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Abstract

Digital humanities aims to use modern computer network technology to help traditional humanities research. Classical
Chinese historical books are the important basis for historical research and learning, but since their writing language
is classical Chinese, it is quite different from the vernacular Chinese in grammar and meaning, so it is not easy to read
and understand. In view of the above problems, the solution to extract entities and relations in historical books based

on pre-trained models was proposed to obtain the rich information contained in historical texts effectively. The model
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usedmulti-level pre-training tasks instead of BERT's original pre-training tasks to fully capture semantic information. And
the model added some structures such as convolutional layers and sentence-level aggregations on the basis of the BERT
model to optimize the generated word representation further. Then, in view of the scarcity of classical Chinese annotation
data, a crowdsourcing system for the task of labeling historical classics was constructed, high-quality, large-scale entity and
relation data was obtained and the classical Chinese knowledge extraction dataset was constructed. So it helped to evaluate

the performance of the model and fine-tune the model. Experiments on the dataset constructed in this paper and on the

GulianNER dataset demonstrated the effectiveness of the model proposed in this paper.
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18, WHZ TAEE R PAF 2 i rewardit 5
73 =0 (5) FrR:

m n
reward:mx[1+——ctj><—xp (5)

n a,

3.2 MIRMEEIRSE AR

HT AR A RIE R G SR T AR
FEER, ET—MNHNERFIRE(ESS A H
N7 50 6 240 150 1R S SC R il B A
£ o AR N E RAE 55 08 4 SO A S
FRAESCAF B o SCAR S 5 BRSO AT
KPR, HerE 62 sLfk: A% (RER) | #&4

(LOC) , BUi4 (POS) . 414 (ORG) |
PS5 o FEPRZE S, R A BIOFR
VEPN SCARBEATRRIEE, X BRI SR T
I SCARNE Y “B=" ARES, X AREN LR
(BB SO T “1=" bR%E, XFEESE
PRSI T “O7 RS NER(E S5 £
g E B I#EL,

RE(ES HIRENFIHEE RS,
HAFHFTIR R HAZ[-MEH W -
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F&1 NER ESEHUBENRITER

SRS Y255/ e Ve WA /A4~ SEAS
N# 9 467 1267 701 11 435
44 2 962 391 167 3520
R4 1750 242 139 2131
HHH 1698 266 100 2 064
HoAthy 110 18 9 137
R 2 REEFBHEENRITER

e =il YL/ TG4 /4~ bulbae Va0 SE
NE- N4 1139 324 130 1593
PNEE 462 129 53 644
AN#Z -4 1093 319 162 1574
N#-HL % 231 60 38 329
HoAh 157 40 28 225

W FH . AN -AF (PER-PER) | AFH—
#4 (PER-LOC) . AFH-4Z4%4 (PER-
ORG) . A# -4 (PER-POS) FiHh
F-HiF . BT R EIRE, A ST LA B
— /A FRIOE R SO AR 2 R 43 254K
Ptk , ZEARSET, /) TSR R R
FIX NG, SRR BF— A F R H T8 1 5%
Fo WANETT A4 g — AU FNERT 55
HARSR T IR ICBR SR, % B R SR R FE
FH SCAR SRR AR 28 SO A B, ARG I, AR
BRSNS RS AR 2, T2 bR AR
AR RN EREE R IAR 25

4 ZTRRERDR

4.1 BHEIGE RIFHNER

HEGE B B, Bt & A/ (batch
size) . 2> (learning rate) FHII|ZR464T
(epoch) 4, HABSEHIH EBER T A2k

W BT A S 50 ] SEIe a5 5261,
RS LAY I B3RS B I 2 S e 2 2L
{HUNT: batch sizel32; learning rateH¥
5x107°, 3x107°, 2x107°; epochlfit3~10,
IR SRS v P UEAE R 7 B s A P
AERITEMTEIR, B4 6 F R TRME
A ]38 an AR g i 7 1k 4 B B
BT RE, T LA R PR B S A EOR
FRyESCAH SR TR 22, DAtE— 29
AR BN, FEARNRGHIRECHRIER
SCARFNE 22 B B BT 0, B 2 s
RBIEAT SCF SUESS ERUS e,

4.2 BiRE

ARSCRRT SR A A &R G HR R B 5L
PEA I E LR A (N BPELEE3.279)
WRATCCL2020 “THHEAR” T #5 SC ik
i 44 SR B I K B = I T A
GulianNER#FHRLE , B PRS2 L TH 5

(BOOK) fiHAth %4 (OTHER) BE5L
R, ARG S B &3,
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&3 GulianNER HIBENZITER

SEpRZEH IR /A 06 £ /4 W A /A JAEAS
H4 27 445 11 531 5633 44 609
HE 4 91 917 20 972 5552 118 441
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4.3 TRHERE5TES

AR S A B AE P 3 R A T U T
7. BERT-Base, BERT-wwm,
RoBERTa-zh#iZhongkeyuan—-BERT (LA
TEFRZKY-BERT) , i ZA-ZHU1T,

e BERT-Base: A TR GEMFFENE
T-20184F10 H 42 HI T Il 2 A 8L, & NLP
KSR F R AR MR R R,

e BERT-wwm: >R JH 41 i i F: 55,
FINHEIFEE, HEHFEL%SE (token)
R 33 JE R e R R R T I

® RoBERTa_zh: {ff 5 KAy H £
%7, TKbacth size 1T £ I ZR 4R
AR, FEYNZRTT ¥, BT N — R FOAE
55, R T BN AMERTT N TR
A BENLIE

o ZKY-BERT: {5k FE R
REARTA B A &5 S0 SRR T #E— 210
T, Rl KA R 128(E SN 512,
TN, R SLT A2 R AR R DL BR AR
i,

TE6ZESLREL R AL Ry sLie 25 S an 4
FroRe ATCAEE R, fEALERANRL X NERI,
ARSI RE A B T B PR RE R B, AE 3
FOOERE FUI 4RI ZKY-BER TR 3£
BRI N R SO A I BE R T—w w m AR 2 4,
R B O It pl , BTN 2 [A] ) P RE SR I 2
BEEE A

H T H 4 29 R0 45 42 9 28 S (B A
D AT HE— R B P RE, AR
SR T2 B I T SIS S R A A A 3 AT S
5o, 2R Es N, LA ERE], Tk

PR 2 Y el A, T S5 A T 2A S B T AR
55 G ) 1 BB, ELBE TR () ) BB 22 B
45/,

FEGulianNERZ 4L by sege 45 58
BE6RT 7N, T iz 80 s 4 A & g S k2
TR H AR AR A K, R M RE A 4
PP RE LB, T DAL LR, AN ST AR
MR BB PSR, 7E3CF S EYIZRE
ZKY-BERTHHRIR ., 157 > (A RE 25 i
i/

XFREMESS, ARSCKIELARS AP
fE55: REASEMFHIFRIC. LR, 5
LR RARIAE S R 2T 55 LT LR 21147.61%
AR, T T o0 R 2 HAR
RAEL, AEFFIAREAT 55 A A R B
UGS UF AT RE B

5 &FiE

N FT I A RSB g S vy o
SEACRI R R B R A B, B 7348 58 A SO
8, I AR R T A AL S 4 BRI B,
AR AT BER TR LTI 2R L 55
AU IR S5 A S HEAT AL I 7T ¥ BT S0
SCHUR T 55 45 s i 2 A0 24T
55, FHIIE PR R )19 2R 6 a5 it
— P TR . [, A T— T T
Ve LAl FE I A CARE R GS, DAL
FE SO SRR 5 R AR, AT i —
ANSCF SC BT B AR TR A, A Y
A BE HEAT PEAL A A0 o SL36 IR T 7R 3L
Jre tH RS AR 45 T o S 2 A R AR AR B S
HOCESS Ik RE EAT TR
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