBlw bl 3 b
—oo  Hw Hlw  AEAEA A 43 3 FIN
A, @ M SR ww L 8] 7 (R A8 A7 B 9 65 45
M R RE ) TR



%3 kA Zh, %5 BT BERT ZA0iRERLEHR A H S NER #E5Y 395
Token i A: [CLSI| 1] | [fk| Wil % 82| % Um| G& 07) (] Jil...
WEArEHAN: O 1 2 3 4 5 6 7 8 9 10 11 12..
WATEmAN: 0 1 2 3 4 5 6 7 8 5 6 7 8.
I SR LN ]
REFTEEEEE EEEE
CLS i 2 B, = L. f g — - —]
(el . 3032 33 34 35 36 ?ﬁgﬁ 20000 00070
5 sk 218 H— K g N B 000O0O0-0w—oo-—--000
8 7 6 s 19 31 32 33 34 35 36 JEE R R 000O0O0-0=o:-=-000
W ;»A95W%9 2% s 0000000000
X S 6 H— e n ] 0 0 00 0—w—w- 0 0 0
8§ 7 6 el VERTERIERE 200 0 0 0 oo -+ ~o0-c0-20
6 J710 —00 0 0 0 —0—00 -+ —00—00—00
s 1 12 13 14 15 16 17 o o o o 6 - 0 o o
et () A3 5 4T ; R i
géﬁu*ﬁg?: R E % B—HK ﬁfgﬁ';ﬁ 0000 0—w—m0—00 0
AR () B B g 7 8 9 10 1 12 13 PRS00 0 0 000 000 0]
Bl 6 4 0] 1B i N SR RN 5 ) S i B (1) i 72
3.5 BERT 2 &, 1 Medical-NER #& CCKS 201 716 91 % A7 () I

FE XL B 150 50 1R B ) - HEAT HRN G 5 9 2R
B IO PR S, K N B 21T NER |1
BERT & 84rf. [fidn 3.4 75 ik, # A% BERT (1)
Transformer JZ )7 75 7 0 DA% 1)K 23 18 Rl Ass 24|
iR EL, Kk 2% KBERT!" %} BERT-Chinese
KR ) Transformer H7E R JJTFEBREL, AER
JIIERERE, BARAFXR:
OK"+M__,

i
X, QL K,V EEFEEIITHEHE Query. Key.
Value Z3(; M RVER TR Va2 g
T AR v S 0 SRR I S K sz e .
HEENDEREMERE, X Q) Fn, WRERHA
token J& T-H) FRIIE—4r3, WM =0, BIER
TS B—ASZ R . T 24P token A& T [F —
Gy, R RO B M E A R ST, XA
I8 R EGR A BB 0, XA T A
) 3 2 18] 7= 2B AR R R R T

RS AR5 R PR ECR -

N

)

X, NFRORA) TRy SERRRBREE (R
oAy 9 e R A Y IR AR RS B R 70 A

4 =L I

4.1 LEERE

A5 5% H Msra-NER HiI Medical-NER 7%/ #i#
HE STk A Y AE T 30 AN 122 97 44, NER ) B0UR
MSRA-NER &% B AR 1) NER £idg . XAMMES
SR SCARF I SEIR G RR, BREAG. Hia. HliHE

Attention(Q’, K’, V") = Softmax( 4)

yijlog p(ij) Q)

1l
—_
[
11
—_

PRAm 4 AR IR ) (CNER) A£55, B AR M5
HER S BRI T A GBI AR A PR . AE AN AIREE T 18
1% CN-Dbpedia~ i i1 X HowNet &
I B FHEIE Medical .

CN-DBpedia /& & H KRR TR EH K
BRI R & B KG, 7B iz Jiseik. e
KFR . ARICHEH I AEHh¥ CN-DBpedia, R
EBr TSR AT N T 2 B SRR A =0
H, I 517 A =ond.

HowNet #& — ™ R FAE ) S 1] Y ATRE 2 1) 7
T RIRE, FAR AN DO R AR O ORI
5 K-BERT — ¥, 1 {word, contain, sememes}
ERFNR =0, a0 s SO 7858 SR
We AT KSR HowNet, JEE{ 52 576
=7,

Medical-NER 5% i 3CHR [157 =2 £ 500 &R ]
W, AAE BN ARR. R AR EESTEALSEE R, I
13 864 2% —Juf.

AR RL R B T BT B AR RN
K-BERT 1 o 3C 1 )il 5 45 1) BERT-Chinese, Jf H.
EFAY I E K transformer 2 L=12. £ kiF =&
T 12 RN AR B 4E R H=768.

4.2 SCIHRHR

I F R AR FLYE 0y 4 SRR
ATV

A FIZ (R) Fom IRl B 1) SE AR AE S s Sk A
[ A1«

R TP
TP+FN
A, TP M true positive, B SEARKRZE T 25 SR 5
SEPRSEAR —3UHIFEA ; FN A false negative, B kK



396 SRR = N A N =

52 3%

TOUI L ) SEAR R 25 B AR
HERf 2 (P) 7 TRl 1) S A 78 i A5l E s
PR EE A7 -
P TP
TP+ FP
A, FP N false positive, B4 2 T i SEAR PR ZE
FEA .
F1 380 (F1) 22— P e & & oy 2SS R U 45
BB A AR YE P T b

43 SLRLER

I3 BIAE T TR K 55 Misra AR 58 2 97 41083
P4 FiE it 5 # 28 B K-BERT A1 BERT 7£ % 4~
B4 b NER ARSI PERE LR, VPl T A SRR
A5 R R T S0 SC NER LA K SCEE ST NER )
SO RROR, i I AR Y i) A ST S R A
RS DAY ZR I BOER . R AR
N3G R FERADINR. 3 IZRE0 5k

£ = 2RP WORERERL, SRIGLETT R AR WA vk A . 52
R+P IEERINR | AR 2R,
F 1 1REE MSRA BUESH NER SLIEEER
Msra-Ner
kit HRE TR b
P R F1 P R F1
BERT-Chinese (With out knowledge) 0.938 0.950 0.945 0.936 0.943 0.936
HowNet 0.958 0.954 0958 0951 0956 0.945
K-BERT
Cn-Dbpedia 0961 0.960 0.963 0953 0956 0.957
(A&30)BERT-FKG Cn-Dbpedia + HowNet(with knowledge fusion) 0971 0.965 0.968 0.958 0.961 0.963
F2 EBEEPETHEEN NER B4R
Medical-Ner
sl FNIRE FFRE MR
P R F1 P R F1
BERT-Chinese (With out knowledge) 0919 0.931 0.925 0919 0931 0.925
Cn-Dbpedia 0937 0941 0.939 0.939 0.938 0.938
K-BERT ,
Medical 0.939 0942 0941 0940 0.944 0942
(A X)BERT-FKG Cn-Dbpedia + Medical(with knowledge fusion) 0.945 0947 0945 0950 0.947 0.950

M1 S 25 B rT LU 21 A1 B BN e
% F7 P2+ BERT BEAL 1+ 3C NER PEfE, 1AL
LT ZE Fil A 7 HowNet Al Cn-Dbpedia %111 )5 ,
7£ MSRA ##54E b1 NER PEREFIHL T K-BERT HY
BT —m T, T PSR S (] R AR B,
SR JE PR 3R R 8 O ) TR AL B S R SR
N> MITETS BERT B8 (1) E 2 ) RS2 ) 1) 5
Z TR SRR, F R SCAS IR B A R

TE 45 78 5 7 S04 B0 A B 1) S 25 R an =k 2 By
AN, MNGEFE BT DU H AR A 7 R U 1
S NER HUf8 7 BB B (1 ge 42 7+, A& T Cn-
Dbpedia F1 Medical P 4™ %015 B 15 A 1A ABL SE 4 (1)
22 KRR AR BT BN R R B e N AR R
BT SRR AL T 2 BTG AR, BERE RN
TR AL, 405 BRI AR IR T30, &
ERANTEE REE, TEIATEST a4 SSAR Rl B,
REEffi BERT #5524 58 A At iR ol B 7 SEAA I 7

a7 o, ARG ST USRS R S0 NER Y, %
RHAR B b mT DAAE — e RERE B ad A A F Wi 8,
I HLAEH R 250 8O BUS 3 v RORS BE . IE W]
T 2 AR RN AR ZEAT R0 IR 3l U 55 1 BE 0 8
PSR AL I RN, (1SR Y AR B PR b e Ot
CA FAR AWl , 2 b B S A KR
FETE o

95 | T
94 BT e gl
§ 93 L . - - ) .2 ol -~
=} e
292 P =
2 g8 X - :
s: 91 | g .
90+ i~
i/ — Google-BERT
891 J 4+ W/o knowledge fussion (KBERT)
ssl | = With knowledge fussion (BERT-FKG)
5 10 15 20
Epoch

K7 BURERERS E



34

KR 75, % FET BERT 2 51R B A - A FIH 3C NER B 397

5 & 18

ARICHEH T — iR S 7R % K-BERT 1)
RN BN FR AT S, SEI 2 AN iR B )
SRRl G R O USRS AR I 8 1 3 = . BERT-
FKG 22 A~ H1R P o R @il A5 e B ki gk AT
RBE, REARANIICE. FEERTIES R T
SIS LSRR, 7RI AT NER AL 450, %0
TR Rl R N AR AR N AN R AT BT 55 B 26
W, UEBATESEAT R R UK NER (L5510, FIH
FHICATI Y A 1 R R AT R A iR N RE SR T A
BORGIPERE, (A CE T TBOE AR AR A S At uE B T
ZIT A

R0 HAETHIAZ, AR DA LN AN J7 Tk
ITHE—DWE50: 1) FRE A kR s, T &
BT B 25 (1) J5 15 B AR EHES AT B kA
DARAART S0 (0 R R A RO s 2) R AL 4 e 211
PRI 2 N A, 3 R A R P AR A L
FEH R = e AR, BES AT DU A
ST R A S 1 AT AL S HLAR T S T

2 £ X MW

[1] STRUBELL E, VERGA P, BELANGER D, et al. Fast and
accurate entity recognition with iterated dilated convo-
lutions[EB/OL]. [2021-10-11]. https:/arxiv.org/pdf/1702.
02098.pdf.

[2] FMBLA. T HEIRAY 22 W 4 RNN 89 403K 4 % LRI 5] 7
EAFR[D]. KR R T K, 2018.

SUN Y Q. Research on domain named entity recognition
method based on RNN of recurrent neural network[D].
Wuhan: Wuhan University of Technology, 2018.

[3] LIU Z, YANG M, WANG X, et al. Entity recognition from
clinical texts via recurrent neural network[J]. BMC Medical
Informatics and Decision Making, 2017, 17(2): 53-61.

[4] MIKOLOV T, CHEN K, CORRADO G, et al. Efficient
estimation of word representations in vector space[EB/OL].
[2021-10-19]. https://arxiv.org/pdf/1301.3781.pdf.

[5] PENNINGTON J, SOCHER R, MANNING C D. Glove:
Global vectors for word representation[C]//Proceedings of
the 2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP). Stroudsburg: ACL, 2014:
1532-1543.

[6] DEVLIN J, CHANG M W, LEE K, et al. BERT: Pre-
Trainingofdeepbidirectionaltransformers forlanguageunder-
standing[EB/OL]. [2021-11-11]. https://arxiv.org/pdf/1810.
04805.pdf.

[71 ZHANG Y, YANG J. Chinese NER wusing lattice
LSTM[EB/OL]. [2021-11-15]. https://arxiv.org/pdf/1805.
02023.pdf.

[8] LI X, YAN H, QIU X, et al. FLAT: Chinese NER using
flat-lattice transformer[EB/OL]. [2021-11-20]. https://www.

xueshufan.com/publication/3019125528.

[9] ZHU W, CHEUNG D. LEX-BERT: Enhancing bert based
ner with lexicons[EB/OL]. [2021-11-26]. https://www.
xueshufan.com/publication/3118353673.

[10] SUN Y, WANG S, LI Y, et al. ERNIE: Enhanced
representation through knowledge integration[EB/OL].
[2021-11-30].
2938830017.

[11] SUN Y, WANG S, LI Y, et al. ERNIE 2.0: A continual
pre-training framework for language understanding
[C]//Proceedings of the AAAI Conference on Artificial
Intelligence. [S.1.]: AAAI 2020, 34(5): 8968-8975.

[12] YAMADA 1, ASAI A, SHINDO H, et al. LUKE: Deep
contextualized entity representations with entity-aware
self-attention[EB/OL]. [2021-12-11]. https://www.xueshu
fan.com/publication/3090325631.

[13] BOSSELUT A, RASHKIN H, SAP M, et al. COMET:
Commonsense transformers for automatic knowledge
graph construction[EB/OL]. [2021-12-18]. https://www.
xueshufan.com/publication/2999524812.

[14] RADFORD A, NARASIMHAN K, SALIMANS T, et al.
Improving language understanding by generative pre-
training[EB/OL].  [2021-12-21].
amazonaws.com/openai-assets/research-covers/language-
unsupervised/language understanding_paper.pdf.

[15] LIU W, ZHOU P, ZHAO Z, et al. K-BERT: Enabling
language representation with knowledge graph[C]/
Proceedings of the AAAI Conference on Artificial
Intelligence. [S.1.]: AAAI, 2020, 34(3): 2901-2908.

[16] WANG X, GAO T, ZHU Z, et al. KEPLER: A unified
model for knowledge embedding and pre-trained language
representation[J]. Transactions of the Association for
Computational Linguistics, 2021, 9: 176-194.

[17] SCHARFFE F, LIU Y, ZHOU C. Rdf-Al: An architecture
for rdf datasets matching, fusion and interlink[C]//IJCAI
2009 Workshop on Identity, Reference, and Knowledge
Representation (IR-KR). Pasadena: [s.n.], 2009: 23.

[18] NGOMO A C N, AUER S. Limes-A time-efficient
approach for large-scale link discovery on the web of
data[EB/OL]. [2021-12-25].
Proceedings/11/Papers/385.pdf.

[19] PERSHINA M, YAKOUT M, CHAKRABARTI K.
Holistic entity matching across knowledge graphs[C]/
2015 IEEE International Conference on Big Data. [S.L]:
IEEE, 2015: 1585-1590.

[20] BORDES A, USUNIER N, GARCIA-DURAN A, et al.
Translating embeddings for modeling multi-relational
data[J]. Advances in Neural Information Processing
Systems, 2013, 26: 288-297.

[21] ZHANG Y, LIU L, FU S, et al. Entity alignment across
knowledge graphs based on representative relations
selection[C]//2018 5th International Conference on
Systems and Informatics. [S.L.]: IEEE, 2018: 1056-1061.

https://www.xueshufan.com/publication/

https://s3-us-west-2.

https://www.ijcai.org/

% B M F


https://arxiv.org/pdf/1702.02098.pdf
https://arxiv.org/pdf/1702.02098.pdf
https://arxiv.org/pdf/1301.3781.pdf
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1805.02023.pdf
https://arxiv.org/pdf/1805.02023.pdf
https://www.xueshufan.com/publication/3019125528
https://www.xueshufan.com/publication/3019125528
https://www.xueshufan.com/publication/3118353673
https://www.xueshufan.com/publication/3118353673
https://www.xueshufan.com/publication/2938830017
https://www.xueshufan.com/publication/2938830017
https://www.xueshufan.com/publication/3090325631
https://www.xueshufan.com/publication/3090325631
https://www.xueshufan.com/publication/2999524812
https://www.xueshufan.com/publication/2999524812
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://doi.org/10.1162/tacl_a_00360
https://doi.org/10.1162/tacl_a_00360
https://www.ijcai.org/Proceedings/11/Papers/385.pdf
https://www.ijcai.org/Proceedings/11/Papers/385.pdf

	1 相关工作
	1.1 知识嵌入
	1.2 知识融合

	2 问题定义
	3 模型设计
	3.1 模型架构
	3.2 外部知识图融合
	3.3 知识嵌入
	3.4 混合编码
	3.5 BERT层

	4 实　验
	4.1 实验设定
	4.2 实验指标
	4.3 实验结果

	5 结　论
	参考文献

