HEHEFAXHN (MESB) TNGFERNERE AR

FRR X5, KFEF XUTIE, $BRXC RS, RS

(1 RN RS BT, YLO%, Bat, 210095; 2 F§ai R4 s B MR, VL7, Fat, 210023;
3 MR T RS THEFRAERE, VLO5, Bal, 210094; 4 F i IMye K22 0 2:be, et 210097)

FE: Bep NSO 90 75 B USE o) A i M e oy S SRS 5 A0 38 T B S HE . FOINEARE 5 B
B CL A AE JEE AIARDUE SR BRI R T SCRYZHR RS B2, B ATk =75 L 111 A 7 30 H 3)
AbFRA ) T SR . AT F R m i & (UEST) 230ERMERIIZGE, BT
BERT VR JE1E 5 BIAUHESE, M 1 1 ) oy SO Re b BT 45 1) SikuBERT A1 SikuRoBERTa i1l
GRS AL, AT T CAeAR) TR SCE B WAl s RIYERR R iy 44 SE
RGN 4 AN TRHATS, 23 0 FRAT T4 B T ZRAsi A R0 Hodth = T X EL 94 RS (BERT.
RoBERTa. GuwenBERT) #EATHM, IR fkge. £t siLs, SikuBERT Al SikuRoBERTa
FERAE AT 4 AN N UEAE 55 Hh R 2 A 320 e LA TR RS 28, SR B FRATTHR H RS 28 LA ek 1)
WAL AJEEL B S RE AT ALRE ST, FE TR SikuROBERTa Tl 454,
BATE— PRI T “SIKU-BERT HLEER REATE -5, FEER4E T 58 5 ah b2, SRR 2
BLEE 5 BB = MTELR RS « 1Z%°F & AT LABHBISCHR2E . W DUE S ) SR RN
H B2 SR MBS =R, PARIZml A i 77 200 L 58 SR BT mReR . 24
FE WRIERS AR A EE 5 o 424

REEE: BE N (WUEETY; TIZERL; PREESES]

Construction and Application of Pre-training Model of “Siku

Quanshu” Oriented to Digital Humanities

Dongbo Wang!, Chang Liu?', Zihe Zhu', Jiang Feng', Haotian Hu?, SiShen?® , BinLi*
(1 College of Information Management, Nanjing Agricultural University, Nanjing 210095,
China ;2 School of Information Management, Nanjing University, Nanjing 210023,
China;3School of Economics & Management, Nanjing University of Science and
Technology ,Nanjing 210094;4 College of Literature, Nanjing Normal University, Nanjing
210097, China)
Abstract: Digital humanities research needs the support of large-scale corpus and
high-performance ancient Chinese natural language processing tools. The pre-training language
model has greatly improved the accuracy of text mining in English and modern Chinese texts. At

CAXRERAARNFESH B ETHRES | SNEERNELTERNENERAGTENR (MEERS:
71673143) MWK E T —.

fEE®EN: THRK, B, 1981 F4, B+, ¥R BLLESH, HRFEIERESLESXAEBE. #FAXT
M MR, ERITE, BfSMFH: dbwang@njauedu.cn;Xitg, 5, 1998 F£4, MEMER4E, HRVEHER
BELAESXAREZE, KFH, B, 1996 F4, MLHRE, ARV ABRBESAESXAEZE, XTI, 3,
1998 4, MEARLE, ARVABABRBESHESIARE, HREX, B, 1997 F4, BLHRE, HRAEA
BRIESHESXAEZE, LR %, 1983F4, EHE, BLESH, HARTEANBEI. FERER, =],
1981 4, BIHIR, T4, HRVWEITEES S, #HEMIRZE.



mailto:db.wang@njau.edu.cn

present, there is an urgent need for a pre-training model specifically for the automatic processing
of ancient texts. We used the verified high-quality “Siku Quanshu” full-text corpus as the training
set, based on the BERT deep language model architecture, we constructed the SikuBERT and
SikuRoOBERTa pre-training language models for intelligent processing tasks of ancient Chinese.
We designed four downstream tasks: automatic word segmentation, segmentation punctuation,
part-of-speech tagging, and named entity recognition for the ZuoZhuan corpus. We performed
fine-tuning to verify the performance of the pre-training model we proposed and the other three
models for comparison (BERT, RoBERTa, GuwenBERT). After experiments, the performance of
SikuBERT and SikuRoBERTa models in all four downstream tasks surpassed other pre-training
models, indicating that our proposed model has strong ancient Chinese lexical, syntactic, context
learning capabilities and strong generalization capabilities. Based on the best-performing
SikuROBERTa pre-training model, we have further constructed the “SIKU-BERT Classics
Intelligent Processing Platform” and provided three online services: automatic processing of
classics, retrieval of classics, and automatic translation of classics. The platform can assist
scholars in philology, ancient Chinese literature, history and other fields to perform efficient,
multi-dimensional, in-depth, and detailed analysis of classic texts in a simple and visual manner
without a professional background in data mining and deep learning.

Keywords: Digital Humanities; “Siku Quanshu”; pre-training model; deep learning

1 35|58

FENSAE B2 RIBE T, BU5 NSO T3 VAR A R g i () — M F 7t
Il e FEBEANKF NSCHETE 24, 3 TR NSO . BETOIRDL. BT FEH L 4R
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HARTE & A EARCSCAR KW 7 A4S R FhRiE . Bhads. WARERGSBH R
BAT S o IR ST S5 A3 TR B AR ARV E I SR, DALLTR B 2% ST 78 4324 5
W AESE SURFIE, A1 SR AR RS & . s e B e | B Ry
3, AJLEE SR K EARARCTER BT IZ:, 6 B RE 5 RS IE AT i
HRAE, BEAAEESRRMOTIZAES (Pre-trained Model, PLM). 7
AT RIS, BEEE TG RUE YIRS, A AR EL 4% T 5 )
ZAGEE 1 5 RSO R, HAN T B D B AL B E AT RO, BRI AR
WE G A I [ I 2 $E T NLP AR 55 M Rg .

FHILL Word2VecBl, GloVe & A RR TR ZR B B il i NBR, ]
TERAE AR AERA 2 10 20 A7 X ) o X iR N 7 USR5 R T 1] S5 1AV (A L 5%



R, (TR R)E [ RO Z R SO RS ) B, 3R] SO 2 PR TR SR AR B
M4k, P TEVE A — i 2 LR . 13 ELMoPYE RIS H DU, BT F 3
TE S B A RN TR SRS R AR o 1 A 1] i) o 1) IR 1) D), SEBRL 17 5% 3]
X B BEEMNBREGIRER.

TN SRR A AR AR R, EEA DA =K. 2Ll GPTE
FARER B BEBEA . T A5 FON RS S A, B A ST 5 R IR
5, HETIEFRM %] LR EE. 8 222l BERT (Bidirectional Encoder
Representation from Transformers) UUA{RER ) H gafid il . @ MR IS & A8 51
LT AT 1A B E R SRE,  H AR S ol SRAn o B BEAS UG BC 4 17) 8
=R DL XLNetBOMRER IHEFIE S AL MRBAIRL & T IR P 2B 4R
e, IR T B B REHLHE (45 2R ] 3 S AR A ) B ) SCAR R R I [F] B Ik
PRUE T PR B — B

DL 2 YarBco ER il 288 . ELMo (Embedding from Language
Models) BV AR E I 755 J2 XU m) LSTM 4128 /0 28 76 R HAAE R EE _E T2k, 22 213A
ICEARFRES FARNESIEXE R, FHE NS ahA 5 2 SRR R
7N, MR E 22 SORAERT € bR SO 2 o B el S Pt R fa AN 7 [ 40
SEN SRR TR A, RRAERRA BE I ES5 . GPT (Generative Pre-Training)
BT A4k ELMo #1AL Hr ) LSTM 42 4 5 4 5 AIF $2 B A% 7 58 5 (1) 52 7]
Transformer®, M4 B8 K 2 85 1B 5345 B o A H T 0UE A S0 fE B T 4 i
WL, U IES THLESEIRE. B3 AT A sl 55 . A8 H e 2 olodt Y
GPT2.0M 5 GPT3.0MUE AL, KA T B K[ Transformer 45i#4, T MBI K,
JREE . BAE ) WebText. Common Crawl 255045 Il 25 1 5 inid H
YAGRE DT TR IS F LAY, FE LT R A 50 4 TG0 MR B I AT DA AR AR TR UAT
% . BERT HLAY [ HH IR K SN T IR 8L 1) A R 2, AR T — R A Stk i
TN RL, WA TR ZR45 & N A S5 e B o 1 =4 A P 2R 2 B 320
X [1]. BERT J&—f3ET Transformer 221 E W BHA E XA E & R BiAl,
BB AL S AL A AT AR )5 S A s B AT IO, AT SEELR Z XA
VAR IN. A, BERT it N —A)WAESS 2= S il Ja AN A) =& 1o RIES R
R, NI LF I SEI E 2 18] 250 5 28G5 HERE

HH T BERT A2 rf MLM ST BN = R BEAT 38 W, X1 [A] % R
SCAA] X2 S FRAS AT, TR — S TR 2R AR R G L R 4T T gk . ERNIE

(Baidu, Enhanced Representation through Knowledge Integration ) SI7E J5 45 %} B4
FRF DU B )RR 380 1 S AR J2 T 388 RN 6 1 25 ThIJEE R, AT ASE TR 25
LAY 22 5 B SE B A0 ST R R A R R . xR AR M R T RIS S A

(Dialogue Language Model, DLM) {55, J&T 5 B2 HE R0 5 £50ds 27 =) Z2 8 %)
TE RS U R o BERT-wwmMIB R H 1 5838 & o SCSCAR I A 1A i . A
[5]-T ERNIE (Baidu) A SEARFEIE, MR EE— Dl o 1l i 26 1k, RN
e A el I <10 Y o7 47 (A B D N9 S S o o 15 1:4 N
A5 TR £ 458 30 2 ) 31 7 o SCEE 1] U S . SpanBERTMI >R A Span
Masking 777%, MJUEI AR H RAE Span KRS, FFBENLE R IER VI &,
LA AR A Span 13 43 Al Span A4 B A5 L TN Bl 8 fi ] VL o S8 IE IH
2T IER BT SEAR A 5 31T . RoBERTa (a Robustly Optimized BERT
Pretraining Approach) eURE R ] F A ME i (static mask) 5 i il 30 45 18

(dynamic mask), TE&FEIAN R0 F3EAT — R BEALE R, e 1 I1Zk



B A A AN, BB AE WU SRk AR M 2 NSP AR S5, A
FULL-SENTENCES 754 (0 N F6 € KBS A) 1, B3E— Bk TR R )
TR R 7 TH A F B . StructBERTIMAE Y | 49 jin 7 48] Y 45 #4 1 ( Word
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F) -G T, W IR 15 N IE S A) T ) ooar 2R o A e s — M) S
YT AL E R R I =T FAESS, U & S RN 1 Z T S R R
H5EF 4.

HB o T SR % BERT S BYZE M 14T T80 9 7 ik SR AL SR AR
I5R1E R AE, ERNIE (THU, Enhanced Language Representation with Informative
Entities) D8RI K1 IR b (1) iy 44 SRR N 2636 A1 51N BERT FI TN ZRidk
P o 1ZAEH 53 5K A T-Encoder F1 K-Encoder X 32 ASFI SR AR HE4T S i 5 45 4F
A, FRAEBNGRE RE 9N NSRS 5455, 35 B 38 3 R SEAR iR E N 3L
ARZRIRH e T U BERT ZUBE 1 4 M i) Y (B AH G PRI — ) |, XLNet 2 1
XL E = IR, SR AR A AR, 8 R =0 8 21 B T e B HE
H177 3K, AR AR T 2 ) BIPIA BT A WS S, AE1S R ) B BB A
2% VIR 2 5] BN SCRAERIRE /T SINE AR Transformer-XL H () B il
IHLHIAIAR S A7 B i, SEIL IO OC R 5 > o BT BT ZRad 72 IF A
2R N NIE RN T, BRI XLNet AAEAE TIN5 300 19 T BeAS DL BC 5945 L o
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i A s A TR I B AR I, B S R S ) 8 20 H AR Bl AR BRI 2 5 5 R
aEF RN AH R, e AT TR 5 10 5 ) 28 T e R IlefE 55 . ELECTRA ik 1
TNZRTSS 5 T AT 5 S [IMASKIASTCEC (1) 1) 8, (RS TH B0 1) [R) i B A B
EFH . DeBERTa (Decoding-enhanced BERT with disentangled attention) 2%
B, S A AR i UL, AETH BRI AR R U AUELIS SR FH AR A o [ I =5 R
V() B P AR A B S, BN IRV AR ¢ R o T I s AR A 2
RATRCAE ) TR A BAS B, AT RN AR IE. 1A, $& Rt
YIZREE: SiFT(Scale-invariant-Fine-Tuning) T 42 FH 0 T W7 AT 55 I B2 132 4k
BEJ1. SEVELEA LA SEMTNZAERAE L, ALBERTHIELRLE T ik NS4
FERE R VL S5 E S HUL 0 7 AR k40 7 2882, 7% BERT 11 NSP
% ¥y SOP (Sentence-Order Prediction) {155, FT 2% S AHANA) 18] 5P 51
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TERORIY B3I N A) 432 SCARFLURE . B SCAR S 2R e e HE P & 2 MT 5%
K& 2], D RBER EARSS R G, HFEEH TSRS dE T
WSS . MR K, FETRE 2RSSR, AR 2020 4k T TlZk
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EEHM 7 MAESS, AW FHE S RAERE 1. T5 (Text-To-Text Transfer
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L E BEAT B8 22 1 ol SRR, ) iy SO g SR L SO R SR . R VIR0 T
SeER B, DN CRafe) By NSCHE A B B2 20 NS ot o 1] PR AR 25 (7 R
&, FrRAAl DUESAE D9 SCRPE RS I 2R 80 BEAT A

2) HICEMESS. (LiAR) By NSCHEE e AR D B AT IR AR
AR 2 1A PEARRE AIB Ve e, AR 1 by SCRY o i) a0 W B R
FEVPEPMERAE 174, AR AT U T SRR 55
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BTl SRR . SRR E N . A SEBEE T E, B, BT TER
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3.3. 2 WIFtR AT 47

B uF ke e FH I PN A 8 ank 3 Frs . J9EeiE SikuBERT 1 SikuRoBERTa
()M RE . S2 o6 1k 3t £8 B A 5 BERT-base-chinese T il 45 A% %4 @ 0
chinese-roBERTa-wwm-ext TiIIZr A1, [FHFIE 5] N GuwenBERT FiliIl 2R 7Y 3k
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B ERATING, KA Bk m i aad B A BE 5 T UIZRY, BIRLAE & e
RS BA RIFHIRM . thah, NEIurss R BA —8k, 720 HE % R
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BERT-base-chinese
GuwenBERT-base
SikuBERT
chinese-roBERTa-wwm-ext
SikuRoBERTa
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3. 3. 3 1= AVIGIF M BEFE R

g A [ N AT PR RE VRN I e bk &, AT H X BERT. RoBERTa.
GuwenBERT. SikuBERT #i1 SikuRoBERTa Fiill i & {di ] LL T 3 Mg kAT &,
BI#ERAZE P (Precision). ZF# R (Recall). F{H (F-measure), &3abrEiAkit
BN,

@%%Pzﬁ%th%ﬁﬁB

BE%sz%th%®ﬁ4

@ https://huggingface.co/bert-base-chinese
@ https://huggingface.co/hfl/chinese-roberta-wwm-ext
®https://github.com/Ethan-yt/guwenbert
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3.3. 4 BT FNGEE R SRR 7
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il R (P) AEZE (R) WHFME (F)
BERT-base-chinese 86.99% 88.15% 87.56%
GuwenBERT-base 46.11% 57.04% 50.86%

RoBERTa 80.90% 84.77% 82.79%
SikuBERT 88.62% 89.08% 88.84%
SikuRoBERTa 88.48% 89.03% 88.88%

R 4 NBRIR PR BT YA, I e E S AT W] DU B SE I8 A AT
SikuBERT #11 SikuRoBERTa 1 RER I fe ., 701 MHERA 2R . A [BI R AR A1y
1B 3555 B 2 B BERT. RoBERTa Al GuwenBERT £5 B & i3k . 15 i Rf 22
112, SikuBERT Tl BB R R & fE, 4078 88.62%F1 89.08%; il
SikuROBERTa 33 T S {F A F-¥IME, A 88.88%. Fra M+ GuwenBERT
TG o ia R 2, FEE. BREAMEMTE S 58 46.11%.
57.04%. 50.86%. VAUHFIFIMENIEEAE, 701 L5+ LG BERT FLALRIL
T RoBERTa #%Y, iR R L E ! 5%, SikuBERT Fiilll A A 25 B e fl

3.3.5 BT FGRA MR AR B
&5 HEAEAMIRAIERIERFE

BR R (P HEFE (R) WAEISE (F)
BERT-base-chinese 89.51% 90.10% 89.73%
GuwenBERT-base 73.31% 77.49% 74.82%

RoBERTa 86.70% 88.45% 87.50%
SikuBERT 89.89% 90.41% 90.10%
SikuRoBERTa 89.74% 90.49% 90.06%

BT PN R B 1] VAR SEIR BT B SRk B (Zaqg ), DA Py 350 A
FHEHERRZ P (Precision). Z % R (Recall) 1 F {4 (F-measure) = 3EHr1E
NI RPN e MSEIRES R a] DUE H, B (ZEA%) B0 17 S0
PEFRIE SLe 45 AR IALE, (H SikuBERT F SikuRoBERTa 152 (i F1-F- 518
I & T H A =AR RS, —# 0 F A T 90%, SikuBERT iR AR
FEAF T 90.10%. Hrh GuwenBERT # A iR BB R e 2, WAIFIE RE
74.82%, K IERA BERT 7Y, szog ok Bk L0, R4k BERT BB RCR AL T
RoBERTa %4, HIET (VUFEAT) HIRE USSR SikuBERT AR FIFF
T SikuROBERTa B2y, X — e 28 A5 3 — 2 7 A FH4R Y .
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BERT-base-chinese 78.77% 78.63 % 78.70%

GuwenBERT-base 46.35% 20.71% 28.32%
RoBERTa 66.71% 66.38% 66.54%
SikuBERT 87.38% 87.68% 87.53%

SikuRoBERTa 86.81% 87.02% 86.91%

NEHIE SIkUBERT F1 SikuRoBERTa il I 20455 2 %6} T vty SC I A (1R ) 50 R,
BAE (O IREAL) (BERAFAE) M (ERBRAEY =AW BRI E T
HEAT W AR B2 0, S2Ib 45 5 R SIkuBERT M1 SikuRoBERTa 7 &k 5 344 1
1] 85%, SIKUBERT M F (A& =ik 3 1 87.53%, [FIATiX tH /& % 4 X} b s st b
B AP SEG 45 B . GuwenBERT 7Y (135 51 1 AP S48 78 &5 41 SE 06 rh R Bl i 22,
E 28.32%, AT HAt R AR ()RR R . ZE A1) BERT A1 T J54f BERT
BRI 2543 2] ) RoBERTa RN RUR — M, FHRAIFE 23 R H 78.70%F1
66.54%, K THATEH EFINGRIHET, HE ST GuwenBERT K45

3. 3. 7 BT AR B STARIR A S5 RECA 7 4
R 7 BBELERRIEREEFE

T SRAR SEARSRA FEm%E (P) AE#E (R) WARESME (F)
nr(\4) 86.66% 87.35% 87.00%
] ns(H44) 83.99% 87.00% 85.47%
BERT-base-chinese )
t(I} 1E]) 96.96% 95.15% 96.05%
avg/prf 86.99% 88.15% 87.56%
nr(A\44) 39.91% 54.10% 45.93%
ns(h44) 42.36% 50.40% 46.03%
GuwenBERT-base )
t(F[ap) 85.71% 89.55% 87.59%
avg/prf 46.11% 57.04% 50.86%
nr(\4) 79.88% 83.69% 81.74%
ns(H44) 78.86% 84.08% 81.39%
RoBERTa ‘
t(I 1E]) 91.45% 91.79% 91.62%
avg/prf 80.90% 84.77% 82.79%
nr(A\44) 88.65% 88.23% 88.44%
ns(h44) 85.48% 88.20% 86.81%
SikuBERT )
LERRLE)) 97.34% 95.52% 96.42%
avg/prf 88.62% 89.08% 88.84%
nr(A\4) 87.74% 88.23% 87.98%
) ns(H44) 86.55% 88.73% 87.62%
SikuRoBERTa )
t(IF 1E]) 97.35% 95.90% 96.62%
avg/prf 88.48% 89.30% 88.88%
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Tl S AR YR ) 250 R 8 vy T A = R, G R X T B [ SEAA R R ) SR G
SikuBERT #11 SikuRoBERTa #5284 iR 51 45 S iy i A1 ~FI(E L T 96%. 1
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TR R L, H R G AR T E A P R . AT &SR A
— ARSI & EHRAEES L, BATER T Python &5 N EENIFEE
5o BREIMSEMRE SR, RATITEEMEIHESL N Django HEZE. ZHELE
FE R Python JT & B — AN S 28 TFIE A Web HEZE, JUFAL4 T Web B &S5
. E2ZRMTFATIEREFME L, FBREIFHIRIRIRATER SQLite Hi
AT %, SQLite 5 HMAAAETIRAER D BIGIEARM S ATIG F, FRATER
FHE HTML. CSS. JS {E ARSI 2 T .

4.2.2 REGIRERIT

N TR SIKU-BERT #4278 70 KIS, 25 8 2T R DA i R 3R AL
o SCWrA] S 3 EVERRIE AT SRR AR BEEE R, AL SO R A R L
W A ENERTE N AEBRSESCRE R . RATH SIKU-BERT SR AR AL &
TEAAMFE A dLFEA R ATILEE 5 SR =K TR

4.2.3 RGMNARKR

SIKU-BERT A8 REALTLT- & 605 T 0 i M B REAC TS I . MR R
FHIAN AR B B FIE DA S . ERIEE — H TN SRR, BT =K
O IHREFIT- S WA, ThEe . B ReALBE . ARk 2 A LR B BT

1D MEER

WEFTR, $T7F SIKU-BERT S48 R BT & Wk, T LLIsE SR T
TEMEAGEEMETAZ, 298 “Siku-BERT”. “ HLFER REALH 7, « #EEK
R CHEEAZIRIIE A CCPERIN T, KRR 7 T L4

Siku-BERT  MUSFEGELE HEER AESDEE FaEh

SIKU-BERT

SHIAZIND, TEfRRIChET
W5, ER-T=FRk. HE.

FIND OUT MORE

[#] 3 SIKU-BERT HFEE REAL IR Mt B T
DL “ SLERRIREAREE ” S, ANTUH £ B ST A GE A EE D RE B HE L EE Y 5 B))
Wre) . 2] PR A SRR . B A IR AT s B TR A 4H,
i i “FIND OUT MORE” # A\ IhRE L1



BIFEESERIE

4 SIKU-BERT HFEFRELIEFEETT “HIETRELE" MEEN AR
X 3t D JER S 0 AP 65 [ = I REREAT I A1, ML S

SIKU-BERTEESZN

SIKU-BERTESHIIEEESFARRS, —afoREEMRELE, Tmx
BERETR. S, AMHEE. TISRESEE. RELRETHIN
SIKU-BERTSEREAY, SHM—/\FAREETSTHUSTHBNEINGE, AILIEER
&X, TlE-E, &-aEhEmEe.

BlEERIE HERSE
A ICHIRI RN, & HNBIM— IhEEF 268
‘“““_» | A, AtRE. SR E, BLIUER, ZRTRRHET
ey | | meemuTRimSIKU- SHIT SRR
v Jﬁ\‘( BERTZEALAY. gE.

5 SIKU-BERT HERHGAIEFEEHR “FEEN”

2) HEFRRAETIRERE

B 6 Fran, £ SIKU-BERT SRR REALFEF- S 1 “ HLEE R REACEL” DI
FrI, FP AT CIARYE B & 7 kol b7 H 43 mlak Feont N B b PR T RE, FE
Wre) . g3l IRl PERRIE AN SEARERYE: o PP AE S A W) SCASHE s N 75 24T 4
PR AR AR SO, Rk ThRet fa, v S IR A ER” )R], B
RS ERA) . WE EERRA “TFETHE: “SEFRL AL
TR, DMEREEEE, RTZRAISLmfAHE. "7, fEEsFE “mtEbrE” Tige)a,
i “HFIRARER”, IR ALEAME 2 IR B S5 5 “ & inr Fliv: /w*/w %
It #Filc v iseiv Clip XUIv %in SEiv Flp KT In, Iw Blp 18/n SKiv & EInr v, Iw
KB ZIu fijkin 7] 3LV Tl v Hly. /w”e ZIHAERT Lk 2 a] DU Hb 3k
A IVE AP LEE SCA, VE N SC NLP BFFAC L, BoRH T8 7 STk
[y sk 2 LR SRR S FE N R A



FEFE: "SEERLNEYTEAT, MEKaRE, KT 2IeumEt. | FEF/rB/v: [w" /wWS/tE/cH/VRE/VLA pXUNE/NZIVF/pFE T/, [willp
E/nR/viEE/nrE/r, /WEF/nZ/ulg/na]/vz/vi/ciEivialy. /w”/w

AR

6 SIKU-BERT HRFEEGEALIB & “HFEEREAIE” Thee R @A
5 £518

ERTHSGERY NLP 255+, FREIFARFZIGEM “—H 2 Z” IR
PIFFAE, KB B RIIRe LR B2 8D I B 5 TR IR AR IE B S, BRIk,
i AR A SO R AR TE R AR & o SC HARTE B PRI 0, (HAE, BEAE TN 25
RIERPIGHD, T Ao SCOE R P SRR WA 5 2 78 o i, Rk, Tk
— PP e UG S v SCUE R I SRR — T T B A HE IR B A ST A o SCIE R
PIERfR, S — 5 AT DO T SGERHEY NLP B iRt 4%, AAHEEE .

A H:T BERT. RoBERTa. GuwenBERT. SikuBERT #11 SikuRoBERTa i)l
SR, Ay AESPIAR B ST S b AT BRI e, SIS 45 AR,
SikuBERT 5 SikuRoBERTa #HA T iR A I F Il 215 5 B AL 1)U RUR A — e fE
T H%E T, SikuRoBERTa P RERUF. 55—, SikuRoBERTa. SikuBERT 7&4)id],
AR E SRR AN, fERTA], SR ST S5 T R R ROK

Zi I, SikuBERT #1 SikuRoBERTa Tl i/ll 2R 2 GE % A5 R T+ E A4 A SO k) Ak
HPRR, AFT 3 NLP W50, SRS D sE 2R ST SN R
TAE. N Bt F 3R EAE b RS2 A1 2, TSR RE
B LT (IR R AR RRAIE

S 3CHR:

[1] F 5%k, w28, ) 88, R0, 608k, 52 35 0k TR B2 5 20 (A8 5 B AL A 70 0 R [3). 5k
#%,2021,32(04):1082-1115.

[2] Qiu X, Sun T, Xu Y, et al. Pre-trained models for natural language processing: A survey[J].
Science China Technological Sciences, 2020: 1-26.

[3] Mikolov T, Chen K, Corrado G, et al. Efficient estimation of word representations in vector
space[J]. arXiv preprint arXiv:1301.3781, 2013.

[4] 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). 2014: 1532-1543.

[5] Peters M E, Neumann M, lyyer M, et al. Deep contextualized word representations[J]. arXiv
preprint arXiv:1802.05365, 2018..

[6] Radford A, Narasimhan K, Salimans T, et al. Improving language understanding by generative
pre-training[EB/OL].[2021-04-24].
https://www.cs.ubc.ca/~amuhamO1/LING530/papers/radford2018improving.pdf.

[7] Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep bidirectional transformers for
language understanding[J]. arXiv preprint arXiv:1810.04805, 2018.

[8] Yang Z, Dai Z, Yang Y, et al. Xlnet: Generalized autoregressive pretraining for language
understanding[J]. arXiv preprint arXiv:1906.08237, 2019.

[9] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[J]. arXiv preprint
arXiv:1706.03762, 2017.

[10] Radford A, Wu J, Child R, et al. Language models are unsupervised multitask learners[J].
OpenAl blog, 2019, 1(8): 9.

[11] Brown T B, Mann B, Ryder N, et al. Language models are few-shot learners[J]. arXiv
preprint arXiv:2005.14165, 2020.

[12] 4% [F) 5, < B R R, 25 50 . B AR 5 AL BE PO R B T 7T 23R D] T H RN AR 5
N F,2020,56(23):12-22.

[13] Sun Y, Wang S, Li Y, et al. Ernie: Enhanced representation through knowledge integration[J].
arXiv preprint arXiv:1904.09223, 2019.

[14] Cui Y, Che W, Liu T, et al. Pre-training with whole word masking for chinesebert[J]. arXiv
preprint arXiv:1906.08101, 2019.

[15] Joshi M, Chen D, Liu Y, et al. Spanbert: Improving pre-training by representing and
predicting spans[J]. Transactions of the Association for Computational Linguistics, 2020, 8: 64-77.
[16] Liu Y, Ott M, Goyal N, et al. Roberta: A robustly optimized bert pretraining approach[J].
arXiv preprint arXiv:1907.11692, 2019.

[17] Wang W, Bi B, Yan M, et al. Structbert: Incorporating language structures into pre-training
for deep language understanding[J]. arXiv preprint arXiv:1908.04577, 2019.

[18] Zhang Z, Han X, Liu Z, et al. ERNIE: Enhanced language representation with informative
entities[J]. arXiv preprint arXiv:1905.07129, 2019.

[19] Clark K, Luong M T, Le Q V, et al. Electra: Pre-training text encoders as discriminators rather
than generators[J]. arXiv preprint arXiv:2003.10555, 2020.

[20] He P, Liu X, Gao J, et al. Deberta: Decoding-enhanced bert with disentangled attention[J].
arXiv preprint arXiv:2006.03654, 2020.

[21] Lan Z, Chen M, Goodman S, et al. Albert: A lite bert for self-supervised learning of language
representations[J]. arXiv preprint arXiv:1909.11942, 2019.

[22] Liu X, He P, Chen W, et al. Multi-task deep neural networks for natural language
understanding[J]. arXiv preprint arXiv:1901.11504, 20109.

[23] 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. 2020, 34(05):
8968-8975.

[24] Raffel C, Shazeer N, Roberts A, et al. Exploring the limits of transfer learning with a unified
text-to-text transformer[J]. arXiv preprint arXiv:1910.10683, 2019.

[25] Lee J, Yoon W, Kim S, et al. BioBERT: a pre-trained biomedical language representation



model for biomedical text mining[J]. Bioinformatics, 2020, 36(4): 1234-1240.

[26] Huang K, Altosaar J, Ranganath R. Clinicalbert: Modeling clinical notes and predicting
hospital readmission[J]. arXiv preprint arXiv:1904.05342, 2019.

[27] Beltagy I, Lo K, Cohan A. SCiBERT: A pretrained language model for scientific text[J]. arXiv
preprint arXiv:1903.10676, 2019.

[28] Lee J S, Hsiang J. Patentbert: Patent classification with fine-tuning a pre-trained bert
model[J]. arXiv preprint arXiv:1906.02124, 2019.

[32] Unsworth J. What Is Humanities Computing and What Is Not?[EB/OL].[2012-09-05]. http:
/lcomputerphilologie. tu-darmstadt. de /zeitschriften /framezs. html

[29]7= WIS L SR ETAT L R A A, il FE A A T U3t R 1R 91 (2009-2019)[J]. 1% A%, 2020,
64(06):130-137.

[3OTWKRHS. 1 17 K v A ST FE I KR o $5 SCA WAL A S 1230 9], I A5 PR 24t
2016, 42(02):66-80.

[BLE%E. B AU BRI e A, 2020(02):157-160.

[32]%8 7Kk b8, Bugss. . B NoCH WA Fi—— 5 b AR S e A K 58
HAZN]. & BRIk ), 2020, 41(02):144-151.

[33]7F i, £ 3%, I /N7, 22 AR U8 B0 N SO 1 oy SCHROSCAS R v 5 T AR e ——BL (2
) FREE B[], R S TE 74, 2020,38(05):72-80+90.



