4

<Ry

J

CINERE T T .

R AR B 10541

20213609

HUNAN UNIVERSITY OF CHINESE MEDICINE

MEtFMILX

2 _/7I<1

FIRNPERE

RAENXAIEE MFE X FiR 7 i

17 VG S

€ A &/ R

&

¥ A [E:
BiFFE X E
%‘J ﬁi%\ H/\i:

239
L/ R )
R EF ]
TR X
X HAR /AR AL B IR




PR

BHRY: BHANTRREEAR, Falin 4ok R R IRGE IR S HoR, I Bk oA
TEARE IR . P e oy R R SO TR . o s R TS SO RN S5 T T T R AL A,
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ACMBBERTHLAY , [F] I 56of o 2 vl 8 SCATE R AT 53, 2R3 J5 BB RLEE _E43 Al 25 A0
DAAN-gramf& 8 . LSTMAEAS . BILSTMA A, BERTHEA!, 46 iF ACMBBERTH AL 7E i 2k <
ARIAES LR, K ACMBBERTA e F B U A BRI = F. (2) [#HBAGAN-
GP Az BT X 4% 25 5 A Ge BUHm 38 5 7 V20 R QR B0 ZE AT B 3 9, 80 ResNethd 2 79 2%
B ISR 2 s A 7 RV PTAT I, A AT % ] AT ZRBE S LAY 172 A e
AR . (3) FET-BAGAN-GPAE U0 1IN 4% 25 A% e B8 38 9 7 A0 S R~ 1 B 7 4
PEEEACRNNEE, BENLPHE A FH K SRR, IR T HER R SCAR IR AR
A, Fi3TPyCorrectorMl S £ HEEE 153 ATE BLPEXF ACMBBERTAR B HEAT 10, #4) 4 B £ HE
= SCA A AR

R (D fEREHEFSRCRPTNS, BILSTMALAR TLSTME R, LSTMAAY
BB AL T N-gramBi 8, 1MACMBBERTAC R AR L, ¥ ACMBBERTAR iz F £ LS 3CA
B E 5%, ACMBBERT-SH AL 2] T 63.36% [ hit@1, 82.57% I hit@S Fhit@10,
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GRIP A HER R 3 1 9.181%. iEAE2~ 2R b sit v, EfficientNetV2 smallR LA, #EH
#1K99.048%. (3D K& T-AE AR AR I 2RI 5 T M ] A SCAR IR A AL A AR i 4R HAR
BIMER AR R, 1886.73%, T/EESLH S EHEE F i i UG EER R A S, (N 63%. 4
GG EHERE B SORM B, I FHEDS A A SCAS IR AR AL R R HE R R A 3 T RORER
T+, 52 7 91%.
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ABSTRACT

Objective: Using artificial intelligence technology, especially the rapid development of deep
learning technology in recent years, the research work is carried out from the construction of the
text corpus of ancient Chinese medicine books, the prediction of missing texts of ancient Chinese
medicine books, and the recognition of handwritten text of ancient Chinese medicine books, so as
to deeply excavate and extract the essence of ancient Chinese medicine books, condense and
extract the experience and wisdom contained in ancient Chinese medicine books, provide high-
quality text corpora for researchers of ancient Chinese medicine books, and reduce the difficulty
of restoration experts and researchers of ancient Chinese medicine books.

Methods: (1) Based on the constructed high-quality text corpus of ancient Chinese medicine
texts and deep learning language model, the ACMBBERT model was constructed, and the text
corpus of ancient Chinese medicine texts was divided, N-gram model, LSTM model, BiILSTM
model and BERT model were trained and tested on the divided corpus respectively, so as to verify
the advantages of the ACMBBERT model in the missing text prediction task, and apply the
ACMBBERT model to the text repair scenario. (2) The BAGAN-GP generative adversarial
network combined with the traditional data augmentation method was used to augment the data of
the original dataset, and the feasibility of the data generation method was verified by constructing
a classification model through ResNet, and then the transfer learning was combined with the
introduction of pre-trained weights to improve the generalization ability and convergence speed of
the model. (3) Based on the balanced single-word dataset and CRNN algorithm constructed by the
BAGAN-GP generative adversarial network combined with the traditional data augmentation
method, the long text dataset of different lengths was randomly spliced into a long text dataset of
different lengths, and the Mawangdui simple silk long text recognition model was trained, and
then the ACMBBERT model was fine-tuned based on PyCorrector and the Mawangdui medical
book text corpus to construct the Mawangdui medical book text error correction model.

Results: (1) In the prediction of missing texts in ancient TCM books, the BiLSTM model
was better than the LSTM model, the LSTM model was significantly better than the N-gram model,
and the ACMBBERT model had the best effect. In the real text restoration scene, the ACMBBERT-
S model, reached 63.36% hit@1 and 82.57% hit@5, the ACMBBERT-MWD model reached 37.58%
hit@]1, 51.42% hit@5, 57.44% hit@]10. (2) The recognition accuracy of the model trained by the
ResNet network on the expanded equilibrium dataset is 98.589%, which is 9.181% higher than
that of the model trained on the original dataset. In the comparison experiment, EfficientNet V2
small performed the best, with an accuracy of 99.048%. (3) The recognition accuracy of the

Mawangdui simple silk long text recognition model trained based on the generated dataset is high,
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reaching 86.73%, while the accuracy of the real Mawangdui medical book is not high, only 63%.
Combined with the Mawangdui medical book text error correction model, the recognition accuracy
of the Mawangdui medical book text recognition model has been greatly improved, reaching 91%.

Conclusion: Deep learning technology has a good effect in the restoration of missing texts
of ancient Chinese medicine books, and can provide help for the restoration of ancient Chinese
medicine books. The combination of BAGAN-GP generation model and traditional data
augmentation methods can be well applied to the expansion of Mawangdui handwriting dataset.
ResNet can achieve high recognition accuracy on the expanded balanced dataset. Combined with
the transfer learning method and the introduction of pre-training weights, the training of the model
can converge faster and the accuracy can be improved accordingly. Based on the single-word
image dataset, the method of randomly generating long text sequence datasets effectively improves
the efficiency of dataset construction in text recognition tasks. The error correction of the
prediction of the text recognition model based on the language model can greatly improve the
accuracy of the text recognition model.

Key words: Ancient Books of Traditional Chinese Medicine; Deep Learning; Text Prediction;

Data Augmentation; Image Recognition; Text Error Correction
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1.1 RERSENX

W o S P R 2 AR RUR R R, BEEA EEMEARME, SEAH MY
P8, PEEZEE SR TR B S . ) FRAATME AR R I AR HZ A mE
e, BANS RIS HEN . R £ S R R 2 A g s RO AR R () AT B R
A R DTRR NS MR s, SE SR, B BT AR AT T R 0 IR SO s = AR 2K
25 SR K ATV 7 SR A NS IR 24 ) 2 S0 (10 i AR H AN R Ak & 1 T iR 2

A EEKAR AT RS, AMOEZBRKEM, W2, [F
e ok B U B o FE R T e e TR A S BRI IR AR, EMERT B E, TISRAFAER AR
LG, T H BB ERE, R T B T e b B FE IR . DR e e R
FERHAT REAME S 2 o0 BB, T H AT E TR F BRI L5l Tl F B
FIEE, BRI FEN S IOEFPE S EA)Z BRI, JE%FER 2% 7.

BRSNS IOERS, W IOE SR RS SRR R, T DOERR R B
MEE BB ARG ZGIEEEFER B, T HEHENE SR Ui A HE .
DRI, AR SOR g AN IS 1, 6 e 2= o 8 R SRR SCARE A 15 SO IR A T R IR A
7, AN LB R R B b B FE AL K 5 008 .

BN TR RREAR, Rl i R R el R FE 5 S BRI B o 8 SO TE R
R R FE R AR B L R TS SO R S5 T T R — R AR ST AR,
RN FIZEI R =y FE R 4, BESRRISREH = 8 R 2t & A I A &, mT LU
PR FER U St T E B SCAE R, BRI R E S X AR SR
FRIHE S o

B2, ARCKEgEP RS T R FEE. R ARG, X R R
MARTERERE . SR A E AR LTS5 RS R — RIS, SRR
A AR EE D

1.2 ERIMARIIR

1.2.1 BIOEER EEMNRINR

i PUEAE S ACHE 5 HT H OE B AR — A FE WO 1, X R SRR T R A
AME BALH BT 55 S A o DUEE R . SCRRDINT e 28 SCRR IR ZEAG 2 k47 T 9028
WIHRTT, IR T SCHRTERHZE AL i R v 2 2 10l DU 70 m] LSRR E S S A RN . A
Ry gty AR P IS S ) 0T L 2 T R AR, T UM R 21 R T 7T T
THRFR DO SEARE R AR I 1 e Ze i AE N IR RHEN, SCRBILL (HER 1) o4
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T B BGE A KR VAR R S LR i R . SCHRRIOHE Y 2R AR BE B LI 5 R0 S ZR DU
(K373 B FIAR i — A AR T el 7E o IX BBt 78 AR AR 3T 25 R 2 b B b #E ks, LI,
FERE S P R v FEERL RN, 75 2278 2 RN TP 2l RS PR U6 AR L I T R BEAT S B AL
ARSIt o SCHRURAE) S m B2 245 vy SCRRE R X R OB B EAT T Bk, JF HLX TR R 1]
RRBEAT 1 VR 4E . SRS o B2 o 8 A0 20 Rl VS EAT IR RAE RO FEAI R 45, S
Bt f5 Ve, IR AN TARE T Ak 1 — AN IR AR A 2l R, (EORAE
KN A S 701, HARRHE RN, ANEHET AN o

1.2.2 HEREXAEEMRINK

HTHERAE, 2N LR BRI ™E, A2 R BERsk, SEHER T
BRARAN A o WA X o Bk 7 3R AT 25 R I B2 v e vy S8 AUF S0 N B THI I ) — 88 = 21 i)
o TR, EAMG S E TR S IR B S RN T SCAR B B TAE IR IS T 4t
IRCR .« 20194, AR5 5Googlelitt T E PRI KN T g (Artificial-Intelligence, AD
1V DeepMind G 1EIT & BB WIE, BRE TR T — k4 NPythialJAL T &, FIHIEE ¥
> 4128 ) 24 5 AR SR AR | R TN o A S s R BRI BT AR, B T A IR P 2020
FoH, HERTNAMTIPNASK K T JUAL LA F1) 7 35 s R L 2 =) b B 106 25 i 48 ) 2%
(Recurrent Neural Networks, RNN) SRV & 5k 1)y B ELAS SCAR I — T 70 2R, it &b
TR WIZ AR AE TN e R SOAS I R8UR RAF, AT DR N5 B AT SRR TAE A 7 T RN,

W TR S B85 9 DAN-gram! U 2 O AR 3R 10 1% 4 45 1B & B Y AT DANNLM
(Neural Net Language Model). KE #1212 (Long Short-Term Memory, LSTM) A4
RN LGAR F AL, LUK G S22 258 5 R8RSR I ABERTI (Bidirectional
Encoder Representation from Transformers) SR K Z01E S A8, WGPT!S! (Generative
Pre-Training) « RoBERTa!'®) (A Robustly Optimized BERT Pre-training Approach) . XLNet!!”!
(Generalized autoregressive pretraining for language understanding) %5— RFIEAL . T2k
B B TR G THE SRR 2 N 2815 S A, 7 R TE R AR 2 5 B
F, WINGRAEBRIR IS5, 7T DMUARYAE H AR S5 B 4T (R AL PR A BE PR
WeSAR L, Rl FE /N S b e i S IR I KA . BARTIONIZRE 5 BEALHS T
IR, B H AT R 2 B Sr i AL AR B T RS Il H T RN R, A8 TH 6 g S oL
K HRE S EBAES Y, RO RES %2R T HARDGEEEX. 1B, EH L
HIADGEAFAAEBCRZE 7, RIAT [ [7) oh SR 2 () Chinese-BER TS, 78 PUIE AL FE - o 4
DU B AR GE AR ERPERE, B A 25T M TI S R R0 v B v &8 b i 2R 1 S
A, FEAREBAF LT RIRUR .

1. 2.3 HEF S XFIRBIMRIIR
AR BT S, AR NS S EE R R SR, R
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W) — REZER I . TR E TR ARl ey, B2 0 FE i SR m XAFAE
FURRBRME . RPN S, SR EE R, HIKAFEREN AT,
TEAHEMRKAFEE. AL, W R TERARENE, BEAGN, &2 e
— K

FEAE G AR AN T7 i, SORIRAMES 5y N3P IR, BNEHR BUALBE . 55 73 F1 A 7
FFRA . ABGITIETRENR € s T @, — B bl ki WX ER1KCFH
SO ARG, HE TR SO E R A BRI R . B TR S A R 7
VEAE IRy 5 RT BLy R SCAR R 2 UAN KU SCAS TR T34 R SCAS TR X o3y 2T
CTC (Conectionist Temporal Classification) [FJ57%EFI%E T-Sequence2Sequence 5%, Pifd
SR AE ) ST A AR 1) 4 3 S B R B R A RO o kT CTC B 4t B (1) 55 7% 22 CRNNE
(Convolutional Recurrent Neural Network ) , CRNNZLZ A5 F 32 77 i 6 AR 45 A R BN G R AE
G A ResNet. MobileNet. VGG5E, [RII 5] AXU A LSTMAE A FH T35 5% FF 3¢
A, MR T AR I 2 ik Z KA AR E T B ). XieRE N POE RG22 X A%(ACE)
Wk, WA T CTCRIAE#HE MM, ik T HENFRAG IR, KRG TR
Sequence2Sequence 5% & H 4 i #5 Encoderft T A 4N 7 #1 #R 9 B 18— A 48— 115 17
&, A5 H HAEE A Decoderfiftd . 7EMEISES Decoder g YL FE T, ASWTHLKE BT — AN %1
P AR G — AN 20 N, PRI AERY, BRI T R RN I . — R gm g s 2 — P RNN,
XA AR, g A A EEECIR A, IR EREOIRES H T — AN A B A],
TEAFRNE & WS4 2 55— DRNN, BRI ig &84t i EIE 5 — R 7 LLe
4 . %2 F|Sequence2Sequence (ERH A JE /&, ShilP7 M H T —Fh2& T3 B ) g D AE 42
RARB A, @ XA 77 20, RNNBEWE M I ZREHE H 5 > Bl 72 7= 44 H P I - R 0 5 4
B, DL EWANEIEERIN SR EEARAR IR, HB TR R, XEI77%
A1 A i he 25l AR T 2 B AN SCAS R AT 55 o T AP I oy A6 1) SCAS I8 0 2 R ELHEA Y, AR
T BRI 5 SCAR R AT S5 KU 2 ECBCIUUN R, R AT O SCA R T R AT AN T 7 £
FISCACIR G, [R5 2255 R o SO IR AR AR

1.3 EEMRAR

W I P B FR R SCOAR B B A B £ T SO RIR . B TR SR
AT ARABARIEATOIIC, EEARBOREF RNV E, RIR LS ST EOR BN By
R SR SCATIMAN T 5307/ . EEMA A AN ER, SRMEMEER, &
BRAREOR, AR PUM R ORSE . WSO R I AME 5 70 AR i T v i ) B o A A
TERL AN S £ HE R i T 5 30 BB S, (R 25 O U 28 AR g ok 1 e = o £ 1
5 TR AT I, R SCHER A B Bl S 20 S AT SRR SCAR T S A6 A
FEFE T IRB S, BRI . R SEEL T A T B AR SRR SR TR £ TS
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RN ARG FXT UL R, W EE TR

(1) AR T — 4183 032 0437 M P &y FE1ERHE o iR SR T H LRI
WHE GEmNEA) (EERZERK) (HREIIRR) (RARSZ) S FEE N 11608
A

(2) T3 339K, K343 000 MEAR L EHER 7 75 307 G Bk
. ARIEAEURZ T ERCBEERSE, AITHTS R SCEHRE B D, AT HF B
TS SRS E R E N R A > . (E EHEDCET R SO ) W EHERTE R
TR TORME T @B IEE, SFERA TN, WSk TS EHENCEE T R L3 339
KW Fo ARLLL (L EHEDN T B CF a0 AR, A BAsfilA 85k, 33in
B CE DO R0 PSR EUR, RE N T#AT K, TR
FEUGEHREE . TR 6 B 7 R R S A AE ORI B S AN, DRt 18 S SUAd A
38 9B AR BN I 28 52 AR IR A6 R B AR AL AT 78, RATE R T P 1 EHE ]
T 537 EHUR HE 4R

(3) KB B AR N FH T A o FE R R SOR B N o B T rp ey S5 TR, A e
TP & o £E ) B 25 BERT AL & ( Ancient Chinese Medical Book Bidirectional Encoder
Representation from Transformers, ACMBBERT) , [A]i 435I Z5N-gram#: 8 | LSTMAH 7
BiLSTM#A, 5 ACMBBERTHE AL AT X LE S8t o 5246 45 RAEWIBILSTMA AL AL T LSTMAR
A, LSTMAAY B AL T-N-gram#5i %!, j ACMBBERTH: BSR4, Kf ACMBBERTH %
iZHE (FEmHNEL) WBET, A5 763.36%Khit@], 82.57%hit@5. RI7ER IR K
EAFTACMBBERT#i t I HT 1025 0l A, 7] DL B 23R 15 IE R R 2R N 25 1 L3 860.79%
BLIEB T T L 982.57%. 1E4t, H AT 24 WGuwenBERTP, SikuBERTPI Tl il 2k i
AR DO SO ia] o S A SRR SE T AT 55 o R I SO AE SR ELRE T, T
TEFREE T 48 B AME 5 BRI, AR ST 2R I ACMBBERTAR A3 v] 3k — 25 N A T~ < 1y
FEM 0] MLESRIRE. a2 SRR S5 R S5

(4) FEH T —MEGIE SR A0S FHER PR OCA R BIB A . BT 5 F HER] -
e R EIE S, WP KB v, PHERBENAC B SOARS, M K
AEE, 1ERNKSCAREMBR P)IZREdE . ik, vTRVEROR &K EEA— IR 2808,
TG 75 Ny EHE R 5 R A6 MR TR DO AR, FEAS I N T A ) ) T HEDUEE ) 7 D074 )
ISIFRZE, ORSET TR R RIRCR . BT A UK SCAREIR S FICRNNE I, 14
Ly FHER] A SCARIR AR . AR AE A B AR BRI HER R B, 1886.73%, TM{ER
SE I HERR R A B R R A S, AU 63%. 45A7EACMBBERTEL R AL, F HEPE 15
SCATE L Al _E AR 1) 5 T HERR P OCAR AR, H EHERR P K OSCAR IR BRI 1
HHTERZRAS 2] TRKIRTE, 82 T791%. [FIF, X5 COREIETD) A 52508 5
FEUR A2 5HE K SCA P F EUR AR AR, 1 T HETE] AR SCACTR BB 8 e 4% A 1t b i ) H L
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FI9ME S ER, BEARRE 58 AR bR )t 4lE KOO Fr a1 R, (E2 R — A R
A 1208, ISR SCA T 51 BUR LT 134407, BERLAERR IR 5 1 e 7 50 h 87, TEK L
KREBH)FATUESE_EIEF] T 60.44%RIHERR 2 o

(5) B AMISEEL T — > B ol R SRR SOR TIN5 S0 7R 3R 88 R GESCREHT T i
ANBEET —AEREANTFHIPEICR, I SR SOR B T . s A
EHER R PR KR BB ECE S ER, PUESRIE & ST A, TR 3
{7 1 P 152 1T A

1.4 PRGN RHE

B 0. HENE TR ARNYE 5 L POEE R FER . HEE
RSB E . TS SO IR BT S IUR PR AR, X1 S BRI AL N R N 2
M ZHEHAT T4

BEE MARHEARGIEREME . BN T AR B EE SR SR TIOAN H E fR
TS F RN R BRI R . REH T B SCAE R R T 5 BG4
RIS FE . 26 B GR T QR {5 FH 2B Foit 470 X 248 B A S 500 184 560 7 32 ot ke D 26 167 o B =2 P
A8 EGHE SR (1 BRSP4 1) R

= PR GRS SOARTIIE T . E R4 T ACMBBERTELY ) 4T 55 fR) Gl A i
2, SNENE T R B SR SR TN 5T PN FE AR AN SE IR IR AR . 7E B R B FHE
BHEE ISR T %18 SR, 384F T ACMBBERTHR B 78 i 2 SC A TRIAT 2% E L3,
ACMBBERTHE iz F 3| & S CAR B E i 5rh, 183 1T IZr— AR FE SR E B
BRI TR H A

FEVE: P EEN R TS SCE IR . B e I BAGAN-GPAE Bt T 4% 5L 4t
B 18 5 7 VR G A 1 77 2R T 1 T R B R B MR R AR, il I ResNeth) i 70 285
RSB A2 O AT AT, B4 5B 5 2] SN TSR E S AL R AL RE ) AN
WSO . FLRNA T S FHER R F B KRN B M IR, T 8 1P
B MCRNNE L, BN T RERSCR ARG ESE, IZ AR REA, FEET
T o M [ 45 S0 A TE AL P 6 B A 22 IR ACMBBER TR A #E AT Wi, M2 T F M S B oA 4y
BRI T HEEE PR AR R S SR BRI B AT A A, RGN SCAR AN /1 B
P& T+ T HERE A5 i MR K SCA TR (R e 2

FhE: PENEEEBE RGN RIS . 5N T FlaskiESE, REX RETH
KIAT To0M, WA T RE=RINBeBEAT K. HENA T RGBS, &5
BT H Ih R ) SE I 2 DA K AL TH R

FNE: BSRE. LG T AR AT NS, [ 5T I S SO
TAE, Eefaxi ARII AT R



FE HAXEARSHIEEWE
2.1 IBS1EHEY

ES MM (Language Model, LM) HOfE HAREF 40 # (Natural Language Processing,
NLP) UG /2 SEBL H SR TE & B A AE s S A 2 — . 1B SR EN 7 21 1E S SR
THRUER, REfE TN SCA N — AN S 1 IR, AT ST B ARAE 5 (0 B AR A A 1o
BAEF LR IEE IR SURER. 15 5 AR NLPAE %5 h k3555 EEAE A,
N SRAE F AL BTSSR T SRR IR S

YE N EARTE 5 A BRI A% O A, 15 S B R S At B0, iERERE T
SO A RS AR . AEMEE S A, AR SRR R AT IR S, TS —ANA]
HEHI IR Ta], AN AR R SCAS e 2 B4R O T30 1) . JE LS Bh o702, 35 & A R 8 A7 R Al
PEIE S WA ERUER A5, ANLPAE S IPAT IR B TS HF

X245 MR FIIW =< WiW,Ws Wy >, 185 BALE L TH 525 18 18] 7 21 W I it 2
P(W)RH WA FFFIW & B REEAE N — 0T IFEPW) AR I (Q2-1)-(2-3) T RE,

P(W) = P(W,,W,, W5, ..., Wy) 2-1)

P(W) = P(W1) P(W2|W1)P(W3|W1W2) ---P(Wn|W1 -"WN—l) (2-2)
N

P(W) = P(W|Wy, Wy, ..., W;i_1) (z-3)
]

HrP(Wy, Wy, W, ..., Wy) R 8 W, BIWy IR AR R AR, P(W) RN FIIE
A RGW IR, P (Wl Wy .. Wy )RRy L R 7 2
WAL, WREQ-4) R,
P(W; Wy, Wy, ..., W;_;) > 0
{Z P(W,|Wy, Wy, ., Wi_y) = 1 (2-4)

EE AR RS T =BG AAGRIE SR BL TR N8 S B
BORIE AR I T 2578 5 BB BL. AR GeM R 18 S B, DAN-gram Ay i AUR 115 5 1%
RUE R Gt I iE R AR B ARG 5 A E R, XMk T BB R 1 18 5 R R ] BT A 2
RGBT Z RN o A1, BT N-gram B E SRR, S DUONEEEMBRAK I E{E B
i, FEPERE B2 BRG] TBEE R PR BRI WA RE, 22 I 2% 3 RSB T R
NEFAIE S RMEOR, ol HEA s, UL IZ KRS IAE S, o T N-gramif
R BRI [ R, (B 2 S OB PV SR AT B R AR 1 e ), Sk, FONZRiE S
FRAHUAS TAR KT, HAE A B B 5 5] WO SCAS ol = S W i k(78 5 /AL, 25
R 2RI FRIER B T IAE S5 . XA BN AR S5 3R Ao R ARFAE SR A RE /1, AT AT
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G KT ER IR T A5
2.1.1 N-gram B S 155!

N-gramifi 5 542 Markov ™IS Y AT, BIA) 1 SN H B X 5T
N-1MAEA ¢, SHAMETC R . I EEAN B 7 RME SR 55 T4 1A] L 3 SR AR R0 1 T 22 A
e, NFRRFEWA(Q2-5):

P(WilWy'™) = Pyo(WilWi_y.i"™") (2-5)

Wit =< Wy, Wy, Wy, ..o, Wiy >, 2 IR IR N-gramif 5180 HARNEOK,
RV RE S BRHEf, RIS B ool THRE oK. BRI ESERRig s, #t e
IR HON28G3 . AL R, SENANIA AL R S B AT AON- R F e, X3
E TN ZE R A E AR, SINBURE 5 ISR A, JF R R R b
B NIV = A= fa Bk i g

2.1.2 BEHHEMEZESIRE

RNNLMZE 2.1 8w, RN 2P e, RNNLM AR A (2-6)-(2-8) 4.
T

xe = [0f ; S4] (2-6)
sy = f(Ux; + b) 2-7
ye=g(Vs, +d) (2-8)

Hu. VESUESE, d. boalZstt ZAVRESZNRES . f()=Z SigmoidHik
BREL g ()MIESoftmax &%, RNNLM ) 3= AL AE 1) DA I SE T [8) (1 S [ A% FR 505
RNSCAESE . BT OB B, BIHRNNLM 1 B8 2B S A T-N-gram i 7 .

———————

" delayed

b_

2.1 (EFF 48 0 25 18 5 R R 55 [
HHLE T N-gramifi 2 08, (R0 46 5 2 UL B A6 T IR IZIhel, 7T DU AR5 510 19
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KM 2R, AETRINI o] DU 205 8 B R SUE R, (HEEAAR KRN, W Rea kA
JEE VK 2% OB FE AR MBI R /. O T PO G R,  LSTMIE & A ALE I 5 AT 101 2%z
i T RB P R IR, TR BB Uik, AERROCEOTAE 2 R, A AR s, AR
REIEAN BRI R H A B — N BONME, AR IR TR R R, TR, FEE AL
G N BIE SRS B, A VPRE S A7 51 AN R B 0 O A R RO AL, DA
KEBREEAN PP A TC RN RIE T SR 7y, (AR AL A PR RE K IE SR T

2.1.3 FIZIES1RE

YRET AR, AR K AR EE R E BT ISR, Refs B IR FINLPAE S
BRIPERE . X —RIITE TR FEARFRE, HEERAER 7 A EZG WA
AEFEEANOR « FFAEFRE 77, PAELMo (Embeddings from Language Models) 1254571 Ay
IR, HAFFRAETIHRETINLSH . XEWEETEERES, TIZR5E AL 250 FIA E )
FEAAR, HTIRIBURHE, BRI RS X M07 N S TR T IR AL R
SR, HTTRE TR AR R AR5 2E M RIE N . AHEL 2R, 0T N ABERTEE Y N
RE, ERVETH IR ISR ESE . XEWRE L B TSR, a7 RO i
WA IS BOAT R, DA G R AT 55 755K o IR 72 5 By RAE,  Re8 S 474l
TS FE MG R, I ELA R EAEER TR 7% . HEl, LAGPTHIBERT N
BTN GRIE FEA, T R SCARNGSGH, SN FEREPI SRR R,

BERT /& — & T Transformer 155 1) (R Tl I 2118 S A8, HHGoogle/E20184F 2, & H
SRIE A AUR I B R —. WE2.207~, BERTEA H £ JZ 1 Transformerd i5 25 3
S, B ZHEE BER VLRI A FT S 2 X 4 o X MR = 453 (115 BERTREE A HE M
BIZTEERHIE 2R ZAE SURERIA RO E S 15 B . MRS miE S 158, BERTAE
B E ARG T A BAES hEUS TR R RESE T . BERT RO AR i i RIS G
TR S B IE § 8RR, ARG ER eSS BT iE . BERTHCAY [ FI R B 4E A~
FrBt: #iESHA (Masked Language Model, MLM) FI'F —/M)F il (Next Sentence
Prediction, NSP) 73 ll#fi 3K ) 7 e K on . MLMAE S5 AESi A B BE LM ASK 45—
3, AR LR T L MASK TRV A2 A4, AT LAY 2 5] F R SO 9% 1 3R]
Fon, NSPAES 4 € AN 0] T AMB, BB HIWBR S RAR T —4), MMTikEER % 5] 4]
Z A H R F o 1R X AT SR 1F 55, BERTALY GRS 7E R IUBE R E 1237 ) @ iE S
T, NIEEERVRE AR PRt 7 om Rl . 7EBUIZR5E il G, BERTHEAY nf DL it F i 1
77 NAERF AT 5 kAT I 45 S0 RS BER TR Y 5 R5 e AT 55 S HH 2 AR I+, FE 3047
oI ZR, HFFBERTHAY eG4 X e EAE S5 AT AL, i — B iR s AR AT 55 Bt



and
[aYay

2.2 BERTH5 2 4L 44 ]

RS IIE B A7 IR T ) g, R R B A AE B4 B AT 22 7 0 SO T g, IX 3
FUT A R 233000 A 7 AR, SOANE B EE ), AR AT R DUIR N TSR Z IR
(115 UG B o SRS ELMotb B 1ok 10 /5 5 v 2 AN [R) 7 g AT IR, (B BRI 507 2%
HARAR A e . — I 255 1) B s SR ) SEBR b, ELMofE T —AMA B, 475 B[R] B )
F #1Z 18] B 1 B F SCE B O T B IE SRR SCA S, BERTS| N T MLMAE % . fTEMLM
fE% ", BERT 2K 4 N SCAS HR 29 15% 1) B3] B 6 A 515 BR 1K [MASK], B J&5 #1 K 2
Transformer & K IX L6 [MASK b5 10 38 J N SR 46 B AA] o  IX A ise 1 BE T Wb 3tk e 1 XUA)iE &
BRI St 5 ) R, SAEAS AL e A I R bR SO(E Bk AT . SR, EHESIA
[MASK#RIE 2 F RN Be 5 R AT 55 2 [RAFAEAS — 30, RUONTE SERR N FHH, 3¢
A A S B BUX RS AR . N T iR PX — )8, BERTRHL T S AR 401 SR s X+
I E I RE ], 80% & i A[MASKIARIL, 10%E e A BEALIE , 1774 1110% ] £/ B4 IR 53] .
IXFE A ERBE ARAUE T B LE TN SR Re 8 22 21 B B RSB R, XAEE BN B S T
g Ll

BERTHE B [ i ) 2 AR 7E T8 8 0K T M B B T 5 54 1 B R i ix — A8 55 N 2
TEIRIZHIR A 256 T, O AR TR 5 AbER Ay ok 1 AR R4 T . FENLPAIIR, FA7EK
LM EEYE, B E AT, DR R AN B AR SR AL, Y
Wb EE BARINLPAL S50, GBI IR 5], HEE AR SR AT A B RO, AT RARRTS
L)Y SRR T 75 (R ST TR AR

2.2 XML

A BTN 2% (Generative Adversarial Network, GAN) W —FhyR g S il 58
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M AE A (Generator) A1HIFI#S (Discriminator) o fEXTPUIINZRA, AL Rlasbs e i # 4L
FRFEAS, I T AR OG0 X 2 (R I ks T 0l 8 DU T I S A e L, o I
1B, WERTHE CRIPERE. =3 2@ NFTIIZR, CLEAHIRTE, M08 BIHe w1 5
PARTERER H

BAGANUSIZ —Ff gk M GANE A, e I i A G GAN HRAEAE B RE AR AN P47 1] Rk
Ferm A s T RE . BAGANZE T3 IE I GAN, 5l T H 3hZwmhth a0 2 7 2% A1 A pl gy 3t 47
WILEAL,  EIBEXT PN ZRRY B ol NPT R 7, BUAR 38 U1l SR 85040 o AR BB A AR S A T AL R

AR, 815 AR BT, LRGN S,  MITTZE AR A AS 44 o)
I A BAGANAM b H A GANGE B U FA) TH 6 R AR AN -1 ] /L

BAGAN-GP™IZE202 1 H#E HY . HIAEBAGANRIFERY |, 5] AL T rh A i A AL
Bt a5 LA 165 . BAGANIT H Zhgwil a8 it B I SRR EE R, FIkA e
WS BIFEARFAT 8L, A TAERRiCAE A BAH, 1 A N BL A b A5 B VB 7
W, SEAFHh S B E 3w g as o B N RIAEAR . X Tk kA, HGI N T Wassersteinfb
B, SRR AR R AN BR L AR A B OB EE IR I, RIS S ABREE IR, A il
ST NS E .

2.3 BXAKIRAEE
2.3.1 CRNN IZAIR R 75 3%

SR A B FR A 8 A 5 S X AT IR ), 3 BRI R — B S B R
XS FF A . KO 30T R ) AE R B WA, CNN+RNN+CTC Al
CNN+Seq2Seq+Attention, CRNNJE H B 23 13 2| o 19 SCAR U AL, 7] DL EL R 1)
SAFFF, PG IR SE 2.3 TR . CRNNAL S CNNAFE SR BUZ FIBi-LSTMF Sl 4 IE
PREUZ, Re AT i B AU 5. AR, CRNNAF|HBi-LSTMAICTC Loss® > 35 [
R SCRAR, WA T SCF AR, S IR B . CNN+Seq2Seq+AttentionH ¢
T'CRNN, FE{fi HSeq2Seq+Attentionfiltfifthd, W LA T2 % 2 (LS, [F]INH] A Attention
PL, $RTF 7 SCFHIIRE . AttentionfE 98 SR A ERIRCRAER 4, HZALE S0 B2
RARE HE IR, bl Tl 2 HCTCE % .

CRNNHHY FZ I N ARGy — R EsR B, HZ2NBIRZE . e fiFEg i =4
B B AF AT, HRNN+CTCHEIRIZH Bl . RNNHRZ> 2 1247 S B CNN
FEIUR 1) B FBOIRAS DS (BRI R ) G 2R, I J TR I PP 31 45 3R o RELRS B4 Tt/ 21
AT BEAAE T REE E IO, @I CTCHEUMRNNE T H AT H S, 7L P47 2 8
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o B 1P

2 (o

R i

Bi-LSTM

. Bi-LSTM

FHLFF S

AL

H+lde o
2.3 CRNNEEL R B E
CRNNHUUK B B BERGBE (0 I A, CNNAE Agmtdas k32 B -5 B % B2 1 H (]
JERHIE . 221 AR T J5 B B R TN TR) 20 ()5 N IR N 5 B AR RS 2R RN, A IT Tl 4725 1)
ol WP HIFHEIECTCR AL TR, LBRIUR I 715515 2 5 & R T 25 3
CRNNHEAEZTNERZE, 2/ZBi-LSTM, W44 75 X REE B 2 i I K AB It AR FH 1) 2 1
N2, X EIRE RRIAL S b — 2, @ sk, mEEAR N, BN R
KEERI1/4 . BRI, 3 40 K FE A 200 et P mp B3] R B2, IR 4 R A Tl H 5 B 1 1)1
2. 3.2 XARRANEEZWITEMN EFF
HEZE (Accuracy) & XA —MPENTatr. HAETHERFTFEAE M, —Fiz
BRI, H— MR SCARAT YN . SCARAT IHERR 2 T T ELR A B AT R 20T
W se A IERRR A L. AT A (2-9) Fow.

Numcorrect

Accuracy = (2-9)

Num
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HAFNUM o prece RN TR IE B I SCARAT I 2650 Num R R AT ZEREAT IR (10 SCAAT (1
B FRIIONER R E A X8, AR IR A AN EE v &,
TR RAER ) TR SOARAT S0 I HER R EOR LUEO™ R, A7 S0 O HERR R aT LASE
g PP T PR P e

2.4 Flask ¥EZE

Flask& —/>2& T-Python[1) 32 B WebfHESE, & eV & & M5 @kt — > Thse e
I EkWebR 55 . 5 55— 3 % Python WebMEZEDjango#f L, Flask1i% i1 5 My faiid, =+
B TIN5 I TF K« Django I PR35 1 A BEARE, B & R B )t (1) 2 ¥ - Django
DA — 3 SO o 7 M B RR, BT 2 Wi Tt . SR8 B DL R AR B R
HEENEIIRE, X KK THAE IR . S8, FlaskUEREL 7 AR SRS . & 5 24K
#51 T Jinja2 iR 51 ZEANWSGI L R —Werkzeug, SKRIE M T HIFEAELE ) . X T HABSH D)
A, Flask el & A0 AR EEEAT /e i, G Y AR ANCR 2 Rt ) P DAY o 3 g -
f3Flask LA T HEM T R, X & HAWebHEZEME ULELILRT o i T Flask A &7 B 1,
Gy TERRANLEY, DRI RE S AR G b 2 /N b T R TR 5K . [RIR, Flaskt @ ILH T 58
K RIEEATT R, B LS &M AT s 2 B, N ANE I H # K. 78
FLSEAE PP, FlaskfE /NI H BT R BRI T Pus s R0 R =, e R H S, BT
Hosrh /g, WMReesedt 28 Efl s al. Bk, Joitsg /N MEHE R KRBT, Flask#B
RES N IT K& A JI B 3CFF .

2.5 BiEEME

2.5.1 FELEEHNENE

MATF BRI B RDUCRIIEHE GaiNe) (EBEm) (FEamie) (i
RARFL) S i B FEAE A 6084 o B2k R SUA, S S Las O AN RS 5 vx
TR, I Pythonih 5 95 SUARTE . KE. GIFA, RERSCATZ RIJHTML
PR2Es TR ARG, HERREENEERNSCR, @l SIFRALE T 183032043 F 114
T e o ) PP R R TR SCASTE R A o o By R SO TR R TR i (14 oy R S8 S Aty
FER 5 0 o FE R H A T RS B R0,

R2.1 PN FESCRERESTHE R

EE VS HEEHE HEFTH
AE 40 8279 862
A 79 20217 503
LERA) 89 7775 908
Eit 151 23169 590

Fsk 52 4599 361
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o B 1P

(232 13 390 475

IE 24 938 615
B 26 1332989
=% 45 5192 447
P& 76 10 397 047
iz 13 738 246

2.5.2 SEHERREFEGYESEWE

BT 5 EHEEE B R P EFARAE, FEE M SC i FE N T, HE LU BAHER . (R,
IRMEABARE IR INARE . (KDL EHEDCE T RAER) POHBIEAEYE. EE R -
RS W SCER R R O GRS, RS, PRt T AT 1 F R BRI LSS R S
FERIERL . (S EMEDCER BT A PUH (KD D EHEPCER RER) — B EIEA
gm%e, XA RSO R TORME TIBB S, Ry “G0s” JFEN, WerRTHE
e T B3 339350 .

AR (D EHEDCEE R S0 4gm) , DAPNGH 06l (D FHEDCE R 7 X7 2d) &
— U o A (5 EHEDCE TR SO 44 ) PN TAEE005k S EHE R R F 5 CF A, H
PAYIIZEYOLOVS H brAs A AL, A YIZRIF T YOLOVS B ARkl B2y, 15 SlAs I 54> %1 H
(5 EHEDCES T4y TR T RI93 8415k A i C 7RG . FEET (D EHEDCER &
T BT, oI B BUREET N T R, IR AN T A
it N — A SR AT, T RO R aa A4 . JRIREEE S L 5) N3 3393,
R BN KA IREA B A IS, AR K N3 086, 5/ MU, FEALLEIZI 43 000:
1, BARFEA AT E2.40R .

1000 <08 914 928

900

800

700

600

500 408

400

300

200 171

100 l 20
0 I

1 25 6~10 11100 101~500  501~3086

FEA I A X [7]

K24 JRanEEEEA D ST
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N T RREAE A R BUSE R A RE 7 59 1)@, 78 J AR H s AR Al 1, fEH
BAGAN-GP W 2% ¢ =) Ty F HE fii 77 SC7 () TRAFAE, 06 H B BUBD 1) S AT FEAR A B
AR R B2 5 R, Kb S — SR A A, AR B IBAGAN-GP M 48 A8 i S 7 B
FEMCEERL B 25 S SR g R EoR, AIERENLUIER: . BENLAA . DI R 5505 2Okt — P
PR . AN FHARE DR IREAREZI N3 000, SFEAE 10203 022,

APUA L RAEA GBS EFBRA A S
RX=XRNERZX RPN EEESE
CYLLsEE R R IRRAE R R E
TERERECRR L 488245008
PERSETRIEY ASAAAARAAS
A 0 O D e e e |
ERBEE AR ARAEREALRE
5 7o o O =) o )
FEERFBEBAE WEFRPPIRFEF
RECRERERERFHFYDOREF P EF

K]2.5 BAGAN-GPA: Sk AR 46

2.6 KEINE

AN B S S A REAT T R A kS SCAS TN A o B o R R R T ST R B T T
MBI AN AR . 8 P B R R SCR TS T A 4R 118 S R EOR UK IR, H R4
TBERTHUIZRTE SR, £ #5175 S0 IR 5 A48 T 25 Ot 5T 28 FICRNNS i
LA $RRS o

SRJEIT R T B R SCRTE RN i TS B GRS R . HEAE T i R
IS B 28 e A 0 Kot 389 58 05 3037 78 Kot B AR R i s 1 s B 1R 45 0l R 1) Sl A1
1l ) i
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o B 1P

F=F PEHERIIATMHAR

B FE R PR SR S S BB AR, R A b 2l ST [ A AR PRI %K
HERZEAR . IRABF PR ZG2A R . SEEIm R T ACa B A A E A E . H, e
[ Rp oA 2 SO A RN, PR ZGA Ay b B AURE 2 B AT I b A S = 1
PR, HESFENBE LRGN LHEM S E . AR TR SRR,
F R T R o (R TN ZRBER TR AL, SEEIUOT rf B2 vy 8 o R 2R (10 SCAR#EAT 00, AT i 0
A ELKIERE TIE, I TR

3.1 ACMBBERT #=2&UF3i2 %%

3.1.1 BERT #&#l

BERTHAY & — Pk T Transformer 2274 1) H I B IR Z X AE & Koy, il s
B 5 AR AR AR R A 5 SC A s S AT T, AT SEERER R R R SCAR R IR . anfE3. 1T
Ny TERIN B K SCARR, BERTHR A I8 i 25 1) 7 ] S 2 SCAR HR RN e 4oy — 4k vl i
W SR M A E M & IFAE ARBAN ; BIR R N &5 R R

S0E UE BRI R ER R .

f

[OA=dCE

SO

0000 000 00
0000 000 00
0000 000 00

0: 00000000
0000 000 00
0000 000 00
0000 000 00
0000 000 -OJ0

ASCA

()

@ ®

3.1 BERTH 2 4 A\t 7 i &

®)
©
(=)
®)
)
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o B 1P

FEMLMAT 55, BERTHEBSTE R N A5 A1) o BEATLHE 55 45 1 5% 1A],  F 3 bR SR TN B
i . 1325778, BERTAT-7E A gl Bk 25 (11, 80% (11 O I K FH —ANRFIA ST
SIMASK] & #t, 10%1E 0 T KA —AMER A B, FR10%IE0 T REFFEIFICAAL . i
SRR AR R S B 2 AT S 2N RE R M T 24w (3], (AR B 22 M AR T b S B 2 T
.

(=)

—
CJOICNORONONE

T 4 @
Tarim T T
K32 MLM{ES B K

3. 1.2 ACMBBERT #&&V93Em 12

K3.3/#/~" T ACMBBERTH R IR BIRAR, 70 =40, 1R TR EE, AL 1)1 25,
DA AR I R A . S2EGAE U F3REEHE4T: CPU: Inter Corei7 11700K @ 3.60GHz. GPU:
GeForce RTX 3090, 47: 32GB, #fE &% Windowsl0, 6417, #FEiE S Python, 7FiFk}
TRALFERT B, WOARHE T T 6084 H & vy 5 1F Rk 0 HLdh A7 a4 4k 518 vE, A 180%
TERINGREE, 20%(E AR . BEBYTRIZRRN B, AE S 45 22 Pl s e 4 SR e il 2R 2 8k
TR, EHHuggingface 2 fiL i) PyTorchfit BER T-base-Chinese E Il Zx 5 L ff FIMLMAT 45 5¢
BT TR S o TERE TR PEIIPN B, (6 A “hit@k 1E VRN FE AR, IR TN ZR8CR
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Hh | &N

i P b F L 28 i VI 45 79 2SR

AC B Tl SR Y m

A

Y

6082 i sk 4 4 e 2
FE G EER

Y

B E

y Y
WIS vk 4t B o R T R
iy I &5

v

£13.3 ACMBBERTH Y 4 4 S 56 i 2
TERERYIRIENT B, ACMBBERTAE A AE H 22 oy 515 k) i AL _FIA 3] 1 60.79%hit@ 11
80.57% HIhit@5 PA S hit@10, B ACMBBERTHE B! 7E if & 1 £ 15 B MLMATE 55 E4560.79%
() JLZ ] DL B 345 IE TR IOMASK N 25, 80.57% 1 J LEAE T 1025 T o, H 300 16 ffd 64 0300

3. 1.3 TN iEFR

AT “hit@k 1ENERR SR TR I PER 4845, BPIERLRLSS i ATk AN T
TERR TN o5 BT A A7 R e W SRR 0 TE R T HE A% B AR ET, e AL AY B M R R
F5 . WR3IHFIAG 10558, BRI T RN BLSEAE, AP2hit@1 RIN100% . SERR1E L
Hr, FTREAE SRS E B0 T A S I E A, iR S COE 2 vHibhit@Ss Mhit@10, 3R
ANBE YRS AN FIRT 104 T o b B SR AR o s R ) A 20t

3.2 PEHEFEREIATMAFR

Hh B ol R ERR SCAS TR FC AL U B3 47 o O 1 W LB RHZE B IE B P R B R
TARMSEm, SO B FE SRR ER > GRF NG ERE. e DUERE,
DK e B 1A H s v A SRR R o AER 70 52 R 3 TR 2 (1 Bk it b 70 S0l 3o T R EAT
F, R HAI80%E N UIZREE « 20%AE MRS o D 1 i 18 1 r B vy S5 SRR SO T 1)
AR F AR, AT Bl SO R SR SRR, EaaliBRYERI 1 (3

17

https://www.cnki.net



NG EREIGEE. LR DOERE 28 Lo I ZiN-gram 5, LSTMAF Y
BiLSTMAE R FIBERTAL A, 53,1 2 [ ACMBBERTAS B [ Sz 46 45 kAT % b, AT i ik
AR, IR IE R R AR I H B SCARE B s

HESHIEOR
e S

=5
&
3T

sooslllERgE, EAER 20% A, ARELNA,
hEHEL AR :> ACMBBERTHEE!
EFLE

#

il RN N-gram FoF M AR A ol AR EE x
g0oilllZREE, HERIE gyt dlitiary 200 EE, BRI, N
BiLSTVNEEEF R EY &

L::]

BERT i AER

socalllsrge, mms | NeamSEFREOBRE | oo ik

. LSTM < EHM&E S HE
<<%Q;Tél ” BILSTMKE#ME D> HE
= BERT < EFMEY HE

K3.4 mrle FE SRR SCOR TN FE i AL
WEZRTERUR 70 AAEXS LA AR 5 I b i A A R AT I e KT R ) 15 A
WSCARMEE 5%, 0 d # SR TP R SRR A BENLIR L 2 — A B350 10
F AN Z) Wik, —47—2%186), [ “<mask>" SRiCEEKIE &) P BEHLIR 5 5
G A 2) MRS 1 00055 MHKTER SeZe i DU 52 03025 MGk, B,
FEI AR 15 180 623 2% M B IERE, A AR AR A0 368 7 Ay i b B — 2% Dl et S T

e 2 1l .
e OBk A F O <mask> F & . A W B
i Bl o« B 5 PBH O JF o, im AT BL R, 9w T BL Rk . Il 22 <mask> ] ?
£ 2 B 4 A <mask> JH. JF Sl BN R .
B3 & K . P8 . 2 Bl <mask> .
BE o, 1 F B OB Y5 OEE 2 % Bk B <mask> .
W WohoN BE R <mask> 0 A N Wi G
Moz FE H, <mask> 2 FH ;
# A b 12 <mask> Wi . I bk fE AR W & B R
Iy /i34 B : & & <mask> » 1 H H 2.
o Bl B 2 5 <mask> P 7

K3.5 (BEANE) MKTERETT
N T VAR LS R S A B R SN A RCR, EBCH ki SR B E
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BHRHY T EREEBE — ARSI, SRR HINR A TS AT LR,
WE) MIRATHOARS 282 INTT, kg T (W NE) fEABEEX % . Bk
TEECARIE R E RSB (NG FOCRA GEWNE) BHEHr &, BHaa A
“HERTFE-S” EARLEE, fE R FE-S” THRLE FEFIZACMBBERTHLR, ¥ H A4
N “ACMBBERT-S” #i#d, DL (B WA B SCARYE AR IE R g M R S 347 I3

N7 MNRAEA Z ARE T, FEEEAS R T A AR R TR 1 B D T HE R F AR SRR,
W 2 9 R FE-MWD BB , 78 R & 5-MWD "1 RHE B E I ZFACMBBERT
B, ¥ HAr %N “ACMBBERT-MWD” B2, DLy £ HE R O8N0 SCAAE I s R4
MRS, WHABA 2 AR T

3.3 ZER DR

3 NIRRT 3. 5T IE R 1056 MATE Rt 25 3, a5 — S Rb AR H A<
H<mask>3F4, AW, BAHHH “f, 0.999891639”. “/ik, 0.0000349873371305875”
M “H, 0.0000289914169115945”, RIS FRILAR ) “<mask>"7] Ge k> H”>, [A]
)0 R B IME MR 51X99.98% . LR T, B 225 tH &/ 05T, BLACTII
FLSAR IR

3.1 BTN A

T RS T2 IRES T3 IRGES
@ 0.999891639 ik 0.0000349873371305875 H 0.0000289914169115945
FS 0.999989629 i 5.30911893292795E-06 8 8.90942146725137E-07
i 0.999875069 b 0.0000221588470594724 i 0.0000164736065926263
& 0.999988079 il 5.73332863496034E-06 7% 3.42004818776331E-06
ik 0.999992609 H 3.53919358531129E-06 1k 9.41970824896998E-07
i 0.99992466 pUij 0.0000336658849846571 V5 0.0000069860293478996
B 0.999988317 b 5.81890344619751E-06 75 1.50885739458317E-06
Z 0.999897003 ] 0.0000187704736163141 £ 0.0000169722879945766
Z 0.999999881 = 7.79439943698889E-08 fif 2.05727399560373E-08
# 0.996884644 18 0.00293516251258552 4 0.0000466143937956076

RI2MFR33EIR 1 SIS B ZRAE AN AR ERERBL. X R3 2R3 345 R it
A7 A AR A ) R 1 BRI AR I, BERTAE AR B i, BILSTMEL AL T LSTMAR A,
LSTMA AL B B AL T N-gram 5 B s X 33 2R3 3 30 45 R HEAT %15 BHE R I A3 b, w) LA
KRBT SO, BRI TN ORI, Bl 2 B 5B B L SO T B R LR,
HwE T B F VG R, R R, e P B A R BRI N, W EEE
HTARRCR il .
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232 RATT Y| B T 5 S

VL pm : Rl
hit@1/% hit@5/%  hit@10/%
(EEHANZA) NGE  N-gram (GEW L) A 50.45 66.42 71.34
LSTM (B NE&) iy 79.00 94.00 94.00
BiLSTM (3 N4 ) A 68.03 81.06 84.36
BERT (7 N&) A 99.40 99.90 99.90
Fe @ U 2R N-gram 5628 P U Y 51.31 67.55 72.25
LSTM 4% i 5 A 75.11 93.01 95.99
BiLSTM Ja % P A% 7Y 75.34 93.53 96.55
BERT %628 Wi i 21 97.50 99.40 99.40
W R SRR ACMBBERT #7 99.50 99.90 99.90
3.3 BRI A T AR
e . NEMN B 7\
R B hit@1/% higé'/ii'ﬁ it @10/%
(A NE) MREE  N-gram (GEw L) BRI 22.52 41.44 45.94
LSTM (35 NE) A 23.63 36.36 4727
BiLSTM (i N4 ) Bl 28.18 35.45 42.72
BERT (i HE&) iR 39.00 56.80 56.80
PPN AR N-gram 5628 P DU Y 32.03 50.89 54.49
LSTM 5z A Y 37.12 54.19 58.38
BiLSTM a2 i Y 38.32 54.79 60.47
BERT %628 PR {54 51.70 70.10 70.10
R A ACMBBERT #5#4 60.79 80.57 80.57

TEAI (BETFNE) K (BETNE) B N R &8-S 1BRE EE¥
WZRHIACMBBERT-SH Y, F£:20] LLIA $63.36%Thit@]1, 82.57%FFhit@S5Fhit@10, EPEE
BUE (BEFTNE) FHBR—A T, BRI 63.36% ML AT T8 — AN T 45 H B S i,
45 82.57% I AL 2 7E 25 A A BT SAS BRAT 104> TR At B0 L s PR . S 45 SR R,
ACMBBERT-S# 74 {5 4045 5 20 5 5 ACMBBERTH B £t & (MR SO M5, W T
ACMBBERT-SH R [ 512 FH 4

A, fE—2et X O 2 ol &5 b L SEB 7 B 15 OL F , ACMBBERT-SHEA! e 4,
HFNE AT T . W9734FE Kb 5 EHE 11 (H W) FEESN A IR
2L HEARY, LG EM LR . Bz g, DA, 7351, 007, X eO”
RE T, BRI EE—AS “O7 Ty “LL” “2p7 “Bp7, 2407 fmh “2”
“Uz7 37, ME—EERAE (BEHEREE) PR E—A “O07 e 7“7
IR, TR RS AEAE (R TR EANE) BIFRRE s —AS “O07 FRRAH T Y27 KT
W FFETDEREE L1 CEE+—IKRE) DK “ B ohig, 758 L5 FEE BH.
Hos: 78, D W, BRE/ DK, B hAb “ 07 25 H il oy « iy
“HT OO O, R BARARE (D EHEE D) R UCNIALE) “O7 Ry < .

M AE S B T 5 T HERE A OG5 B 1) B2 7l 6 -MWD” 8 BLHE E 1)l 2571\ ACMBBERT-

20



MWD#HY, 5 2 1] DLk $37.58%Khit@1, 51.42%Thit@S5H157.44%hit@10, BI7E C %01
o FHEEE BiERE _ERENLIAIR— A7, ACMBBERT-MWDHL R 37.58% ML 76 Higs — A
TR P 25 S IERR TR, 5 51.42% M REZ7E BT 10> TN H 45 H IE R TR0, 57.44%MER 7ERT -1
AP R H I SE T . 5 ACMBBERT-SHEE R AH L, ACMBBERT-MWD/ B 7E Tl & +
HE [ 5 v B 2 ST IR B 22 B AR S S ACMBBER T-SH R T € 57 NS ) (R oA, (H
WU TR RS T — iz ke

SR S5 AR T AR SO 3 (I ACMBBER T Y 7E v 5 1 FE ik 2 SCAE BAT S5 EISEH
£, ACMBBERT-SH: Y F1ACMBBERT-MWDA T {1 564F 5256 3R B, ACMBBERTAR Y [ i
B — Mz AGREIAHE Ve, AT DA JE 8200 st b B S FE e B iR IE S 2%, 4
W R R E T T R R B R T

3.4 KB

A F NG T ACMBBERTH A A IR AE  VEAN 8 bm Al o B vy 8 5l 2 SCAS Tl
TR . 75 B B B FERVE LR T K8 S B8, I6IF T ACMBBERTHI R E
B SCARTMAE S5 EIR S« K ACMBBERTH: ALz F 2 & 5 #E S AME E 554, 43 il
% 7 ACMBBERT-S#% %! il ACMBBERT-MWD#: 8, H i ACMBBERT-S 1 & {F-hit@1 M
63.36%, hit@5AThit@10%)°482.57%, ACMBBERT-MWD ! hit@1 }37.58%, hit@5 AN
51.42%, hit@10°457.44%, &3] TG — MRS FE ARG SRR E R, AR
B E T X RS HE M.
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HNE PEHEGEFEX TR

bEE R R E AL RN R R, RT IR NSRBI, Rl Rk TR
AR 7E RO B A AR RIE I — R . Kyb B 4 i RSB — A
PR2G A, o2 i S EEAR L — o R A0 T P R AR 2 Kl (s &)
GBI T, ALK O JE i BE RIS S R AR B YR ST K . ARSI R A SN T
(¥ 77 A B o R A A CARIAS TR, (KIS EHEDCE R R EM) BH 7Y
FHEW TR A s I, (S DO TR R ST g ) AN T R B A S
7o BN T MRS R W SN SORUE, BT R BRI, R R AR, AR
A, SIS THhERERERR, Py XE L ERAHRT R ST

DA BRI TR 2 2 BOR, I e e B e SR iR it . o o s PR AR
TR AGTE SRR AR LR A5 T R BB SOR PR SR R ST T W T, S
L EHEEE A3 R BT 5 3R BRG], i E 5 H, Bl Ry, v E
AL AR AR S ESE TR T

4.1 SEHBBFEREFIRHIMR

Ly HER] R BT 5 B R ) A @A BT B — A BB R A, O RAE T
3339K MR, FRTHEERIIZALRE ST, MR AR W i i 35 AR W1 R A&
7]

9 T W FTAL P A2 XS 470 W) 24 A G2 250008 38 ik 77 3251 4 0 4R 1) 07 200 S R i A 7Y
AETRIRTHHOROR , 10003 T EUR 7y AT B WL 2545 2 ImageNet!™*] b &N 25 15 R R B,
X T Z AR EE 0 RN AT T, ek ResNetDWE YL a8 58, 78 J5 46 204
R KA A B HEAT ) DO ] e SRR AR B SR

AR, 9 7 BTSN SRA AR Y AL e IR T B2, 1 305 ResNet DenseNet0),
MobileNet!®”),  ShuffleNet** FIEfficientNet!> 11X F1/MELAY 73 it 47 Mk U 25 BLRIEFE 52 21
Sk, LB AR AS [R5 2 SRR 70 A5 ) i 2R A SO

4.1.1 HiEsE

O EHEM R TS SCF WA SR HE3 33938, SR 46 BE B A A0 M AN
Ho w20 “2” FH3 086 MEAR, T /b BITAUE —/MEA . BE AT 1) o] B0k 3 2
BRI AINFEA SR SC R A RIS, X REEARSE A SR A R G, TS i B AR
TR RE S FIVERE o DR i SCHE JR AR E s SR 2Lt B ZR T — /N2 T BAGAN-GPEUE A= i
R IGEIREATY 70 I AR O BT 2 IR AR AR B, B R AP AT M — e FE b
1R8] T 5o B — AN FES00MFEAR, FEAKE 10 22 BEATSRAFAE o (R LR SCd it B ML e
BEALAG . NS S 7 Aok — B P R AR . e, RSB E R HEY
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N3 0005K, SIFEAE A #CN10 203 0225K.
4.1.2 FNIEFR

L EHET] R 0PI R — N2 2RI, 22 K In) JE R A8 T 3 Precision
Y3 B R A 22 F L -score/E AN $8 4%, T Precision. i~V 7 [B] R FHF- ) F 1 -
score = H EEE L 5 HERZ Accuracy FHSE, TR UAS SCAE FH Accuracy fE NP Fa b,  BAA T
HAKXIT .

W NEAE, TP. FN. FP. TN /RTrue Positive. False Negative. False Positive. True
NegativeFEA I E = .

HER R A S 4-1:

Accuracy = i=1 TP 4-1)
2=, (TP + FNy)
WP Bk R 42
- ie, TP,
Precisionjcro = (TP, + PN (4 —2)
P24 B A T 5 2 3(4-3:
Recallpicro = =5 i=1 Th 4-3)
i=1 (TP + FN;)
TP 32IF 1-score ) TH 5 A 2t X4-4:
F1 — scorepicro = 2 recisl0nmiery X ReCallmiery = Accuracy 4-4

Precisionyjcro + Recallyicro

4.1.3 EEZHS5ER T

I 1 17 ST IR AL R I 2R IR BE 3 A Ubuntudf/E 248, CPU A Intel(R)Xeon(R)
Platinum 8255C, P 1740GB, GPUANVIDIA V100, 17 K/NA32GB.

B30 iR AR — N2 KR, IR A8 X vk ks it s i Adam,
HAee e H i i) S iB ol gs i Al () 2 %, TP s 8k, I H e AR I 1) 4k
HOCMB R . B SHLEKAL,

4.1 ResNet#i 2 Hik &

FiaBEE PR SE
EBTES 0.001 0.001
L Adam Adam
AR EL 20 20
LKA 64 64
1 R A8 X I it 2 A& SN

I 2 2106 B S 36 106 EE MK I 2R 5T 24 S Z IR RCR , BAREE 2 8 B W3R 4.2,
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RA2 IR RS HIE

U=

B R AL o IEAR KB NN 152K PR AL
Vs
ML 25 0.001 Adam 20 64 T XN RZE
ban 2= 0.001 Adam 20 64 XN R EE

£ 221X BAGAN-GP AN K3 1 5 4b S8 A A J& 1714 2030 48 LIl 2R [ ResNet 73 S84 L 5
YRR . INERAZHIR, H TP EEE R I ZR T ResNeths R 7R A SR MGG IE AR 1 2R 3
FREAL T T UG E AR R 2RI ResNethi AL . AL, JFUREERET R TRAR/D, DEX
POINERRI T Bl <A 7, RS LT DOgatER R . AL, HdE g R AT
PE#f S 2 R 7 AR R BEARHE R 3, T A SCHIBAGAN-GP A G 8dle 1 5 Uy ik 45 A Ak
£ )7 AR DU e B S HE S ) e Bt SR AT DR, A SRR A B R ()1 225
A DU BIRRAEH .

K43 R RUE R SRS HER R E

BARERIR
W ARBIESE WRHIEE
iR
JE GAH s 42 Il 5 () ResNet 89.408% 72.770%
TR BRI 25 1K) ResNet 98.589% 98.328%

WE4.1. El42R/1R4.4F07R, BB pre”Rn LLER 22 2] 07 KNG IIBEAL, “ unpre”
TR VIR T7 NSRBI, ERARIT % 2% ST A S I 25190 b 77 2045 31 1) 43 SRS A AE
WEAEREM R Z AR, (BT 315 R BRI Zod 72 o 7R AR b 1 HE A S5 A
P AR A e B AR BT IF HOR B S,  HAE AR B e 2R A0S = T MR ZR AR A . AR
R RN DA SRRV 5, A Sk R EfficientNet V2 smallfF i 2% 1) B 3 HE Y B £ B S0
TR BRI A3 AR

4.1 AR AR e A 40T L
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007

——Resnet_pre Resnet_unpre

——Densenet_pre Densenet_unpre
006 Mobilenet_pre Mobilenet_unpre
Shufflenet_pre Shufflenet_unpre

'I Efficientnet_pre Efficientnet_unpre

0.04
003
00z

pord N\
-\-\I'

0.00

4.2 F AR S loss X HE
®4.4 PG RS 2 > AR — %

Mk R
YR
WA e ‘
S RN WREERE MR
%

ResNet152 98.589% 248.8M 98.673% 248.8M
DenseNet201 98.743% 94.8M 98.598% 94.8M
MobileNet V3 small 98.005% 19.0M 98.405% 19.0M
ShuffleNet V2 x2.0 98.677% 46.7M 98.871% 46.7TM
EfficientNet V2 small 98.874% 94.2M 99.048% 94.1M

Ly HE R T ST I BRI SRR 4 SRR W], BAGAN-GP 28 it A 5 7% e J 4l 4 5t
JIiEEs & 77 BB AR I UG Y 5 BT 7 5 SO 8RR Y e B TR S Bl
AN FREG KM 2 EAAT IR R s IR ER R . Iesh, G231, &
ANTNZACE, AR IZRnT DLEE PRI S, vREff 28 th AT DAAS 31— 2842 T

4.2 FBRFEXARFINIRAGER

Ly S HE ] 7 T SO I B TR IR FE AT DA O B X B o HE M R R R A
WIS AT 02K, RIS g 1 ) T 5 37 e SR BT FE A B R i AL, B IS
B, AOO L BEAT IR, IR ASRE R OB W SN 1R B A . Rt
& 1 5 SOA P SR BB TR AP S SO KRG DR, i v il 73 SCASIR B R A
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HERRAR, JRRE MR, S EM RN FESCR RGBT, WK 43 fa. B
YOLOvS T H bl A 5 (&) A e, e N TR, 4
J - EHETT IR AT 5 R, ] BAGAN-GP [ 48 NI A% G #ic4is 1 o 05 v2xt
AP B EIATY TS, RS EHEE TS R S AT R T TR AR R
fiti b, AEE— S BRI 3K B R, PR BB B I SCAR A, R SO R Kt 45
TEON B EHER 7 P 5 KSR I g Es . Wtk T RUE R E KA — B IR
P&, JCH M EHER AR A P AIBOCCAS], HAR N &R (dh) dinbest,
RIBTHEHE R RCR . A CRVD S e AR R T BEAL > 1 H 1 3431 B &
BEATINGE, AT 2R SR SR I RN B 3 e SRR R A LS B R PR RE . 555
R 1B BB SR I ZR I B R HER 1 T 5 KSR R R (1 4y i S A\ 2125 T ACMBBERT
A TR o HE DR A5 SOATERMYOR 1) 5 EHE R P SOR 2N B o, o R g 1 e ] EAF AR I
FRURIEAT 2 IE LR TH 5 HE ] 17 3 5 K SCAS TR AR AL PR 5 R R HERA %

=y 3 'FH i3

Iy e . BEfEaE| fE:Z_ srippaag - _
ﬂ:yﬁ £ T g | g = : > e - Eﬁzﬁ@\%‘ﬂzfﬁ]
b 2 - YOLOVS ?‘f& BaGANGp | T BAER

- ; = ELE

REw ;E

el B L

. IH

=

Y

REWR | srpmessk | HERIS

e I YAIRRIEA

CRNN

LEET TELR LT VI T 51 B PRA ALY P

X
%
2|
%ﬂz

Bl RO | g

K43 fil i 5 SO SR BT T AL
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4.2.1 N 18FR

TR 22 2 B H PR Fe e A HER R (Accuracy) F& 1% (Precision). # [A% (Recall). F1
i (F1 score)o Ly HELR A5 i SCAE B R AR A Sy A A0 0} 7 45 EUER SCAS R 1) g
DAL A AL 2R E PR 48R o SUAR AR 43 b N o 28 R 2 285, A5E B F00) 5 SR
5 RSB MA W, A B R—A ZarSR IR . DRI SCAE TR R [R] B G A N ) 2% A2y
M TERe, HARE, KR FUEE 8PS, Siit B8 e ke i o 4 A 1
A IEETTIIRE ST, AER) T RV R0 B AN ) AT SUAR A AR B ), TE TR0 1) 2
fili_E3EhnHER AR VPN TR AR, ST BRI Y ) AR AR AR TR SR A IR B XA T IR R
VAP

TP. FN. FP. TN#/rTrue Positive. False Negative. False Positive. True Negativelf 4
A .

HERR R A K =04-5:
N ~ TP+IN (45
Oy T PTFP+TNTFN >)
Fa R H A X anX4-6:
Precision= TP (4-6)
recision= TPFP -
A BRI 5 A X 4-7:
TP
Recall = TPEN 4-7)
F1-scorefJ i1 & A X 4-8:
- _ 2*Precision*Recall 4.8)
-seore = Precision+Recall (4-

4.2.2 EEEH SR

I FHE T 5 507 R A8 TOCR O 471K, Optical Character Recognition) [f]
Yo, 5l FH AU OCR 1 X I AE T 1 T HETE] 7 SCAR N AR RFIRYE o 5 3k L 1 1 1R kg
ROVECNTE, HiENES, ZRHRET, FNELETERER, MK ESE. H,
I HEE 51 R SCARZ RN AR SCAR 1], T OCRAIE A i CRNN VA LE L S A 1) 317
Al B2 N o PRIHOBIE A R e Ak TR A RO SEANCRNNGL Y, IR FHETR] 3L
AR

FEAR T T HE ] PR K SO TR A8 R 7 A il i B R Hh S T T HE T A PR RS )
£ ERUS TR, EAE R AR EIHET RIS B 1 86.73%, FEMIASE bR
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BB T 63%, {HAUERF A IRTT2E . 318 BEAA D EHEE R R KA
F7 B A B TE T 3 1] 7 K SO RS B R Bl b, DL T8 3 185 B R SOAR TR S B 2R
HAE NS, BRI A SCAR AR SO, Bl A “ 28+ ikka” , s
DRI “ =7 @ —AMER, R T I ERE R SC, TRk “=7” Sy “—”, &
g IERRI TN « BBk R, SEHU T T HE R R K SCA TR Y i AR AR 23
B, NI FE T SCA AL 50 IR 2

FERFEB TGO, T T HE AT K SR AU I AR R T 2 HERf 1Y), RIS R IR K
A, K10 FRNIER], RS RAENH AR EII . Fitk, SRR, B
EFXfEE AR, A UURESE T E R ER, ST E . RSO TR
M FEr, RSO T EEII83 032 043 7P R FE 8k 48, & T ACMBBERTELAY,
AT AT DS A Y A b AR B 0 2 S 1 T SOAE BT H — 2% r IR o B SR R R 1Y S
o BRI, 18 303 TPyCorrector I [/MacBERT4CSC (MacBertMaskedLM for Chinese Spelling
Correction) XK T T T #E B2 5 S A K ACMBBER TS B BEAT (0, #3154 = S 11
SCACAAEARTY o I T HE R B R SCASTR AR RS (1) 4 VR R D T HEER P SCAR A A AL N
DAR LSBT N D EHEE B A PERE . i, MacBERT4CSC/2 fEMacBERT (MLM
as correction BERT) OZEERH - (50738 X 28 45 44 [ o SCOSCAR Y AR, i\ 17 e i A ) X 4%
RS 2 A2 48 2 i loss INAUAS B i & filoss, B i HB&E BE 1 rh SC2U BT 45, 638 P 4T
FHE RIS .

SIS RN R 3A4EE4T: CPU: Inter Core i7 11700K @ 3.60GHz. GPU: GeForce RTX
3090 WA7: 32GB, #1E &R Giwindows10, 64147, ZfEif = Python. S5 N =B, 7ETR
REFRRAY B, B RS KNG — R 932x512, FRMOR A e, 7EPIER ISR B, 4%
MobileNetV3{E &M%, 785 FH Bl HHCTCHIfERS 7, ik #8 NAdam, “#>1%
“40.0 005,

F4.5 SURUHERRIVERE

e FIFLR CIER

R /%  ABEY% FLE% HERER%  BEY%  BEE/%  Fl11E%
‘ SEERET 99599 99.971  99.785
Y gsE i B 98412 98412 99214 99.2

2 AR 99.598 99.569  99.583

R A TR 99.735 98.683  99.867
IS3IE . 99.134 99.743 99.133 99.57
BUESR 2B AT 99.863 99.874  99.868

- R A Y 99.584 99.967  99.775
IR o 98.236 99.817 92.236 99.11
als 2 AT 99.518 99.551  99.534

A5y HEDR AL SO LAY A AR R SO 2 B B 4R BRI, wl AT
ACMBBERTH5 74 11y 3 [ A5 SCACTE I 26 Bl ] (19 B 4 A5 SO A B T A 7 4 R )
THRAHEFIRGFHINERE . R IIAIAA AT DLAE G A I ) o BB 5 R4 He IR O T,
1115 HL AT CLHERf 3t A B )12 SR AF AR B 7 T e A B ) 1

28



K46 AR SRR IR AE DGRBS LR B oh A S B U 2R i) 1
1A SCA VR I A A6 A B 5 SR HEfT 7 PR IR A A8 1] 1786.73%, 11T+ 15 EHERE
] I A LS P A ZE B AE Bt . SCPE BIR AP AE — 2872 57, P MBS AE AR R
BUFASEAR . 1005k 7 eb, AU 635K R 1 58 42 IERf K T

®4.6 AR RE

o Bl 5 e
‘ R B 86.73%

11 Ats e ‘/l:lnl %;F;J‘ 5 3

I T HE ] K SR A MRk 63.00%

S A UL ) 1 T ‘

EAIE S S T HE e 91.00%

PR AR SCA R AR Y

Xty 2 HE ] K SCAR TR AR AR B R A T BEAT 704, DR R R T, EARKE
SEF R TRIN A TR R BRI AR IR U E . A, IEWNERA.6 R S A5 R P
N, AT EHERE A SCR AR IR AR BEAT A I, AR @R R RT T ORI IR
IR HER A o R, A e SR R BE LA B, HESEAREE 2 A AN AETE SCR R
PRI AN 285 F& SO AR A AL A A R B B RHR AR R AE B A (52T, MIE1007K (i 5 £ HE
B i i e A M ISR b, B R HE R PO A T BORAE SR T T T 1
A SCAS TR B AR A B = HE R 5 A S ] 17 S PRMR e <

BeAh, O T RAERR 2 AL RE ST, W SCE MRS B I B ) CR[EIBE A7) [Cep
I T S0ME S, DASRAIEEE T 1 T ) P4 B A AR 2R R RSO B BRI 2R
Ly 7 HE BT 7 A SCAS U AR 5 75 B2 R0 R P 30 R A H vy 5 T 1 S0 I BE T . SO R
25 L EHR A5 IR K SCA B G, K KRB REK S8, BIER &2,
AT 134407 X F250E oy R, B FHERRT R K SCAS R AR R e % HE R R 5 L P 1918
BE, XTSRS R SCA B, AR BENS 76 4= a3 U Unl H B DA 41, (HR AR
Xt 2.5 B B SN e 22 SR 347 HLACA — A7 IR R AUAT 1208 o[RS B AL R
AT 134D IBIAN T, FETAT LINE] 1 60.44%HIAER 2. WnE4.4f7R, B R
OO0, R SS H P T A 050 ol 2 T AR R Ao 51 << Q00 F) <400 - A R 1R )
N T BT CPRMIR R B 2 g R A e R — AN B, RO TR, “ARAEX A
T — D RBER B Tl BE—Bxf @, B e <BIRT <RIAE T
o WRUREL, XETASE ERAMUZAR . UEY] 75 EHER A OSCARR AR R 52 >
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o B 1P

BT DU ISR T HRAE, B € ALRETT

N

s

a4 CRIEIER) #51  EHRIR B 5
4.3 KRB

AT I EHETE R SN G, FIRIRBE S S HoR, M o F A i S0 iR )
W2%, FrBAGAN-GPAE RN HLIM 2% 5L SR 1G9 VA S5 &, Rk 1 h FE 0TI I &8
EH IO R AR AN~ [, 3 1 ResNeths) i B 73 FBE Y B0 12 2 48 i 7 =N AT AT 1
WGBS 2] S NTINGAE IR 2 A RE I RIS SIOR S . 26 56 T M e 1~ B
FHAEEFICRNNGEE, BEHLA R T KEW SRR G EE, 45 EHRERFEEKL
AAFUNARRY o fif i 1B TR BE 5 2] 720 oy S AT B A R = A DG £ B FR v TR
M), $ETH T B A R AR . BT 5 EHEER B OC AT ACMBBERTAR B HEAT f 1
Mg T EHERE B AL FERRIG S MR CAYEE A S S EHFE KR
WOABR AT 45 G, WEMGRSCARRAS A EE, -7 7 5 F HERE 1 i UG SCAR IR Sl g v
M.
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Hh | &N

EHE PEHFERAXATNIFE N FIRA RGN T FISIR

ARFEFLT AT LE BT R A B 775, i HFlaskHEZZFTHTML . CSSHlJavaScriptdh A5
THHSEIL T X GTRR ) B2 oy R B R SCAR TN AN F 53R RS, REGHE A= FE
DIREREILE B, 73 ) SR RSO TRAR T . B FHEf] i T 5 B BUR IR AR IUR 5 F HE R
TR A FHNIR AT . 2 AT DUFE W 50 A (5 4 A FH AR SO s 1 o 28 vy A6 e 2 S A Fill
R AN B T 5 S0 IR m s A

5.1 FESHEBHREXATNAMFE X FIRARGHIEIFIESR

5.1.1 RGEEXSHT

ARG H S T R SN S A A SCR S ) v B2y FE AR SO R AR, B
HET] 5 B R R DL R ) EHE DR A5 K SO P IR A, RENS B 4T U PR A AT
SR ST R T B = ] 17 PSR T 5 S R VR ) A 0 5 SRR e 45 i o DT 2% b, AR
ARG TR AT HY LT LA

(1) SCRFF SN LR B2 2 SUARTE L

(2) SR EAERF IR B

(3) AEUER AL (R T 5 R 3R IR B, JFAE T B

5.1.2 RGBT

AGUBARNEL NS 1R, F i R 0 _EA% A5 I o SO AR RO R, AR S5 4%
BRSO P _E AR R, IR P SRR SCAS TN AR 2 el SCAS IR AR At Y AR B SOA . AR
BEAT TR, R PN 45 SR A e 55 4 A [R] Airsim  X TR7

bk, Eig PRAF 3 A 5 A B R
4 = : %g: 4 » &i .VEQ
I [F i3 2.7 it T AR

K5.1 RGEBAREE
FEEFEEREERGEE D E AL = ThRERIR I, SRSORTIE ., 5 E
HET 5 B PR R AN L S HE R SO R AR . & OSSR ™ B itk s
A AT AR S5, SR SCORTBEER SCRF P A BL “ <mask>" FRid BRSO IIIER], 46t
SRR SCA TR RN “<mask>" IR 2 DTN BB . EHER] I 5 B0 IR0 R SRR
JUEAN SRR B R, S R R R UM A OIS R . B EHEER OO
Fr ORI H S R P EAR ORI e, FFIR BHRASE R

¢_{
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5.2 HEHFERENXATMNMFE X FIRAHEG L

PRUEAR 55 2% T 5 AT B0, 3 i o X D B2 50 FH P o 000N ) m 5 ot A i R SO B S
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B FLAAAT 55 T FIR LA SRR Y, 5 s Ao R SR SCAS B TN B 3 3 1 2 5 57 R
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fi F FlaskHEZE ff)render_template /7 278 Ju B B He bR 25 48 (M Y Dh e AR T T, DA R NHE
DU A% & D Re B U J iy SEINARAD «
@app.route('/H & T R K SCAME E R 4 html)
def index1():
return render template("+ = i 55k CAIEE R 4 html')
@app.route('/ % FEHE ] Ff T 5 H 5 BUZR IR A R 46 html')
def index2():
img_stream = return_img_stream("./static/ & F HE & I F 5 B 7 KGR B R St
files/default.png")
return render_template(' & F #E fi] /7 F 5 £ 7 B Z R 5 R & html', img =
img_stream)
@app.route('/ FHELE FK A R 48 html)
def index3():
img_stream = return_img_stream("./static/ & F HE & P K AR H R 48 files/
default.png")
return render_template(' % F HEPE 5K SCAR ) 2248 html', img = img_stream)
5.2.2 BRRIARTMRIRT) GE IR
il 2R SCAS TR ABE B PR % O D BEAE HiT o 22608 — AN OB AAE . — MRS — A
SCA XI5 . A5 <form>F& FRAIPOST 7 2 S AL Hiy o [71) 5 i A8 B HR1E SR I DI RE, 43R i pk i
R, A NAE T I BH A N AN “data” IS R IEBIAR S5 %5 1) /send_text %1%,
Ja i SE RGN G, W B 45 RAE A “datadict” IR [B45 R o ) SCAS X 38 “textBox” R 1E
Jadm g X T — M HEPOSTIH KR, 24H — Al /send_texti# H FTPOSTIE KN, 1
send_string PR HCR AN HZTE K . send string R 4 7 {8 F FlaskHE 48 ¥ request X 5 M\POST1i5 3K
HSREX 44 Ay data ) 26 57 BB ARSI P22 B RE, 3255 A P predict. mask 5 ¥:5%0 FH
P& A8 B s R HEAT B, Hh predict mask A E e 0 [ SRR SCA T 2 1, B s fd A
render_template /5 V2K Tl 5 S data dictiR 125 B o~ . EARAIS W T -
#R 2R SCAS TN 2 1
def predict mask(model path, input):

unmasker = pipeline("fill-mask", model = model path)
result=""
for 1 in unmasker(input):
result += "{'score":"+ str(i['score']) + ",'token_str':" + i['token_str'] + "}" +"\n"

return result
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@app.route('/send_text', methods=['POST'])
def send_string():
data = request.form.get('data’)
result = predict_mask(data)
return render_template(" = 55k SCAIEE R4 html', data_dict=result,
data_dictl = data, status="error")
R SCA TS B 0T SRR i 5. 4 7%, 7 AT RAFE S AHE P A\ Bh<mask>3R 7R
BRSO RS EEES), SH ) R RS, TR SO P N B A T A v R
W), A E TN SE R, AT O SCAR SRS 2 s 5 ke m] Y TR 2 R

RELERANFEERE

WA LL< mask > iFDiSE AR E SRR

20

i
5.4 i 2R SCAS TR ASE e 7
5.2.3 BEHBHRFERFIRAIRRINGESLI]

L HEf] T 5 R AR % O D REE R i 2 A S — DU AE . — MRS
AN — AN SCAR X 38k DL K2 — Bt JavaScript{Xh5 . JavaScript{ A5 Bt F T W M SC A4 AE R AR4E,,
M kRS, JavaScriptlr UL BB EoR . IR SORTRIMBLI AL, R4
f8li F <form>3R 5L MIPOST /7 ¥ SE I iy dimg 7] Ji5 i fe 52 HUH 16 SR I D g, 4R kiR ae iy, SOff
T NAE ) R B KAE v % “image” WIS E K 3% B IR 55 45 ) /upload_word_picture#%
12, A Ja v DS BB I E 58 TN 5, FI0 25 SR D “ datadict” 3R [543 A1 3 1 SCAR X
15 “ textBox ” {7 o By EHER] T 5 B IR ERAE 5 i € X T — M b EIPOSTE K ) H
2 —A A lupload word picture H FIPOSTi# KT, 1l Fupload word picture & HUR AL HE
1%1E K . upload word picture % %1 71 {8 F Flask HE 22 [ request X % M\POSTIE =K 3R HL 44
image )& 7 BUE LRI 7 BRI 2 MR, B35 1 Hpredict_single word 7775 % H P
PR R B G BT T, Horbpredict single word J7 ¥ A B IF RS Bl A O, B2
1 N B B8 A2 A AR R0 R B A2, S A R R A BB IR g R, m e
render_template /5 V2K L 5 S data dictiR [ 25 B o~ . EARAIS W T -
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#15 EHER R 5 B U
def predict_single word(weight path,image path):
model = get EfficientNet(3339)
model.load state dict(torch.load(weight path, map location=torch.device('cpu')))
f2 = open('./tools/label2class.json', 'r')
info_data = json.load(f2)
key list = list(info_data.keys())
val list = list(info_data.values())
image = PIL.Image.open(image path)
image = image.resize((64,64))
transform = transforms.Compose([transforms.Resize((224,
224)),transforms.ToTensor(),transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))])
image = transform(image)
image = image.unsqueeze(0)
model.eval()
with torch.no_grad():
outputs = model(image)
_, predicted = torch.max(outputs.data, 1)
return key _list[val list.index(predicted.item())]
@app.route('/upload_word picture', methods=['"POST'])
defupload word_picture():
if 'image’ not in request.files:
return "No file part in the request", 400
file = request.files['image']
if file.filename == "
return "No selected file", 400
if file:
file.save("./static/upload/" + file.filename)
label = "RAZEHN " + predict_single word(weight_path," /static/upload/" +
file.filename)
img_stream = return_img_stream("./static/upload/" + file.filename)
return render_template('ty £ HE ] i T 5 B BRI R 4t html

img=img_stream, data_dict=label, status="error")

Ly HE R T B R R T A 5.5 s, TR AT DA SO AKE FP e g5 7 2R3
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R AR, SO AHE A X0 2 s F P e R, S s S s 4% 4l s
Ja SRS AR IR B B GO BEAT TN, AR TN SE R, A T U SCAR I s i o iR
[ £ T 425 2R

SEHRRFERFEISRANRR

BLESTERRFSFRATES

[ttt | = 240 "% J
b s9ll's

e

fd

AR A

15,5 B EHER R H B IR BRI
5.2.4 SEEEPBKARFINIRAERINGESCI

Ly FHEDE BRSO P HIR AR A% O DY REAE Al £ 25— X AE . — M2
AEHZE AN — A SUAR XI5k DA K — B JavaScriptf A% . F1E £ HE ] i 5 S p il g B D RE 2R AL,
JavaScript{URE B [FIAE H T M Wy SCAF R ARE AR 4L, 9 ik #32— AN EME O JS 5 JavaScript
P BOZ BE FF B, [FIFEfE H <form>3R B AIPOST 7 ¥2: S BT i 7] Ji5 i 2 58 208 17 R 1)
Difit. R BMARAT;, S5 NAE P i R B K E 44 0 “image” IS 3R % B Ik
%5 % 1) /upload_words_picture#$ 4%, 45 ) i AL 42 W MR I 58 O )=, i ) SCAR [X 45

“textBox” #f7~data_dictfI{H . D EHEER F-K AT IR IAE 5 o 8 LT — M b
POST i K B9 % H1, 24 4H — 4> 17 /upload words picture % H # POST i 3K &, 1 H
upload words picture PR £ R A4b # 1% 15 3K . upload words_picture P& £8 # { H Flask HE 42 1)
requesthf R MPOSTIH 3K HH 3R AL A4 Himage I3 F BoAE LA 7 EAR I SCAR P 21 AR
$35 1 Hpredict_words 7 155 2 3258 B SCA 7 51 G 3EAT 0l , FE48 F correct_sentence
T VFERHH A SO A2 1 4 o 3E AT A4, FoPpredict words /5 Mlicorrect_sentence /71443 7l
REBEGF A SCAR B ORSCAR Y 558 O, B J5 18 Frender template 77 V26 24 1E J5 1 Tt
M 25 Rdata dicti [P 245 /v wox . BARRIS T

H U Il 1
def predict words(weight path,image path):

alpha = cfg.word.get all words()

net = crnn.CRNN(num_ classes=len(alpha))
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net.load_state dict(torch.load(weight path, map location="cpu')['model'])
net.eval()
image = load image(image path)
image = torch.FloatTensor(image)
predict = net(image)[0].detach().numpy()
label = np.argmax(predict[:], axis=1)
label = [alpha[class_id] for class_id in label]
label = [k for k, g in itertools.groupby(list(label))]
label ="' join(label)
return label
HICAR A B T
def correct _sentence(ckpt path, vocab_path, cfg path,input):
tokenizer = BertTokenizerFast.from_ pretrained(vocab_ path)
cfg.merge from file(cfg path)
model = MacBert4Csc.load _from_checkpoint(checkpoint path=ckpt path,
cfg=cfg,
map_location=device,
tokenizer=tokenizer)
model.to(device)
model.eval()
inputs = tokenizer(input, padding=True, return_tensors="pt')
inputs.to(cfg. MODEL.DEVICE)
with torch.no grad():
outputs = model.forward(input)
y_hat = torch.argmax(outputs[ 1], dim=-1)
expand_text lens = torch.sum(inputs['attention mask'], dim=-1) - 1
rst =[]
fort len, y hatin zip(expand text lens,y hat):
rst.append(tokenizer.decode(_y hat[1:t len]).replace('', "))

"nn

return "".join(rst)
@app.route('/upload words picture', methods=["POST'])
def upload words_picture():

if 'image' not in request.files:

return "No file part in the request", 400
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file = request.files['image']

if file.filename ==":
return "No selected file", 400

if file:
file.save("./static/upload/" + file.filename)
label = predict words(weight path, "./static/upload/" + file.filename)
correct label = correct_sentence(ckpt path, vocab path, cfg_path, label)
label = "HAI45 RN " + correct_label
img_stream = return_img_stream("./static/upload/" + file.filename)
return render_template(' 5 T HE & K SCA R 7 &

43 .html',img=img_stream, data_dict=label, status="error"

I FHE R P KSR R IR T 5.6, FH AT RAFE SCERgan AHE Hh gk £ 75 221
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W R AR R 2 AR R I B AR, R ERAEARB SO ER . HHEEE
BECHRBTIR, & NFESCHHE M AR SO Al . 2% 0Ty S O E ) e 22 AR 3 ot
AR =M, RIS AR RME R EARREME, YO ERA IIME. AR
Y S ZRNE . BT FE 2 B 25 Fn PG R R B B2 A Ak, 2 0 v 368 1) B B A RS
WAEH RS AR D5 T Lk, ZAE F 5 M E s MBS AR, K EEE PR K IE S B
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AR B TAEM R

(1) WEEFFEEEE T — 483 032 043 1 Bt FEE KL . ZBREIGE T BRI LK
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608 A H1E i £ .

(2) BT —M3 33925, &F—IZ3 000 MFEA R E R BT 5 S0Py B 5 s
. BHIESHEREZNTE5RCEHESE, AT Eh AR E B>, AT E
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KT AL (D EHEDCER R SCT49) NFER, A B A28k, aahh
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TEGEAREE . T A6 57 B EE S AFAE ORI B R AN 12, BRI i S SUAd B
38 R A AR AN A SO 28 H A SR A6 RGBSR LB AT 3 78, TR T~ ) 1 T HE ) 1
F 507 EUG SR . RN 7E AR 48 L UIZR T ResNet MG 43 2R 4%, BRAIEZ-F#74L
AR 1A R

(3) ¥EF B E AR R T o = FE SR SCAR TN . 9% T ACMBBERTHA!, [F]
I3 B ZR AT IAN-gram 58S . LSTMAEAY . BILSTMA% AL . BERTHL®Y, 46{FACMBBERT
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hit@5. BJACMBBERT-SHE R i tH (R AT 1026 PN f, AT DA E B3RAF IR0 B B2k NS 1) L3R
N60.79% , H B IE 0 B A L3R N 82.57% .« M F I i £E -MWD iE R E Il 2k 1)
ACMBBERT-MWD#H AL | 7 37.58% K hit@]1, 51.42%Fhit@S5F157.44% ) hit@10, iF B
ACMBBER TR AE A [ 1 R S SR TN AT 55 B — 5 iz AL RE

39



() $EH T —ME GRS R A TS EHEE PR SCARR IR . JeT 5 FHEE P
e RGBS, WP KB v, PHERBENAC R SOARS, M e
AEEE, (ERNK AR IG5 . sk, 77U RCKRE K EAR— 4 5E,
TG 75 Ny EHE R 5 R AR MG TRl DOl AR S, BN N T A B ) HEDUEL ) 7 D074 )
ISIIARZE, BRI T BRI RCR . BT AR SCAR SR EMCRNNE I, 4k
Ly FHER] A SCARIR AR . AR R AE A B AR BRI HER R B, 1886.73%, TMAER
SE L HERR R U EHER R A S, U 63%. 456 7EACMBBERTAEL R AL, F HEPE 15
SCAAE R SE A B SR T MBS SO A AR, T T HE R PR K SO TR B AR
WAHER R AR T RCRIRTE, BB T91%. FEEF, X+ CREIEEED S &250E 5
FEUEFN2 SR A SCAS T B EUR ISR, 5 T HE T A SO IR SIS Y RE 8 1 fff b R 1)
H9MR L EUE, BN BE 5E AR HR B AR SO T A BUS, (HE R — AN U
WA 1218, [FIFR2SHE K SCA 41 G 613407, AR HERG R BB 780887, fEK X
REUG P4 Lk 3] T 60.44% IHERG K .

(5) WU AISEIL T — AN B2 oy S5 R e SCAS T AN G 17 F 5 S0 R RSt . RGSCREH
JUIAEE LR T — AR B FE SO, 4 SRR SCAR TS AL i T30 .t S HF
JI AR B EHER R A R — AN e MR S EHERE T R R SCARS EE, PERE EE
LS AT BAAR S T HE T 7 1 Bl 152 1 T

6.2 RE

R SR e B T SRR IS AT B T R TR FURT L, (B o T 2 e B
A NREFEA TR SRS IRI, A SCEAE (R A B 7, BB R LT L
.

(1) RS SRV 2 MR P o S SO A M T o, 9 LN T — AT A
B TR 55 (071 S 7 R U TR, (L7 R T 3 O AL 015 417
.

(2) RS SCSRBL T 4 1 S J5 6 K SCAS I, (EL 7 S BRI o I A 7
00 B BEMREA T, SO BT N . 8, T DA R T T MR 3 i
SCAKTIRIRY, ot B0 5 5 PR b 1 SCASHE AT R I 2, 4080 b 1S A 0 R {5 N1
t e SCA A RO T DR SCACTE B e, AT S S BB 00 S AR i,
PR A — R 1 1 D TR0 4 MR, T B SRR PR o B A
SO e S T EHEEE S M AR, WA T S 13 B D e, WA TG 4t
B AL R SRR

(3) I ER AR R, TS B MR S A AL — T 4 . ol LR AN T A
VRIS STRRTT BRI T R RS TR 4. o T TAERIER, ASr RS T H R ]

40



BRI by FE R AR SCAS (0 T AT o = ot A ] 1 PR B S 3R, o By R e o e ]
LIS PR 5 5 ST BOR USRI B2 v &5 0F 7 38 AR RCR B T s VA s i, 9y #5 R
WA B Zh PR, R REERR B AR B S E TSR

41



B3 3 HR

[1] 25, RIEIE, £508t, S5 ArbBe il &8 8o d g b e~ e, hEPEEZ
% L Zk &, 2009, 16(3): 92-93.

[2] BR3). rp B 8o b s BT 7S [D]. dbat: o Rk RR, 2011,

[3] FEI. 2eZe SCHk s RLEE M IR FE[T]. LRSI, 2016, 489(12): 32-33.

[4] fR. JeZ=D0E B 3073 K PEARERT FL[D]. FAt: FRUIE R, 2010.

[5] ®<ehs, RE, B K Ll PGE i SOa s ek e i d——LL GHER 1) 9iadsl
[J]. " CfE B2ER, 2013, 27(6):6-15,81.

[6] R, 2, M/ 2k CRF (562 D0E 70 i bniE — R4t 7T [0]. 7 3Cf5 2 2230, 2010,
24(2): 39-45.

[7] E3Fe. e 25 SCHRTE B B R EBE 2 2K I W 7T[D). B Rg: i AR R 25 k5,
2007.

[8] 1%, 2B, L, 5. LS AEEFE NGRS B 5 o Ve dr e [T]. thaerp ey
k&, 2018, 33(10): 4700-4705.

[9] Assael Y, Sommerschield T, Shillingford B, et al. Restoring and attributing ancient texts using
deep neural networks[J]. Nature, 2022, 603(7900): 280-283.

[10] Fetaya E, Lifshitz Y, Aaron E, et al. Restoration of fragmentary Babylonian texts using
recurrent neural networks[J]. Proceedings of the National Academy of Sciences, 2020,
117(37): 22743-22751.

[11] Roark B, Saraclar M, Collins M. Discriminative n-gram language modeling[J]. Computer
Speech & Language, 2007, 21(2): 373-392.

[12] Esmaeilzadeh A, Taghva K. Text classification using neural network language model (nnlm)
and bert: An empirical comparison[C]//Intelligent Systems and Applications: Proceedings of
the 2021 Intelligent Systems Conference (IntelliSys) Volume 3. Springer International
Publishing, 2022: 175-189.

[13] Yu Y, Si X, Hu C, et al. A review of recurrent neural networks: LSTM cells and network
architectures[J]. Neural computation, 2019, 31(7): 1235-1270.

[14] Meng K, Bau D, Andonian A, et al. Locating and editing factual associations in GPT[J].
Advances in Neural Information Processing Systems, 2022, 35: 17359-17372.

[15] Zhang Y, Sun S, Galley M, et al. Dialogpt: Large-scale generative pre-training for
conversational response generation[J]. arXiv preprint arXiv:1911.00536, 2019.

[16] Liu Y, Ott M, Goyal N, et al. Roberta: A robustly optimized bert pretraining approach[J].
arXiv preprint arXiv:1907.11692, 2019.

[17] Cui Y, Che W, Liu T, et al. Pre-training with whole word masking for chinese bert[J].
43



[EEE/ACM Transactions on Audio, Speech, and Language Processing, 2021, 29: 3504-3514.

[18] Huang K, Singh A, Chen S, et al. Clinical XLNet: modeling sequential clinical notes and
predicting prolonged mechanical ventilation[J]. arXiv preprint arXiv:1912.11975, 2019.

[19] Liao M, Shi B, Bai X, et al. Textboxes: A fast text detector with a single deep neural
network[C]//Proceedings of the AAAI conference on artificial intelligence. 2017, 31(1).

[20] Liao M, Shi B, Bai X. Textboxes++: A single-shot oriented scene text detector[J]. IEEE
transactions on image processing, 2018, 27(8): 3676-3690.

[21] Zhou X, Yao C, Wen H, et al. East: an efficient and accurate scene text
detector[C]//Proceedings of the IEEE conference on Computer Vision and Pattern
Recognition. 2017: 5551-5560.

[22] Yuliang L, Lianwen J, Shuaitao Z, et al. Detecting curve text in the wild: New dataset and
new solution[J]. arXiv preprint arXiv:1712.02170, 2017.

[23] Dai P, Zhang S, Zhang H, et al. Progressive contour regression for arbitrary-shape scene text
detection[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2021: 7393-7402.

[24] He M, Liao M, Yang Z, et al. MOST: A multi-oriented scene text detector with localization
refinement[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2021: 8813-8822.

[25] Wang Y, Xie H, Zha Z J, et al. Contournet: Taking a further step toward accurate arbitrary-
shaped scene text detection[ C]//proceedings of the IEEE/CVF conference on computer vision
and pattern recognition. 2020: 11753-11762.

[26] Zhang C, Liang B, Huang Z, et al. Look more than once: An accurate detector for text of
arbitrary shapes[C]//Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 2019: 10552-10561.

[27] Deng D, Liu H, Li X, et al. Pixellink: Detecting scene text via instance
segmentation|[C]//Proceedings of the AAAI conference on artificial intelligence. 2018, 32(1).

[28] Wu Y, Natarajan P. Self-organized text detection with minimal post-processing via border
learning[C]//proceedings of the IEEE international conference on computer vision. 2017:
5000-5009.

[29] Tian Z, Shu M, Lyu P, et al. Learning shape-aware embedding for scene text
detection[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2019: 4234-4243.

[30] Wang W, Xie E, Song X, et al. Efficient and accurate arbitrary-shaped text detection with

pixel aggregation network[C]//Proceedings of the IEEE/CVF international conference on

44



computer vision. 2019: 8440-8449.

[31] Liao M, Wan Z, Yao C, et al. Real-time scene text detection with differentiable
binarization[C]//Proceedings of the AAAI conference on artificial intelligence. 2020, 34(07):
11474-11481.

[32] Zhu Y, Chen J, Liang L, et al. Fourier contour embedding for arbitrary-shaped text
detection[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2021: 3123-3131.

[33] Tang J, Yang Z, Wang Y, et al. Seglink++: Detecting dense and arbitrary-shaped scene text by
instance-aware component grouping[J]. Pattern recognition, 2019, 96: 106954.

[34] Xue C, Lu S, Zhang W. MSR: multi-scale shape regression for scene text detection[J]. arXiv
preprint arXiv:1901.02596, 2019.

[35] Fu X, Chng E, Aickelin U, et al. CRNN: a joint neural network for redundancy
detection[C]//2017 IEEE international conference on smart computing (SMARTCOMP).
IEEE, 2017: 1-8.

[36] Xie Z, Huang Y, Zhu Y, et al. Aggregation -cross-entropy for sequence
recognition[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2019: 6538-6547.

[37] Shi B, Wang X, Lyu P, et al. Robust scene text recognition with automatic
rectification[C]//Proceedings of the IEEE conference on computer vision and pattern
recognition. 2016: 4168-4176.

[38] Wang D, Liu C, Zhao Z, et al. Gujibert and gujigpt: Construction of intelligent information
processing foundation language models for ancient texts[J]. arXiv preprint arXiv:2307.05354,
2023.

[39] Siriguleng. Automatic Punctuation Method of Ancient Chinese Texts Based on SikuBERT
and Multi-head Attention Mechanism: An Exploration of Ancient Classical Ritual
Literature[C]//2023 IEEE 11th Joint International Information Technology and Artificial
Intelligence Conference (ITAIC). IEEE, 2023, 11: 1255-1258.

[40] VK8, BRA, 1 2 1 5% .ChpoBERT: [H] i) A1 SC I 5K SCAS (0 T ZRASE B (0] 454l 52 4k, 2023,
42(12): 1487-1497.

[41] XUkHE, FEFHe, Yo—FHaE. T BARE 5 A PR R B B W By R AR50 5 1) 75 3K
A3, P E RARHRIE, 2023, 26(05): 527-533.

[42] RIS, SKAEH. B TIRPA M 48 A4 Jay A0 U HE B0 0], THBENL S B TR,
2022, 50(08): 1676-1679, 1701.

[43] 25, ReXa, WHAEGSZE. FET Transformer FNB& S IR B AR I 1] Hr ST Ay 44 SEAR VR A 7 74

45



[7]. MK AR (L 22/, 2023, 53(05): 1427-1434.

[44] Mikolov T, Karafidt M, Burget L, et al. Recurrent neural network based language
model[C]//Interspeech. 2010, 2(3): 1045-1048.

[45] fLEEAE, AR~ £T ELMo HIREVER /ML K7 R RIF R Hrat 7 [0]. Th3fE B
4K, 2023, 37(06): 147-156.

[46] FRETF, KI5, T 2B Transformer )RR ECH B AT 7L [0]. H4R 4K, 2023,
42(12): 1477-1486.

[47] #0K, ABEE, 28, He T B B R i 4 B S0 AR BEHR 7V ). WK 55
(T 22RR), 2023, 57(12): 2412-2420.

[48] Mariani G, Scheidegger F, Istrate R, et al. Bagan: Data augmentation with balancing gan[J].
arXiv preprint arXiv:1803.09655, 2018.

[49] Huang G, Jafari A H. Enhanced balancing GAN: Minority-class image generation[J]. Neural
computing and applications, 2023, 35(7): 5145-5154.

[50] R KIS EHEDCERRERM]. LatHE4)5, 2014,

[51] X%, REfE &, 2/, 5.5 EHEDCE R A SCradmM]. bt 4R, 2020.

[52] J—, Rk, BEMERPHEM]. RKig: RERAER H R, 1988.

[53] MRS, Lt I EAN M. dbaT: A Bl FE R, 2005

[54] Deng J, Dong W, Socher R, et al. Imagenet: A large-scale hierarchical image
database[C]//2009 IEEE conference on computer vision and pattern recognition. leee, 2009:
248-255.

[55] He K, Zhang X, Ren S, et al. Deep residual learning for image recognition[C]//Proceedings
of the IEEE conference on computer vision and pattern recognition. 2016: 770-778.

[56] Huang G, Liu Z, Van Der Maaten L, et al. Densely connected convolutional
networks[C]//Proceedings of the IEEE conference on computer vision and pattern recognition.
2017: 4700-4708.

[57] Sinha D, El-Sharkawy M. Thin mobilenet: An enhanced mobilenet architecture[C]//2019
IEEE 10th annual ubiquitous computing, electronics & mobile communication conference
(UEMCON). IEEE, 2019: 0280-0285.

[58] Zhang X, Zhou X, Lin M, et al. Shufflenet: An extremely efficient convolutional neural
network for mobile devices[C]//Proceedings of the IEEE conference on computer vision and
pattern recognition. 2018: 6848-6856.

[59] Tan M, Le Q. Efficientnet: Rethinking model scaling for convolutional neural
networks[C]//International conference on machine learning. PMLR, 2019: 6105-6114.

[60] Zhu X, Lyu S, Wang X, et al. TPH-YOLOVS: Improved YOLOVS based on transformer

46



prediction head for object detection on drone-captured scenarios[C]//Proceedings of the
IEEE/CVF international conference on computer vision. 2021: 2778-2788.

[61] Guan Y, Pang Z, Ding Y, et al. Text error correction after text recognition based on
MacBERT4CSC[C]//Sixth International Conference on Advanced Electronic Materials,
Computers, and Software Engineering (AEMCSE 2023). SPIE, 2023, 12787: 648-656.

[62] Cui Y, Che W, Liu T, et al. Pre-training with whole word masking for chinese bert[J].
IEEE/ACM Transactions on Audio, Speech, and Language Processing, 2021, 29: 3504-3514.

[63] RIEIEEfEHA. REEEfE[M]. b5t Xl R, 2022.

47



RRERA
ETHREZIANFTELFBER AL

TR Jy 7 I 7 RRIR R S ST EOR AR R B S B U N BUIR, P A2
St E RS, AR R B F2 =AU DY A5 18] BL A DY A5 A (B
RFEREDL, 73 3o POE TR B R FEIUIR E FE s SO B FEIUIR, AR ER &
SRR FEILARAN G 8 T 5 SC AR TEIIR, A SCAS AR XA FE A 1 IR 2 ST HRAE
BE it e B UM rI AT . 2T IR A I RAT R R B R, — Iyl DOy B SR AR
FE R R BENSCRERE, FRPESEBEELZNB TN MEE SRR, 5
TR AR 2 N T I AGE S PRSI TER. Pay . RGBSR, HE
B SCAE

K@i W2, ORMEE, KRR, PELE

Review of Research on Restoration of Ancient Chinese Medical Books Based on Deep

Learning

Abstract: In order to better understand the deep learning technology and its application status in
the field of traditional Chinese medicine ancient book restoration, and provide a reference for
researchers in the field of traditional Chinese medicine ancient book restoration, this paper briefly
discusses the three directions in the field of traditional Chinese medicine ancient book restoration
and the technical development overview of the three directions, respectively, the research status
of ancient Chinese corpus construction, the research status of ancient book missing text restoration,
and the research status of ancient book image reconstruction, expounds the feasibility of deep
learning technology in the field of ancient Chinese medicine book restoration from both text and
image perspectives. The restoration of ancient Chinese medical books based on deep learning can,
on the one hand, provide high-quality text corpus for researchers of ancient Chinese medical books,
and reduce the difficulty of experts and researchers in the restoration of ancient Chinese medical
books; On the other hand, it can let more people know and be familiar with the knowledge of
traditional Chinese medicine, traditional Chinese medicine, health preservation and health care
contained in ancient Chinese medical books, and promote the culture of traditional Chinese
medicine.

Keywords: Deep learning; Text restoration; Image restoration; Ancient Chinese Medicine Books
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X R AR BB E TR+ ZN, AT R TR Z R hh # B R LXK
WL FEFEMER, (HRXA R &2 G OB B FEA T2 IR, &
ARH AR AZR T

I P B AR R ML AR R, BT R T DUE AR 22 SR IS R 0 A A AL 2
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1 HIOEER EAREM IR

i PUEAE B ACHE 5 HT H E B AR — A FE WO 1, Xl R SRR T R A
A B EAE 55t A2 H  7h DUTE VE R (Corpus) o SCHRIPTX JeZe SCHR KR R e A i 3EAT
TR HERTT, HE 1 SCRREREZE A e A i S i) o A 70 1m] BB 3] P 25 A
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Pl 1 a2 DU A AR S AL M T e 2= SR N AR RN, SCERBILL CHERE 1) N
B T B DR S ] SRl VE AR R R S R . SCERINE S PERE R LI AN e
Z DB 3 1 B E — R AR TF W 9T . IXLURIE 58 TARHS I AT 5 R 2 vh B2 5 104 A5
PRIk, fER R B FE RN, R TR RN P R RS RO R N R Rk AT A B
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FRERAN A o QAT 3K 5 7 30 AT 25 B RS 22 v % oy $E T 90 N 3 T s () — /> R B B i)
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RER . 20194, FEKFEHGooglel T H FRTig ) N\ T8 Be(Artificial-Intelligence, Al){>
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1 228 ) 28 5 AR SRR IR TN ok 7 JE S rh R () B B R, U T A R ARCR Y. 2020
FOH, HEFRTIg M TIPNAS KK 7 JUAL DL 51 % 35 12 R BE 27 ) w1106 21 4 48 ) 2%
(Recurrent Neural Networks, RNN)AK &2 76 (14 1 B LEAS SCAS ) — TiAfe 50 il 2R, SR of SRk
A2 AR AE TR PR R SR IN RAOR R, AT DM N S AT SO IR TAE A ) T A0,

WK EHARE SN — R B BERICK, ..., xp, I ATE S AR A 55 e B 4h Y — AT
LR AR R — A T BUF A IR 2 A p(xg, o, xp) o A DUEHT 2220, AT BLKE
P(X1, o, xp) RN Cxplxq, ooy ) O, SRR 25 € BT B3], >R i — N8 B 3R
(R SFAF R o T Ak RGP DU 8 oy 5 R AR SCAB S IR Il i, 4 Ay R AR 5k 2 A 25 )
RSB BRI Sk A N A I . AR NGRS, AR N — 2% LA “<mask>" FRid
TR R B EE SOA, BIALEARHE “ <mask>" 1) _E R SUE S 4 H G “ <mask>" 1) 2 AT
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“BR” AL, VURIA M <mask> R L R L TR BIBEE.

I TE S A5 9 DAN-gram! B Y 08 AQ 3R 10 4% 48 46 1118 5 B R DANNLMI]
(Neural Net Language Model). KfE}ic1Z (Long Short-Term Memory, LSTM)fAIII4L
BRI W LIE SR, DN G 8 A N 4505 S A R e R B ALBERT!HY (Bidirectional
Encoder Representation from Transformers) WK T Z51E S A, WGPT!S(Generative
Pre-Training) . RoBERTal'}(A Robustly Optimized BERT Pre-training Approach) .
XLNet!!"l(Generalized autoregressive pretraining for language understanding) 45— R 51|#i
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BRI 518 5 B TR R RLY), (H2 B R 2 Bl S BY A e 5 - K i@ 1E R
WIRET, LE X € SUECCAR R B ARE 5 TS5, HIIREM KIES 52 HTH AR
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FE o POEAC T E 3 DLk 2 AR Hh B AE R B RE, B OISR B P v s
FER SRR, HA RIS R ORI, R 7 A g R 1 s o BRI, AE
rh 2 RS TR R 2R AR b IR ) vp e o S SCA AR B TN R1E S AR, AR R
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