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Abstract

Named entity recognition is one of the basic tasks of natural language processing. At present, the
research on Chinese named entities recognition is mostly for modern Chinese, and the research on
it for ancient Chinese is less involved. So in this paper, taking the War State Policy as an example
and according to the characteristics of ancient Chinese text, we use the Lattice Long and Short-Term
memory (Lattice LSTM) neural network to construct a named entity recognition model to solve the
problem of information extraction of ancient Chinese. Experiment result shows that Lattice LSTM
can learn to automatically find all the dictionary-matched words from the context to achieve bet-
ter named entity recognition performance. The F1 value reaches 92.16%.
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P AR AZ (Lattice LSTM)FHZE Y 245 44722 iy 44 SEAA TR B AY DL H il DU o 1045 B 3R U A
KIS RRY, Lattice LSTMAERS 2 IEIEH B 3R BIFTH SRS ILRAHAIC, DABE B K458
ARBIERE. SEIRSGRFHIFEIXE]92.16%.
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1. 88

A 4 SRR 1] (Named Entity Recognition, NER)& H #A 1% 5 4L ¥ (Natural Language Processing, NLP)
Rt TAEZ —, e LAHER M CSCAR R N4 WL, B, BTREEE, NEEBRR. Ml
BIVE. BEIGTSE T B AME 5 A EAE S IR EIRHMEE B 2k, dr A SEIRMES 2 R T M
W7 BTGt 7 i A TN A G v A 45 & 1 5 [2]

WLAESR, TRIEARE R AE FARTE 5 A HE AU 2 2 B1500E, 5 LR kML, ST REMEm%
TR Rz AR ST XN TRHMERRG D AR s BRI, T BARPOE RSB EM, s e
P T2 T IR A 45 ) iy 42 SRR AR R [3]-[18],  {E AT a7 PUTE AL IX 7 THI AT 78 4 RIRITES 5

BT, AL CGERESED) A, AR DOB R0 715 SRR, A PRS- A A C1Z (Lattice LSTM)
1 8 X 2 ) iy 42 SIS AR TR ABE TR DA oy DU o R S BRI /. 1207 K AR SR ) LSTM 56 50y )
% LSTM, fEFHAIIERE 2 F R MR R SR FE S, ARG o ss R fid ., seiess R
B, Lattice LSTM BEW 224 MBS H 204K B B 5 18 S VT BC (1R, DA BT 16 A 42 SEAR R PE R
FE AT FE R 3 ) B B B L fEIA 3] 92.16%.

2. 1RE

TETESCAEE, 55— AR A N 28 134T i 4 SEAR A ) /2 Hammerton 5 AN, BT LSTM R U717 %1
HAEE /], LSTM-CRF [19]#5 8 s iy 4 SR UM RS A 28 M 2 —, IR 2 07740 & LA LSTM-CRF N1k
MEZE, FEIbZ FRbN &P SRR . A0 LSTM-CRF /E N R B4 454, I BLAE IR — R AN
FREREAT G A (1 5] B4 BT -5 i S DG A ]V D 5 R RN

RN P IR N s =¢),C,,-0,0 0 e, o AREER jANTAT. ASCRR (i, k) RS, R
P VAR K ADTAF . B “BEmES” . RIIN LIPS, BAt(L1)=1(E%), t(2,1)=2(W). A5
12 F BIO Ay SRS 3 AT S0 RAL KL 1) iy 44 SRR RUARR I, 0T Ay 4 ST TR I 2 78 S AR 7 41
2B BN 1 BT .

Table 1. Examples of character sequence and label sequence in ancient Chinese named entity recognition
F 1. EOE R IR B8 F AR 5 5124

Z Sk =2 % N i % N = M PN T
Frid B-PER 0 0 0 0 B-PER 0 0 0 B-POS I-POS
T “O7 REMINBIFT, “B” RIRIFEIRT, “17 ZLAAIMIFLT, “PER” FRA%, “POS” FREH.
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2.1. EFFHERER
FETFH A SRR (O DAFE—PpEla, BIJeiEze o0 F) a8 PR RS B .

CO CJ Co Co
/sz /z§I At h,
—C —C3—C 3 —C 33—
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Figure 1. Character-based model
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Figure 2. Word-character lattice
2. 18] - FFFRAE

------ B-PER +===== |-PER ==========nu=x | -PER ==

I
[t =) ) S
— k=l ) 7 I

X7 x5 Ci3 x5 1
- =1 CJ 1=
X13
ZHTE

Figure 3. Lattice model
[# 3. Lattice 18!

2.2. ETiRER
He T AR WL 4.
2.3. Lattice LSTM #&&!
A SCFIF Lattice LSTM [20] R AbEE 4] 7 i1 17 (lexicon word),  MUTRER AT vE: 5 1l 45 B A i e &
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FUEETFAF Y LSTM-CRF A1, WLIE| 2. FFA8 T > E BRI SR UL E )7, 2170 44 22 T34] 19 Lattice,
S 3o BT LERIRS AR A AR SR B I R B AT AR, DL AE AT Lattice LSTM S5445K A iz i WA T
LRSS R AE SR 11 RITTHTRARBRAERE B SRERMEIEN 7. EIIZRnsE EiIgk
J&, Lattice LSTM Ref6 22 A5 B A SR EA HIHE, AR T 4 Sek iUl kg, WL 5. 5T
FAF AN TR ) i 44 SEARIR B DT EAR B, AR SR I AR RS O 551 TR AR I B0 R A5 S AT 0], T A
R E B R, AT 73R R 2%

------- O =mm==m= B-PER s=====e0 =mm=mm= B-PER ===

[_111 I
CJ C3 CO

o=
A
=
H

L= i

Figure 4. Word-based model
4. FETFiapRa

B || S

Figure 5. Lattice LSTM model
5. Lattice LSTM #& !

24.LSTM B

RNN 7EFR 22 28 500 Frl DUCEAT B KB RPHIME S, (ASEbrS A, 5 5d K2 e
T, HARME S BRI S AE . R, Graves 48 N[21]80HE T B M2 M 4%, 20 KA
12 M 2% (Long Short-Term Memory) LSTM #78! , LSTM H g3 i d N\ 1]« 38 1R Sy H T ok 3 s BAL i
B FREERE) RNN, Rt 22 ST KIARAE, R+ 2. LSTM 4mfidicinl 6 .

AR RN AR (Q)~6)FR:

i, =o(Wh_ +U; +hb) 1)
fo=o(Wh ,+U x +by) )
¢, = tanh (W,h,, +U x +b, ) ©))
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Figure 6. LSTM unit
[ 6. LSTM 4mA3 8T

C = ft OC, +it Oé: 4)
O.(Woht—l—l_uoxt +b0) (5)
h =0, Otanh(c,) (6)

HH, o2& sigmoid BEL, o s x NEZ t A RIE, h ZRECRE, BEFEEEE, S8
It Z A A RS R, o & NEHTT, #HlEERN T MZ; R ANm], #HlEEER;
TR R[] R BEECIR S )
3. X RER ST
3.1. SCIEHUE

H T H A0 BOE a2 SR IR B = AT AR RS SE, RIEAR SN T T — /Ny DOTE Ay 44 SRR
MEHEE. ZEHEECTIGE. HRE. MHRE, NHEELEE 43995 KNFE, FREMS 5.843 K
AN, MRAEAE 5.849 K NMF . ZRIMRGHHINE 2 s,

Table 2. Statistics of entity number

® 2. G

e S R NS b4 K ANEE6 s
L 43,995 1,255 2,671 101
R4 5,843 125 285 37
HIEES 5,849 144 315 26

3.2. FREREE ST IEHR

A 44 SEAR U I bR SRS BIO 123X, BIOE #ix(, BIOES #ixll. ASCRHMIE BIO bRk, H
i B RoRNSZARTFUR, | BoRSARIETFIEIE /0. O FRon A& SEARI RSy o E TR S A2 T 1) B i 75 2 ) s}
TR SRS A, BT AR T A AR 25— 3L 7 4, 235052 O, B-PER, I-PER, B-LOC, I-LOC, B-POS, I-POS.
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RN R, A AN SEAR I8 SO SEAR (R SR 58 4 IR R I, 4 4 Wi 22 S A Tl 1R
4 SRR PN PR AR B R (P). B RIRR)F FLE. B anas(7): T, AR ER)
R SARAN KL, Fp BRI 3 1) AN AE SG SEARAN B, F A QSR SR AR A e i 38 1) 4
TP
T +F

P= x100%

T
R=—"—x100% (7)
T +F,

_ 2xPxR
P+R

F1 x100%

33 XWHRSBESRE

AT FISEEC A S Python3.6, VRS 22 STHESL A Pytorchl.4.0 #4128 WX 458 2 ) HUAR 2 52 M 125 Y
MR . AR M SHOR E I 3 s

Table 3. Neural network hyperparameter values

I 3. MEMKESIE

ZH B ZH HUfE

T [ R 50 ] [ B 50
Lattice [ & 4 f£ 50 Lattice %7+ 0.5
% %7 % (Dropout) 0.5 2212 (Ir) 0.05
LSTM 2 1 F LSTM [agst)= 4t 2 200

34. EWMFITELER

N T BAE A T A BT AR R G o DO A 4 SEAR R B EE R N Hh A R SRS
WRIVERE, AT BIR ] =R AR S 7 = AN seih . Hoh 3 Eeag O, Lattice LSTM, X EL
SEIGHEALN BILSTM-CRF F1 BiLSTM-CNN-CRF. SEIG PN F b5 B HERT R (P). A BIRR)ALZE &8s
FL{EH. SARAISCEGEE R K 4.

Table 4. Experiment results of each model (%)

4. FRBRTWER(%)

B HiZTES FEJEE F1H
BiLSTM-CRF 88.30 87.70 87.92
BiLSTM-CNN-CRF 89.50 89.10 89.25
Lattice LSTM 92.42 91.90 92.16

SEIGAE R Lattice LSTM #EALEAT RRTH SRR B TEfE . SRR BE I ZR50 80 F1 ARk an 4]
7 BN o
3.5 SC{FIH RIS

DLASHIF 500 2 F B 4 v 1 — AN ) 7 9400 JE 7 Lattice LSTM A [ SEAR IR B RCR . ELARSEF i 5
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Figure 7. F1 values
7.FL{ETLE

Table 5. Examples of ancient Chinese entity recognition
= 5. EINESEMIRAISEH

GIEE WL 5 AN I AR £
TER 13- W ARG A N AR T
H &y 418] W ARG A AR T
Lattice 431 T LA B 72 i AN S S B AN B AN
BiLSTM-CRF HATEA R per NI AT E pos

BiLSTM-CNN-CRF AT B per AR ATEFEE pos
W CASE oer 1 per Ba pery  ANEIAE T E pos

T BARORIRBIAN IR LA, AR R IR B Sk

Lattice LSTM

4, GERIE

BT T DU i 44 SRR P T W 0 1 A, A SR T — A [RS8 745 B AR (5

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50

S HEAT LA

RIS SRR AZAR AR AR SE ) LSTM FLICHGHE IR LSTM, 27 AP R R (K 3Ltk 2 S 0] 3R] AT s
FPA 2, MITTE S 1 70 B R AR ) 1 L R B KA IICAZ D RE ) LSTM AL N BGRR)Z 7T LA
DRk PO SCAS rh 70 SEAR 5 R I D 19 s 5 ) (8 P CRIF AR bR B R 22 DA R SCAS Fr 1 B A8 A g ] e
FE A DR a4 SR B B 4 BT SR, SCIRZE RUIEW] 1 Lattice LSTM RLRY (A7 25t

A Je s ARSCHIIE T AR B A S A SRS 5 TN R A, it — b 3R A R R AR P e . A
Bb, 3B ROZER DB SCASHEAT IR R B A BT I W, DMEIRAS S 2 A E R RTR

E&UH

[ 5% H AR Bl 5 45 (61662061, 61063033). [FH 5% 1 i & 1%(2017YFB1402200). 4 BH /71 H
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