Rl = A5 BRI ST i 4 S AR R A

HER, RE', AR, i, Eine, R
LIBIN A=A, iR KB
2R BH  B IR AT, TR KBIN
ieyxjia@zzu.edu.cn; zzuruichao@163.com; iehyzan@zzu.edu.cn;
1014728581@qq.com; iscshuai@l163.com; 125645650@qq.com

W

i 4% SEARIR B & SR SR B AT B SRR A, 2 i SO 2E AT 4 SEARIR B A AT
WSS, — N EERRF R ZIREIER . AN EB/IDNRAT, XRE/NE1804
T FHAT T an AR INRE, HAREARSEARS T 24 o BRSO BIRE S, AR
HEE AR BE B a2 SRR R, SINREEFREENEFENT RS, FETE
E T B A A BiGRU-CRF S Transformerfi Y « SCEGLE R R, FHREREH R0
FT i LARIR R BIRCR - BJE, BATEERGE T 48 SEARIRBITE /N L S 4 e g A
HIRZF -

KB SURER . AR BRERER
Document-level Literary Named Entity Recognition

Yuxiang Jia',Rui Chao',Hongying Zan',Huayi Dou',Shuai Cao'?,Shuo Xu'?
1.Zhengzhou University, Zhengzhou, Henan, China
2.Zhengzhou Zoneyet Technology Co., Ltd., Zhengzhou, Henan, China
ieyxjia@zzu.edu.cn; zzuruichao@163.com; iehyzan@zzu.edu.cn;
10147285681@qq.com; iscshuai@l163.com; 125645650@qq.com

Abstract

Named entity recognition is the basic building block of intelligent analysis of literary
works. At present, the research of named entity recognition in literary field is relatively
backward. One of the main reasons is the lack of annotated datasets.We annotate over
50 thousands named entities of four types from about 1.8 million words of two Jin
Yong’s novels. According to the characteristics of novel text, this paper proposes a
document-level named entity recognition model , using a document-level dictionary
to save the historical state of Chinese characters, and uses credibility calculation to
fuse BiGRU-CRF and Transformer model. The experimental results show that the
use of document information can effectively improve the performance of named entity
recognition. Finally, we also explore the application of named entity recognition in the
construction of novel social network.

Keywords: Literary text , Named entity recognition , Document level
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4 LIRS (1 et al., 2003)2 5 BB EMES 2 —, HEZERRRFTRF A
% s B SESEE ARG R, DRSS T BohFE - YLashllF - SURDHTSE MIfEss -
P i 25 SRR IR BB, IR SOV G A AR, 0 S0 R RE AT MEUR 2 48 2
HHEER L, WAYER (Bamman et al., 2013) « 2 M4 (Labatut and Xavier, 2019) ~
FFHEL (Matthew et al., 2019)%F4E55 « SCAGUE a2 SE AR A, HEnSE — P BEA Sk
HIHESS (Jockers, 2013) . EEJFRE: SC#ERiER S EAMEERNER K, AEEESE
KAEARE, BRXMELLZ A (BT AP LB R D, RAIRE L2 S RFAE; SO i 24
SRR, Rz RS R R AUPRIE R -

A8 i 42 SE AR T IR R L R ) TR, X ST IR RENS TR ) ) 1 PR M
KA, (HEZWE T A)EH KRR, MR KIER NS SCA R — KRR - SRR
I« b S G AR IS AE R, [R]— R B R ) SE AR B A G Al — > B AR )
2% (Lin et al., 2018) o PATERYAR & SBARBIT A R SRESSRAR T, g TR 5 A S04 2 18] B X
ioﬁiﬁﬂ%ﬁﬁ$%%%ﬁﬁ#ﬁﬁ%ﬁﬁﬁ%,%%ﬁﬁ%ﬁi%@%ﬁ%%%ﬁ%%
R -

AL EZ R F TR EL S LR A A

(1) Foysd 72T PE e Rt/ I A 22 SE AR RS, HRITHOEE .«

(2) FEXSSCAPEMAFNE, SR H — R AR RE R 2SS AGRBIRA, SSISRINZ T TARE
WE R R TT ICEAE bim 4 SEAR A BIOR -

2 HXRIIE

T SRR A SRR 5 RE S B AUR T 2 BN A REFRIACR (Thomas and
Sangeetha, 2020)- CollobertS5 A(2011) 5 {4 Hi B T I B 2% =] i 25 9 48 1Y) i 44 SE R Rl
A, ZE TGRS AR RS A B SCEUE _ERR B 0 48 LRI AR, (B R T i 1R
KRB AR 5 R - KuruZe A(2016)(F FALSTMIR B2 B4 E, EZ R ARES LHBUET
R i 45 SEAR IR AR o UK EE A (2018) K5 A M LSTMAR A FMICRFIE A #1745 &, 7E19984F
AR HRIERE EBUG TR R - Zhang® A (2018)7E /7 51 bR iF A B B Aith b @ AT 7E 1Y
WCAE R, 4 T Lattice LSTMERY . Lings A (2018)#% H — FILM-LSTM-CRF /% 55 /840 T 4
B, FECONLL-03f & LR IR AR & EF AR S| T91.71% - £ A5 A (2019)# H —FBERT-
BiLSTM-Attention-CRFFEEZY 7R E AR i 44 SLAR IR A EHERRZIE91% - FRansE A (2020) 785
ZREISCR B IR R SRR BRI EZNE, $2H TIDC-HSANEER! . Gui%E A (2020)i@8 %
BIREIR PR AT —BUEIEE, R MR ER G LSRR, 2R EIEE L
IRB AL SR -

DA i 45 SE R BB 50 KR R AR TR B ATUE R, B SO E AT 225 D> - Valas
A (2015)3& i — Fh & T B ipiplinet& B R R BN SCEAE R FRIAY), EE2DEIEE LRBIR
TFRIGER - FINRE— N EE AV IRBIERITEMELE, HLEUEMHE X TIERME T M T
{f - Brooke§ A (2016)#& th —FRLitNERAE I FH T/ Nk fim 44 SR, R B T hootstrap /i
%, HHRTEE A XFTIS, SRRAELE AL LT XMEET, ZEMETER
BTV - XufE A (2017) 9 ok At SO 30 A 44 SR IR A BB B Z B IR, E T 00480 S04
AT A SCE R T — 4N T[] 1 SO0 2R i i 48 SEAIR B AN 56 R ECEOR 2 - 158 (2018) @1
SRR LSS SOBEREATIFSY, B e T Apriori B EFILS TMAERY X 1L 4T 40 T b 2
FHE T LSTMAICREBEZY S B30 47 i 22 SEAR R A, SRR KA, 1% 7B RE A RO S R
HEIE . Bammans A (2019)KFACEFREHLTE, X 100885 30/ INFHAT i &4 SRR E, FRiE
VEE B —EB/ N BT ET 1000, FEIZERE 4 HIIZRBENE A RO A SC2EA i 4 SRR R 1 IRK
H,
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N FERERAERING, BCAERTPRROSEE . RIPoR, “SBE OB B8
SN FE, AP AR g 1L L AR R AR “ AR BL B AR - FREHERH)
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# 3. HARE
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R FE A ESMRTY . RESEIRE AN ERE, WRFR, “FHAMN
F LT AT RGN I RN A R TR i Es R SR g SR . TR R R RO SE R SR
P . RIFERIRIE D AT R ERT), WFRAPR, “FUERLLUORIRZE P EA b IR L
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ZNIB S By L4
HRHAE, W TITREm R EARN [ 3T
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4. HEREE

3.5 HUREST

BUBE ARG Rs IR, AR SRR . S AP SSEmELRTR, ATLUE EW
ER/INUR B FEZEAY) <SR A R N IR EE . FFA /DN EZE AR . &
B s SR E 2 s, HA <SR A <ZERHY N FEEE T R B o mATAE A SR R 3P
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SERRE [ ZABE | WHl | FERERE |
N 44116 | 84.3% 942
b 2409 4.6% 284
Hd 1500 2.9% 39
RS 4330 8.3% 702
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3.6  FROE—BMEST

RERUESTER R, AR E LAVER £ 7% B IE R AT FRiE LTS F BT FIdnsE T
1E, H— %Jwﬁiﬂiﬂﬁﬁﬂﬁ%ﬁ&)\mnﬁ THAE « B SEH— PR SR N SCAET R R
E, BE—ER; REHZHAT AN —RIFRESRATRERIE, BRI ZRER. 0F
~1°T\ FIREA— ﬁzﬂﬁiﬂzﬁ  CAATHIRIF A HAROTR, R AR SRR AR
TN, BRIEFER . N TIRES RS ERE BN, #1177 REWR.

AIRFFEFEFFIE (George and Rothschild, 2005)VER —ZUHEIEMARAE, 43 B %F PH L4
HATRRE— SRR . O B, ARSI — SR, HB AMIRIAS
PE— SRR, BRI A SR — BRI - BRI — B R 1915$0.9381, RCPEIA
#0.8933, FAIZEIEEZ A EHI (Ron and Poesio, 2008) «

PER | LOC | ORG | WEP | min-F1 | mac-F1
0.9515 | 0.8627 | 0.9032 | 0.8559 | 0.9381 0.8933
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ASOEIL R G P ERDR AT SO E R A 4 SE R A, TR G I E 5 TR - B SR
FIBiGRU-CRF (Cho et al., 2014)8&R R FMEGE 92085, [FINCRFEEAR S FW) 2R 7
NREFERTFR, RERREEREEFHAMAZ| Transformerti (Vaswani et al., 2017) 15 23T
AIFRIPRE:, & /5@ B R TMAR SR R R, 1S B RARTITM A 45 R«
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K 5. TRESEARLEH

4.1 RBEFRFH

BERGE: BEGEESBEL N WANEIEEAITR S RME, BERERRITIES A
BIEA—TRE. REEEFURRFZEETIEFHFAERXN MAFERERZEEER, F
FHA] REAEVZ RS BN R LR SO N BRI ] &g, Dy, AR BLAE AT TR AR 20 £ [ s 2% PR
FRHAFTERSHB &, M A] LAEAE R = R R TEUE 2 (6] B AR R R A T80 2 18 AT R AR
i -

REGEFHAME. HEALENIBIGRU+CREFF TV N EE BT A2,
REEET#-ERND={ENTRY 1,....ENTRY o, }, ENTRY .; " £ & F FF R RO A 7] S hy AT
MR, BNFHRAPEEREETHEFHFIRERS R ERMREHRA - HTR—F
FHETCTREANR, EHFRFUEREFRAHIALZIR (higlia) o (hinli,) o BTE—
FRARIFETECR A ] E b, AR RARES FHR AL ATREANR] - ER T4 @ MRS M &, JF
ME— PR, 5 ET R -

BEEEFRANE: 755 M B Transformerfi B it | B Se 06 A\ B0 F 54T B4
B BEEECRES M E (h,. b)), ARG E T softmax it & H BT BRECR S 7 & FIHEE 4
%ﬁphi;j:

Ph,; = softmazx (xZWhi;j> (1)

Hx, H PR FmE, WHEIEZEERM, b, I N AREECRS R & - REEditEs
FERCRAS T &y, 5% A E AR py,  BFRAAGENZEE RS M &R FAHR T, &ERITE T

%:JrEEIﬂVr%%%‘(#)kéL@i% %‘60022—’%611ﬁ, ﬂi‘fu%ﬁ FE, 20214F8H13HE15H .
c) 2021 L2 BETUERS



HEEE

B INS 2 TR R AR S M 2L, hES TEMNEETFHFNER

h; = thi;j hi.j (2)

=1
4.2 BiGRU-CRF#%!
GRUZ ¥§ N Gated Recurrent Unit, BITTRRVEEA B IT, & — Fh Bl 69 18 20 1 28 W)

LZ5RNN (Zaremba et al., 2014) - HET5H BB RRNNF 48166 B TH L AIRKERD R, [F]BS AH 42
FLSTM@Q“E#U Tt o EEPZ,JJE#EIT re NEE], x WEIASCERIFR, bt B ePEReR

/[_4\ °

2z = o(W?x + U hi_q) (3)
re = o(W'ay+U"hi—1) (4)
iLt = tanh (tht + U (ht—1 ® Tt)> (5)
he = (L—2)@h+20h (6)

CRFéﬁjxijondltlonal Random Field, B&/kENLY, zE—ﬁPjT:ﬁlEm (Lafferty et al.,
2001) - ZALTY RS REFENL AL & A N B B SR AR A, RS & ) B ZREEE T 597
%ﬁ?&ﬂ"]?’\ﬁﬁ%ﬁ:, RERS ORUETS 2145 S A E 3501 - Xﬂ“?é’éiﬁﬁ?ﬁ\?\/z(wl,...,wn),ﬁ?ﬁmﬂﬁ?ﬁﬁ
Bly=(y1,eyn) « HELZHI:

- Z M, iyir1 T Z Ni,yi (7)
i=1 =1
MR EIFEERSIEEE ., My g Iy IR E R Blyi - R OB M [yiyi+ 1], Niyifm b
BT AT Sy

4.3 Transformert&Z!

Transformerf B & J5id 1t £k HER A HLHR B 215 B AR RUIR S [ Eh T IER T
WH, FB—PuN QIEMMKAEMETHELEITER, SRHEEES

f(Q Ki) = QK (8)
FRUE B8 1 softmax b B —40 5 5 HH R B VAEFRE IR ANG 2 &5 FTER -
Attention(Q, K,V) = Z softmax(f(Q, K;))V; 9)

Transformert® 2 7 2 L ER T, BIREALE T R d model £ /Q, K, VAERES B #HFThiIK

M, BrQK VIR E]d model/h4E, F A TIERNIIITE, BE X SR EES
B2k R WS WK WY g3 R

MultiHead(Q, K, V) = Concat(headl, head2, ..., headn)Wo (10)

headi = Attention(QWE, KW/ VW) )i =1,2,3...,h (11)

4.4 WEEIHE

TRTY f 24 ) 1 25 Sl VAR TN AT 5 R E . AR BRI A RE T Bt
FHAR R B 5 38 90 A 8 R TIP3 B B

— ijlogpj (12)
j=1
St BRI N PR AORER X TR A FIIX=(x1 x2,.. xn), PTG HER 5 )
FRI=(rrd,rh), R2=(c202,...02), SRJG S BILLER R B AR R, SR RRA AT (E
VPRI gy Bt S
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5 SEEEER
5.1 SLHRE

SCSG I PA T KLTPL B (Che et al, 2020), BiLSTM-CRF, BiGRU-CRF, Lattice-
LSTM-CRFAIBERT-LSTM-CRFEE T /E R B A, HALTP T E A% EREH TR -
FEGHTT LUNUASESS, 298 —: BAEERERISIIGE: BiEs. WER2: 1. 1T
5. I T XPIGEGE TR H A (00V) B EIREMGFHETIE. 8= AR
FRERBLENTER, BERBLE TR TEEEHREMC— 1 RE, TREIIRERE
FRlEIE - LR BTI8FEARBIRLA & RERAEREEEGRANRERRE (F—RH

EA—MRE) | SNZEORERIIGRE: WUk WRES: 1. 1, SAETREIREHERE
BERERRERSEE, #—PRIEREEERNERE . SEESBRENRTIR-
23 Z8UE
learning_rate 0.015
batch _size 1 document
epochs 100
hidden_dim 400
GRU layers 1
dropout 0.25
transformer _layers 3
n_head 6
optimizer SGD AdamW
clip_grad 1

®1. BEURE

5.2 SEEEER AT

SEOG —4E BN RS~ , HABILSTM-CRF, BiGRU-CRF, Lattice-LSTM-CRFFIZA S H#2
HERERHRE - FrmaER, fJEIATRHMEAR BN T X =MEMN . LTPTE
T E Y GRECHE J a8 A, 7 SC2E A B & B4 R A% Lattice-LSTM-CRFAX SR 1K
FBILSTM-CRF] & A 7] fiE & A HLattice- LSTMAR T i (1] [7] & 38 5 A B8 5 A% 48 2 F 3
Ko BERT-LSTM-CRFEEH T 5| AZMNR AN REE, 72 F B mac-F1m TAGR HEA, (H
AP Bmic-FUEAM TASCHR A o B AT SR SO $ H BB AL E AN 5| A SR B IR B 15 0

T, SERRE| T AL -

model PER | ORG | LOC | WEP | mic-F1 | mac-F1

LTP 65.81 | 56.02 0 0 61.21 30.46

BiGRU-CRF 93.55 | 86.72 | 66.38 | 41.46 88.94 72.03

BiLSTM-CRF 92.70 | 81.86 | 57.97 | 52.54 88.50 71.27

Lattice-LSTM-CRF | 84.57 | 77.76 | 66.67 | 50.98 81.56 70.00

BERT-LSTM-CRF | 97.87 | 95.47 | 84.37 | 80.51 95.74 89.56

Our-model 97.81 | 95.58 | 82.41 | 82.28 | 95.89 89.52

* 8. BRSRLTR

A AR AR R, BB TOOVEE AR BIR FI AU R BIK T 558 — - Lattice-LSTMAE
SEES — HR AR AIOOVAT BE 11 4 TBILSTM-CREFIBIGRU-CRF - BERT-LSTM-CRF# #mac-
Recalli® T A IR A (BT HAY LR B R B A SEAR S HAEL K, ifimic-Recallizt
RT AR A .
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model PER | ORG | LOC | WEP | mic-Recall | mac-Recall
BiGRU-CRF 30.6 9.63 5.20 11.02 17.40 14.11
BiLSTM-CRF 32.84 | 16.67 | 6.00 11.81 19.87 16.83
Lattice-LSTM-CRF | 33.63 | 5.32 | 30.95 | 29.25 30.95 24.79
BERT-LSTM-CRF | 38.06 | 50.00 | 39.22 | 36.22 37.74 40.88
Our-model 57.33 | 10.00 | 22.08 | 53.24 49.60 35.66

# 9. OOVEARIRFIRR

LR =4 RANE6AME TR, document AnF R — MREHE S AT o Gl B A AT LR
2|, MERERERNEA, BARARCR RIS TREES, FERERIE 2088
FIERNEERER,

Rk 2| hf - RN REREREREL N, BEEE

Hrikf TR S BRI T a4 SE AU F o R R -

FEE, LR Z RERARBN
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e

87.5
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T
20

T
30

chapter

U
40
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S RMFIOR, ARBIREIEEEGRANEERFER, F—RHEREFEFEEH
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R A g

AR BRI KR, RENEEZ AR TR, BAF 2R HMAREERER

PAE5>

95.75

95.50

95.25

95.00

94.75

94.25

/ —a— mic-F1

T T
10 20

T U
30 40

chapter

K 7. AR EREmic-F1{E

RERERBLEREERBRFIFLERS T3%LLL -

model PER | ORG | LOC | mic-F1 | mac-F1
LTP 94.73 | 42.00 | 72.87 75.64 69.87
Our-model w/o doc | 82.38 | 87.94 | 83.76 83.66 84.69
Our-model 86.89 | 93.00 | 85.84 | 86.99 88.58

*10. AR HIREIESESLRETR
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..... x F N OB B E B B R — &£ — #

Kl 9. BhR T
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AT LURBCAA A B2, iR I EZ A B AR A ML « Jy T IRECE RS
R 2%, SRR DIAENEREA Bt — e RIEmE, LURGSSARmIHIIRR - A—
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