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RS~ TR U YIRS o (i ~ RS o s e Rk A5 R -
iRy R —— TR —E %

B IR - BIARYE T BEmREHELS , (Convolutional Neural
Network > f&f% CNN ) - CNN {ER—Fl s iR EdR IS - B ERR
@ G 2EI - CNN AR T SEE—aER—ittiE , - 5
ZET S R AR R RS - T DU G TR [F R RIS T o T R
B - (1) B:HhfE (convolutional layer) Y1 ¥ AL EE -tk
i A B G EREEZ (kend) HETEREER » BIFFEEEHE -
—HEEEEAR R SESFEEER T DIE R —(F#iE

(channel) - FEBHEREEEERT - SEEE - SEEEHRE
—HERHE - (2) BUEE (activation layer) AY/EFH SR B FE R ETTI EAR
MR BRVES [ AJERE > DUIsa s w22 MIEE ) > H RANH
TERAEUE ReLU > ERER 2RI/ NAZHIMHIE - (REE KA ZHIHIE-(3)
ith{bg (pooling layer ) FITERTEMR R EE EZ R0 A 2MENGTER
Al B AR R A R By

B ISR > BHRE T EEMASHER  (Recurrent Neural
Network - fiif RNN) - 8 ZEE8 T #1800 - ANFEIRE R AR
BT T RGSET Y - SCREIGMHEREEIREL -
TR Py 8RR RNN /] DURIER B 7IF ) BN SUEE - iRy
R EFEYEEE A A TRE R (BRI FHATRR ) /Y R R
o SEEF R RNN 2 m &A= ( Bi-directional Long Short-Term
Memory Network - fi#f# Bi-LSTM ) -

F= o BEREEE o FEF VIR RN SRR E > B2

WEETUEREY o FTLATR R TURREEEHIER 3 8 > BEE R A WUk Bl A
B o B EERF CTC (Connectionist Temporal Classification) =%
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EETJT (attention) - CTC HypzHERE - e & FFEETRT > HRXEH
HAT > RIERFAHEERBIER -

PEEEERE OCR [ #E ISRk B EER + N2 EHFETHE Y
SEET X (RIS AR SRR ZER ) ~ FIRRE (U fIRyZE
[FAEACPFERR - AIRERRR ~ ITHIRECTA AR ) SRR E > T
FEVRERRNME - R ETXER -

(=) ## CNN+LSTM+CTC #j+ 4 OCR

EE F : = o o
—— mE 5 fis et
I R L 1 ; : 8 iy
Tf_i'—':?u RAndf n * o £ 'wn® th
ijhihateis 1R R ——p & —p 5y &
it = 1§ ¢ — o e
ATERT ; x 8 y = = ]
;f-aﬁhi ﬂ g - '- #me e
L3 4 £ 3 [, lam! |
3 | LERRE EL L &% : _}.. Recognition JcT
Input image 45 4 Network Predicting Transcriptions
sequence

Text lines

B~ CNN+LSTM+CTC &t

R TSI FEBIREEETS ONN+LSTM+CTC B T — 85Tt
HEESH OCR Bk > W2 H FE —Fr - BUSERi (i) i
U ARG )50 168 EfHSTAT - BUBEIEIR 41 11kt
B 53 R AR AR -

PR B R D) 7 R ST - BRARR IR R - RIS 2MET
R L0V SO TR AR 3 B 1 A # AT » Ry 7 8D FR I 2R BRI R

1 Yang Hailin, Lianwen Jin, and Jifeng Sun, “Recognition of Chinese Text in
Historical Documents with Page-level Annotations,” in 2018 16th International
Conference on Frontiers in Handwriting Recognition (ICFHR), New York: |EEE,
2018, pp. 199-204.
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W3 SE U T ESEER T (Adaptive Gradient Gate > i AGG) -
R AR GBI o B A A A IS DR R
% i AGG % » PRI LOTEITE] 1.27% » [IFEE] 35% -
SR S B R A B BCR. -

BT H#EY CNN+LSTM+CTC 4% - FasCEHEH 7B L4
CNN+CTC » F£#i TRy LSTM - HFRFIHERERIZ B REK o JFR ]
BESEE R T Y TR 0 E R 20 5 P S FE 1) S 2 B K A i {5 v BE A 57
FFHSE R - R Ty T RE R EAS B & T F R EE N LT
{8 > FTLAR] IR LSTM T EERAELIRIRIER © A1RAE s RE AR R Ik
ZEORS > (FREFIIASEFHFREEN L SUEE » AN s L
BERARRIRYIERE - B — B fEE P SE] THIFE - 78 CNN+CTC Z2f%
Hh o AR IFRI RS R o SERRERTE 1.29% FA-E( T 3.84% 0 HER T T

e

F—  T[EIZEHE OCR ZR2

TABLE II
THE RESULTS OF DIFFERENT ARCHITECTURE
Format Architecture Accuracy Rate (%)
Text Line CNN+CTC 98.71 £ 0.03
Text Line CNN+LSTM+CTC 98.60 £ 0.15
Single Character CNN 97.36
Text Line CNN+CTC_smallRF 96.16 £ 0.05

Yang Hailin, Lianwen Jin, and Jifeng Sun, “Recognition of Chinese Text in
Historical Documents with Page-level Annotations,” pp. 199-204.
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iR TR B RAIE A AIRERIE - B4 - CBETA i (r=iREfH )
B ORI ) BYSHEPESEIT 250 3830 CRIER) #rE £ 8SCF
AtFGE B E 2R - B (RIEH) A RELIEAGRFEH SR AT -
PREEEEROTRLRR - HFEZR SR HAENEAR - IRERREAT
P > EEEE AN BRI HACERE Y -

B LR ge A BN S FCRFIYERER » 733
FRCATNIPFAMCA IR T3 o BT i R 1t b2 34 IR B ARIE
Pt 1T >0 B RIS L © 5B /e — TR A TR 55 - 25
FERCH SR et - SRR RS T FIP GRS G
[ L - R E R AT > T AR e B O HEHENE - BT 52 £
it = B AR B LR o AR AR DIFRRR B SONIREE &
BRF#E - BEETEAS - it Ll -

I A SRR IS R S T R B 2
TERH TR T LTS RSB RR Y T AEHE ) A1 TR
B | HRTRE -

SRACEN RIS R A S B IS8 SRl R B - TS RE R IR T
R - (1) SR FRZPMEE - BREGARIAREREE
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2% B B = R R B R HEMERRIBNAEERK
2R o (2) SR RS Y SR B Ry mT 4 « 15— A S5 -
[HIFEACAG L (Intersection over Union » f&f loU ) 3£ 0.5 B[R] - {HZ¥f
TR EESER » 1oV (RN S kIS SR AR B R AR » BHECCFR
FEIER o MRIBRES > loU ZEF 0.8 A2 L E AR -

ZIRE BRI AR E%ﬁﬁ%ffﬁzﬁi/\% {EERE - — ~ R o317 -
’M%)E"“I{%EP%EHRX%EW AT &l SR BB SORITHY
e EERFE AR = Fodl > BT T ER R T B A
G e BT AT LU AT Y - BOR - B4 > 3208 E T i EAYE
B AT DS — B s B I P B R B S AR R R
RE AR B R [F O YIRS I, -

NI RIS I R SR ~ R o AT LU A5 [P - 9B SR
» BR(CERE S =R R T o SRR LPE -

(=) XFRAREE
FHEH B AS S B R S > H LA TR
1. (=R ) FrEiEE (TripitakaKoreanain Han » f&fg TKH) - 3

(Rt ) HUFTEM— > RS » i o (s oy R S e TR B e U 5
fx > B Se BRI AL ~ (TR TR -

2. 5SS S EE (Multiple Tripitakain Han > fiifd MTH) - 41,

®  Yang Hailin, Lianwen Jin, Weiguo Huang, Zhaoyang Yang, Songxuan Lai, and
Jifeng Sun, “Dense and Tight Detection of Chinese Characters in Historical
Documents: Datasets and a Recognition Guided Detector,” IEEE Access 6 (2018):
30174-30183.
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#% MTH500~ MTH1000 - MTH1200 =i 14 - “fl {52k 5 /Rl A i (2

P ~ #Ekae i - RIS ~ R  ~ kEEA L~ R L - RoRE g - R
HERGAS ) » W EETIGE - BIPSEEFNRE > BB R R
TR AR -
F SHEBBORERS IS i T B

TKH MTH500 MTH1000 MTH1200
E A 1000 500 1000 1200
(5] 23471 17178 27559 21416
CFEH 323491 197886 420548 337613
PEX T 1471 3664 5341 5292
EETHGGELLE  |0% ? 9.0% 27%

(=) R @B IR E 5T
RRTE AT Y B Rt S @ IR By N — ST 0 BIM Fo0

EHCES - EFARRE AT

RIRIBE

=) W d

A AE
B o EETEMEN T LK
77 (generaization ability ) “NfE -

Cascade R-CNN

L

4 MTH500 > 2K Yang et al.,

Bo 2 E

e H e
fl¥f loU ZRE R H e

R -

THESF

R R - FEIUREERE > A&
FRE(E - S PR e R e BV SCAGE SR (2
R%ﬂ%ﬁﬂ’ﬂh‘ﬁﬁ%fﬁ?& » 2 ALAE

I
H =

+iE -

G EESCERE
2 0 265 - 6 (15457 Cascade R-CNN {5 55

Dense and Tight Detection of Chinese Characters in

Historical Documents: Datasets and a Recognition Guided Detector,” pp.
30174-30183 ~ MTH1000 Eil MTH1200 » 22 R (&t - ( BLfA G s B2 224~ e [

R S AT B S 581 ) > BEIN -
2019 4 ; {REM > (EER (e
B FHE R
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AR ERGT
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REREASAESR » Dl Resnet-50 Ry Rr s HURE - 3lf: FH BB Bz Ao 0 A et
YOLOv3 FIFMEELR MI#E#E Mask R-CNN {ERSELA - “HlB SRR
TKH » MTH1000 - MTH1200 FJ#45E

FERER & 10U=0.8 F1 0.9 (i » Cascade R-CNN Y TH M4 6E
FEfmAA BE{E A YOLO-v3 f] Mask R-CNN » ELE #1712 (L AE

F= BRES AT AEF R

loU=0.8 loU=0.9
i Wk | gEk | FE | #EReR | BEk | FE
YOLOv3 84.47% | 84.11% | 84.47% | 47.61% | 46.91% | 47.26%

Mask R-CNN 98.64% | 98.95% | 98.80% | 96.25% | 96.55% | 96.40%

Cascade R-CNN | 99.26% | 99.05% | 99.16% | 98.21% | 98.01% | 98.11%

(vg ) #H303] Eam

BB E G ECET X ESE > ARSI L THEEETEL S
AR o R B HIAEAS & 0 mT DA A 8RR 4 - Yang Hailin S8 A$2H T
A5 25 Al (Recognition Guided Detector - f&ifff RGD ) HYERS © #1E
NSO THETTEFFR A - (B aR A R E L T B E - TEfE
JI L RE S B P AR S T A HERY ST kel -

a5 |25 A e g 2 A {181 [ B R s RS A A ke - — 1
ek B 5 S fEFE % ( Recognition Guided Proposal Network - 5 ff
RGPN ) » S5—{E /2 kAl ss - 18 i E#ga 21 =gry28 > aJLIEH
> 2R - (BRGSO B R AR AT B SRR ) > 27 -
©  Efgit > (EERER NSO E GRS AT B TR ) o B 27-28 -

Yang et al.,, “Dense and Tight Detection of Chinese Characters in Historica
Documents: Datasets and a Recognition Guided Detector,” pp. 30174-30183.
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A FERYEERE TR RE

SEREATIR HIEFE A = (EER AR © SORTT 0 & ~ RS AL
T ST R B R T IR B A (500 SR T - R 1R H RGPN
AR BT o Btk 0 EE RGD 2208 RGPN $2AEHY)_E T SORHUS FERERY
XS

., feature vector receptive field

—— of "blank* | of “blank"
teaturevecior [ receptive field

it [0 of labels

|

il =

Input image

[ AR
EmanEEwaerete

Mmaiam_l.!q

g
g

G GIGIECE Rl [ihE N

lm
It

B hpa s & DU F Rl A HAER loU fyffE T~ (552 0.7~ 0.8)

BT > RGD 1£ TKH Efsts 1 HARE G5k « s DO TR
Ryl AR > HA RO E A - S8R RGD B & I E R T &
SRARRE] o FEFRSOARTT TR AU RAT SR B R M > (Rl RGD HYESAILA

Yang et al.,, “Dense and Tight Detection of Chinese Characters in Historical
Documents: Datasets and a Recognition Guided Detector,” pp. 30174-30183.
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%04 RGD B M A E/E TKH H%SFEL o O 2 D] s iy A -
e Y& a1 PN

Toll:0.5 Toll:0.6 Toll0.7 Toll08

Param 5 K F P K ¥ P ® ¥ ¥ K F
RFCN (1] 9969 9096 9498 9934 90,37 9464 97.32 LEE 9272 78,22 7115 74.52
Faster-RCNN [23] 90.70 99T 9503 9953 9046 9478 97.89 8897 93.22 82.16 7467 78.24
YOLO [22] ""‘ I'J\I - - - - - - - - - - - -
SSD[15] R7.30M 99897 6603 75.23 09.78 60,22 7500 98.54 5056 7424 86,60 L] | 65.23
TextBoxes [13] 9064M 9992 57127 7281 99.77 ST18 T2.70 a8.51 S646  T178 8477 4858 61.77
DMP-Nets [16] 178.56M 9943 8954 9423 98.63 BRR2 9347 95.29 B5.82 931 T1.59 6448 6785
FEN [33] 176.85M 9934 9757 9844 98.18 9586  97.00 R9.66 86.74 BE.18 62.28 5941 6081
RGD{ours] 9.29M 98,32 9752 9792 9723 96,50 9686 9493 0427 94,60 B408 Bi56 B3R
RGD-VG ,lﬁ|o|lnn| H4.02M 9858 9696 9776 97.64 96.39  97.01 9540 9456 M98 85.97 85.72 B5.85
RFC TO52M 99,54 Y58 9956 9888 9R92 9R90 9592 9549 9570 83122 8319 83.21
130.07M 9944 9933 9938 98.35 9846 9840 9.l 94.32 94.22 T9.73 7974 79.74
232.19M 9228 9609 9405 9119 9522 9316 8326 B6.94 85.06 56.73 59.24 57.95
R7.30M 99,56 9644 9798 98.54 o581 9716 9465 9264 93,63 T9.07 TR.O00 T8.53
9064M 98,49 9849 95.66 9789 98231 9806 9575 9608 9591 8682 87.12 86.97
178.56M 99.56 P46 99.51 9898 98.67 9E.82 96.37 96,06 96.22 81.19 8093 B1.06
176.85M 9962 946 9954 99.01 98.65 9BK3 9652 9491 95.71 T7.15 T4.48 75.79

££ MTHS00 L » el DU I (F Ryl AROTE UL T - PERE
RSB I - SISO TR Joy i A B At SRR AT P - & RGD
fflfEAE R F A PR VGG-16 A loU (KA 0.6) HYfREET » Al
PEREFHERB A HAD ST -

#£H RGD HHHAM S EFE MTH500 HY%fEL -

loll:0.5 loll-0.6 lall:0.7 loll:08

| |3 F P 13 F P i3 I P K I
RFCN-Line 96,30 Y768 9695 Y436 9572 95IM 8450 372 B0 4694 4761 47.27
Faster-RCNN-Line 96,15 9744 9679 93.26 9452 9389 BI60 8270 RIS 4397 4457 7
YOLO J 9209  BRES1 9026 BRO96 8550 RBT.20 7714 7404 7561 42,16 4052 41.33
SSD-Line 98.85 9041 M4 9748 8917 9304 8981  RL14 B581 58.39 5340 5578
TextBoxes- 8175 9388 8738 8001 9199 8564 7587 8713 8L 5833 6698 6230
DMP- 9645 9591 9618 9465 9412 9438 8513 8466 B89 4605 4579 4592
FEN- lmn_ 9637 9140 9382 9517 8RO 9197 8391 7723 B044 4252 3R00 4004
RGD[ours] 97.35 9597 96.65 9534 9400 9467 8881 R7.55 BR.IT 6198 6110 6154
RGD-VGG16{ours] 97.71 9586 9678 9644 9461 9552 9217 9042 9129 7372 7231 7301

Yang et al., “Dense and Tight Detection of Chinese Characters in Historical
Documents: Datasets and a Recognition Guided Detector,” pp. 30174-30183.
1 vang et al., “Dense and Tight Detection of Chinese Characters in Historical
Documents: Datasets and a Recognition Guided Detector,” pp. 30174-30183.
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(&) BEFYXFHA

BN REEEN S TG TR R E T E RS - (2
AR B E M RIS B - fEE BB AR T > Xie Zecheng
FNIRH T EBSCERE R BIRs A -

by B s Be
R .
L - gy i _ Incremental Weakly
";Hr i EF A Supervised Learning
{4 i 3
it ! X, 2) = 0 1 1
| - i i r
[ e i character recognizer
Preprocessin - B3 : T :
P B myg -
W o i ]
S hEs a o
» F o +HLine-level
: 1= amaa :
PRIt 1 Annotation
2 3 b.\' -~ - =
.. B .o I X E
(a) (b)

VY AR AR RS HE ST 5 E

F AR HEEREE R RSORT -

BB EITE S NE > E| (Boundary Box Segmentation » &5 BBS) »
e HT LA 73 E IS 5 o

F= o RAMEREERE - STl - e
TR QHEAE © WREN RS R - (1) £ HIEMREI T o 8
B (Pr) (SEFEAF IR - HAEIEF ] DURKEAET - (2)
FEAEBERRIIE DL T BB RIHAIRER (Ps) sBH GRS KN ZRATHE

Xie Zecheng, Yaoxiong Huang, Lianwen Jin, Yuliang Liu, Yuanzhi Zhu, Liangcai
Gao, and Xiaode Zhang, “Weakly Supervised Precise Segmentation for Historical
Document Images,” Neurocomputing 350 (2019): 271-281.
Xie Zecheng, Yaoxiong Huang, Lianwen Jin, Yuliang Liu, Yuanzhi Zhu, Liangcai
Gao, and Xiaode Zhang, “Weakly Supervised Precise Segmentation for Historical
Document Images,” Neurocomputing 350 (2019): 271-281.

12
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EIH o JEEaET T (EHEFT - AREE Py~ PsHURHEIRV)N  (ERIGEGH
R PR ALL THEE 5 BT IHEE § AR o FEE RIBEAE IR
ST AN RGO AN B S TR R AR A&
FEREREN -

& HiEAEEE (RIE 5 HBREERR S BIRIE IR ) BiTakns 3
FE 7128 FAE 45 %l ( Recognition-guided Attention Boundary Box
Segmentation 5 Rg-ABBS )-Rg-ABBS £ 3f#H |~ Rg-BBS( Recognition-
guided Boundary Box Segmentation) F1 BBS £ = H{#EE » 1E£3E E 591
sy ENERERIR - BAE IR EER -

ezl - FEAGHE T EIYER (10U=0.85) T » Rg-ABBS{E TKH
Btk A AT o IS T ERTRESR

#7 Rg-ABBSTE TKH fy55 "

Method loU 0.7 loU 0.75 loU 0.8 loUl 085
R P F R P F R P F R P F
Projection |19] 3261 34.34 33.45 2223 2316 2269 15.38 15.79 15.58 12.16 12.41 12.28
Grouping |30 26.60 21.07 23.51 15.73 10.93 12.90 15.02 10.81 10.87 14.08 997 1.67
CCS [31) 75.51 76.42 7596 70.63 71.48 71.05 62.21 6296 G2.58 45.37 4592 4564
S5 |60) 2741 21.07 2383 2418 2087 22.40 2035 16.73 18.36 1521 1143 13.05
ACF [42] 2548 2617 25.81 2341 2435 2387 2148 2227 21.87 20.53 2142 2097
R-fen [43] 8854 9732 9272 8385 9217 8781 7115 7822 7452 4757 5229 4982
SSD [37] 5956 9854 7424 5746 9519 7166 5231 8660 6523 4269 7056 5320
YOLOV2 [365] 9392 9711 9549 9042 9350 9193 8132 8409 8268 60.02 6206 6102
TextBox [52] 5646 9851 7178 5372 9102 6756 4858 8477 6177 4229 7926 5515
MNC [34 9070 9122 9096 8617 8466 8541 7629 7673 7651 5614 5645 5629
FCIS [33) 7489 7578 7533 5517 5582 5549 3082 3119 3101 2194 2208 2201
BBS (ours) 88.24 85.76 8698 84.21 8207 8313 81.21 8018 80.69 74.21 7341 7381

Rg-ABBS (ours) 9263 90.56 9158 90.15 8813 89.13 86.54 8461 85.56 78.80 77.04 77

13 Xie Zecheng, Yaoxiong Huang, Lianwen Jin, Yuliang Liu, Yuanzhi Zhu, Liangcai
Gao, and Xiaode Zhang, “Weakly Supervised Precise Segmentation for Historical
Document Images,” Neurocomputing 350 (2019): 271-281.
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(5%) BAREBICEE G X FiRA

(AR et T — R A (EE2E (Deep Reinforcement
Learning - i DRL ) (Y #E LAl E L - “HIEAEE « Bt AR
Ste s R SURET TSR] > BRI 58 SR B R A R A IS
FHETTARH - 15 RSAmIEER -

Ronghly detected results ' 1

(ChhEoE

BT TR RS TR

e (A AT (5 FH BELRE Bt I 3= Y OLOv3 S T 3& R il Y
fll o GRS FARE R BN ERERY T EE Q EEMEME , (Deep
Q-Learning Networks ) £ Ff] — &7 (i B BURG LY S Emfia g

( Fully Convolutional Network with Position Sensitive Rol Pooling @ 7§
FCPN) ZRAZEVEF 3 (5 Bl b B Eh E (S (E A B -

TErERS S R (A AR FEfER S =W EEE - RE—[
TRETEREGEAERE - ERPRERBMIE DS - R R ERTHREREE

YORIEW - (CEERSRILEE BN S TS HERR ) > 10 -
BN (EERSRILEE RS T RS R ) 0 H 10 -
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FIENTEREMEE - Bt (0 A B FHE R & (E (E R & R A E Ry
EE - EREERARHBIEARGREE SR FUE - R RAIREREE T —
s X o SE R T\ o2 A R AE LY 7 R iR B2 SR B
F—{EEIEBE - BhfERRED R Ry 2555

e LB FRERE B IR TP S B S ST Y I B (S Bt
TE o AR CFE AR o SR T R TR ARE bR
(Dense Reward Function - fi#ff DRF) » H& RifAREE=E AT T —(ERRE
e LA ESSE S5 o I T ESERE -

NN N N 2N N BN BN BN 2N 2N

.59 0.62 0.66 0.69 (L.67 (.70 0.73 0.70 0.74

%%5{:52}5%}‘}'}':5:{5

=3 =X =3 =2 ZAN=AIN=AN=2N=:

0.63 (L63 67 0.69 0.71 0.73 0.75 0,78 0.81 (.84 .86

ST 3= | EID |;5li! ;E Fas ;ﬁ

Fraleraleal b ol v

0.51 0.54 0.57 0.60 063 0.66 0.69 U? u?* tl"h [H\I

.60 (64 (L6E 0.72 0.76 0.80 .84 (.88 n.uh‘ 0.84 (.88 {.i-l
”“”W%%@E%%W

ﬂ ofl afll Bl @B @R o8 3H »H

.39 (63 (1,66 0.70 0.75 0.78 0,75 0,78 0,81 0.78 0.81 GT

e - -

EW@FE@M@@@@@

0.63 0.67 .69 070 0735 .79 083 0.84 083 084 Gl

0.56 [}‘n‘ 061 064 066 0.69 0.7 76 0.78 .81 GrT

N bR @&E’]Tﬁﬁﬂ:

© RN (EERSRILEE RS TR R ) H 23 -
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£ TKH A1 (MTH500+MTH1200) R{EEHEEE Lo B T3l SR AH]
& 5 loU FfE loU WEFE(RME T > A757A (YOLOV3+DRL ) #REEL T
RGD DU EMTTE » IR T ERIRELEE (sate-of-the-art) °

Ft  wLEEE TKH fyERY

loU:0.5 loU:0.6 loU:0.7 loU:0.8
Sspitol 75.23 75.10 74.24 65.23
TextBoxes!™*! 72.81 72.70 71.78 61.77
DMP-Nets!*! 94,23 93.47 90.31 67.85
RFCNI® 9498 94.64 92.72 74.52
Faster-RCNNE 95.03 94.78 93.22 78.24
FENI1 98.44 97.00 88.18 60.81
Xie-Linel*! - - 91.58 85.56
Gao-Linel'” - - 92.62 80.85
RGD-VGG16-Line*! 97.76 97.01 94.98 835.85
YOLOv3M 99.40 98.64 96.11 82.89
YOLOv3 with DRL 99.42 98.68 96.35 87.05

£\ BefLEBEE MTH RyE "

loU:0.5 loU:0.6 loU:0.7 loU:0.8

TextBoxes-Line!*! 87.38 85.64 8111 62.36
FEN-Linel*!] 93.82 91.97 80.44 40.14
SSD-Line!'" 94.44 93.14 85.81 55.78
RFCN-Line!®! 96.98 95.04 85.11 47.27
Faster-RCNN-Line!") 96.79 93.89 82.15 4427
DMP-Nets-Line!*! 96.18 94,38 84.89 4592
RGD-VGG16-Line 96.78 95.52 91.29 73.01
YOLOv3!Y! 97.20 95.95 91.02 67.28
YOLOv3 with DRL 97.30 96.23 92.57 73.83

YORIEW - (EERSRIL R S TSR ) > 22
OB (ERSRILER B SRS R ) - 22
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9~ BEIERES

B Ay SRR S ) - SRR - —IRRER - BRI R E &
RERE# - TEEAYESORBGENE - IR E S IARGE S - RN

ERREREE -

fEE BT R > A RIS n-gram ~ A T EEH AR - 2t
{FFEHES (Conditional Random Field » fifif CRF) ~ &g &8 5 Al
( Neural Network Language Model > 75 NNLM ) ~ 22EL A PTG TR BE T
( Gate Recurrent Unit - 5§ GRU ) [YEE[a {EERHFEHERE (bi-directional
recurrent neural network ) ~ 2155 E AW EE AR AR E (Bi-LSTM
with radical embedding) - #* " BERT+{#3f ,~ ® "TBERT+CRF | % Fi: o

Y BRRAE ~ B - RIS - FALE - TR (EERATERST ngram (BRI ERE
wF)sy) o (FHEMETRE) 331 3> 2007 4 » H 192-193 -
2 R GUETE  (REGEEEEHTZE ) (POUE E2H) 22 4 2008
&> H31-38-
2B RT SR/~ SR - (R TY) 0 B AR TSR ) (TR
EEH (A ZARIERRR)) 391 5 2000 4F » H 525-529 ; SR ~ EWER ~ 5T
JEI TR — T EEFA TG AR CRF i STl ) B AT AL /7 1% ) » CRHELBFE I 9T )
2619 2009 £ > H 3326-3329 : iRBAME - HERE - T 0 (ERERAFEESGH
R E T R AR T ) o (R EEARSEE W (BAARIERR)) 10> 2000 4 -
H 1733-1736 ; Huang Hen-Hsen, Chuen-Tsai Sun, and Hsin-Hsi Chen. “Classical
Chinese sentence segmentation.” In CIPS-SIGHAN Joint Conference on Chinese
Language Processing 2010 -
Wang Boali, Xiaodong Shi, Zhixing Tan, Yidong Chen, and Weili Wang. “A sentence
segmentation method for ancient Chinese texts based on NNLM.” In Workshop on
Chinese Lexical Semantics, Cham: Springer, 2016, pp. 387-396.

2 T~ SRR - BRI - (RIS B Sl ) o (JhsTk
BEH (HZRERRR)) 53 1 20 2017 4 » H 255-261 -

Xu Han, Wang Hongsu, Zhang Sangian, Fu Qunchao, and Liu Jun, “Sentence
segmentation for classical Chinese based on LSTM with radical embedding,” The
Journal of China Universities of Posts and Telecommunications 26, 2 (2019): 1-8.
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TR S SRR 0 BT S n-gram B F1{ERy 63.78% 5 A Ta% et A=A
JEE [ HERE R R 48% ; CRF 11 F1 {H/ 1A 67.90 % 83.34%;7 [ : NNML 1Y
F1 {7k 81.13% ; #%45 GRU 1 Bi-RNN [ F1 {E 5y 75.51% : #8452 &l
A Bi-LSTM 19 F1 {E )k 70.5 % 81.3%,7 [ : T BERT+EH |, 19 F1L{E 5
91.67% ; " BERT+CRF | [ F1 {& 5 92.03% -

1 EENEEE AT - B A TR AIE - CRF - P st R
5oHFECE( Residual Bi-directional Long Short-Term Memory - fi#f# Residual
Bi-LSTM) ~ * MBERT+{ii# |, Y% ik - fFaSEsOsl > A Tt
ok DB HERER 2 36% ; CRF [y F1 {EHE 48.96%% 67.67%:2 L :
Residua Bi-LSTM HYSEH#ERESR By 79.92% ; " BERT+E4ER | /Y F1 (B &
70.40% -

H X Residual Bi-LSTM 11y E S50 FH AL AT i e e [ BE AR S5 i i
NEEPEREEFRSE - EHR T HEER ) M e C A
TR CRJAE ~ S50 ~ 9T ~ BEGT ~ B9t - o9t 1850 e AR

2 BRI ~ B~ RokfE > (EEFY BERT (Y SCEAJRTSeEEER ) > (TS5 A2
#) 33: 11> 20194 » H 57-63 -
Hu Renfen, Shen Li, and Yuchen Zhu. “Knowledge Representation and Sentence
Segmentation of Ancient Chinese Based on Deep Language Models.” In 18th
Chinese Computational Linguistics and Natural Language Processing Based on
Naturally Annotated Big Data, 2019.

7R (R A ARE R ARTSE ) » B 31-38 ¢

® HARTE (HEEATY A L) H 525529 5RE% - (—
TEEA G B CRF By SOl Ay Bl )i a0 /7 ) » B 3326-3329 ; SRS » (%
TGP RB S 0 o 14 3E (5 Sl ) LA el 5 ) - B 40 -

2 OEEE - i EEE - BEY - BE - EBEE  EEA EBEE R
VL > (— T AR TG R B R ) (SR e B 7 A\ ST ) 32 2019 4F 0 B 1-19-

¥ SrEAZE o (HEFY BERT B OB ATFSCELfER ) » B 57-63 -

26
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ZhHHEEEE - ° CBETA fEH=UIEBE S A hERA T A FL il - S HAMEES
SRR EEIE AR -

b T VU T RE AR = TR A B N 2 B 7 g B T K B R i
SEEBEASIE 0 HL Transformer B3 78— (CH BES: » BH T
O1.28% P E e - *

Ky T e EH BN ARRL L KA R B AR SeRE TE AT
T SORAS B R MR R SR T AR A AR N ARG 5 ST A AL
tE - 15 EIRy FL{E s 87.0% - iEEBIER M 7 AN TARR G ZZ M &3
AR ] LU (E B EERL R faiRnuaeEs IR - IR E EEENT F1
{Eifg e EIREZ - EIRE FIREFEEREE S HIE D > AARRIAA SR
EHZALEETT o RIRFAEER Transformer () H BhiE BE A FEEELES 5] LLAT
TR TR AN AR T2 - FL{E 3R 84.8%f( 86.4% » A& £ N\ TAEES
FFEH) 87% - LIFESA Residual Bi-LSTM 1Y EH BfEELE ks $H17 » 7ERTREA
TR 52 BT FL {E 3R Ry 60.3%711 60.9% » SE{ER B Transformer
W E BIEAS - EE ARt IRI > B Transformer 19 HEITERLEER
TRRKCF AR NEE K > fEIEASOR Bt BARIFIYIZ (LR
57 -

h - HistR%E
(—) BERT
2018 FHEI L. BERT ( Bidirectional Encoder Representations from

8L AR 5 http://www.gj.cool, 2020/1/28 -
% AR R R B o ST RS R EE R B R R4 - hittp://115.29.208.50:9000/
punctuation, 2020/1/28 -
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Transformers) - **GPT ( Generative Pre-Training) "5 {t =1 TEI Sk 17 -
fEERGES M EES T —5FEL ey » SHRES BHEBB AT
HEREREIE - DIERCR T B SER R T BiE s R - 1
TR | ATHAIIBR 7% - 193] T#ERE - LL4h » BERT EAFIIBREIERE
RFEK - MERIEM VA B2 BB REAYIRHE - T EERR
8> meEE2mEmfAmE L EEER -

BERT mIDUfffe 2l EEIVREREE - REdiRiE X —fER M EN L

Tﬁf&f‘ WEIERESS LR AR M & - EIEEZTIE -

» NI SRR A En] DB A SRS - BB E A BN 248
E?%%EEF‘?%E% °

(=) MASS

SR BERT ~ GPT ST iAER R - HARESHHE -~
B2k - SQUAD FERESEERHESS EHUS T iRERI > (HELES
RAEBHIAEARE » HEA B ARG - /Re0e A EARI5E - RO0E
G EEERRIREIERRE S ERUESS - THEETE 2 MASSHYESS -

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. “Bert:
Pre-training of deep bidirectional transformers for language understanding.” arXiv
preprint arXiv:1810.04805 (2018).

Alec Radford, Karthik Narasimhan, Tim Salimans, and Ilya Sutskever. “Improving
language understanding by generative pre-training.” URL https://s3-us-west-2.
amazonaws. com/openai-assets/researchcovers/languageunsupervised/language
understanding paper. Pdf (2018).

Hu Renfen, Shen Li, and Yuchen Zhu. “Knowledge Representation and Sentence
Segmentation of Ancient Chinese Based on Deep Language Models.” In 18th
Chinese Computational Linguistics and Natural Language Processing Based on
Naturally Annotated Big Data, 2019.
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MASS 2l R & ﬁ%ﬁ’ﬁﬂlﬁﬁ i 227 = Masked Sequence
to Sequence Pre-training - s
AR LA RCR E BARGE S 2T 5y E EI’JEI’JDE. = E&{ﬁ% °

MASS fE{EE 5 (low resource) ffF N /NTERE B ¥ HRITHASHEHE
e (NMT) FISCAREET L 8RS R T ER A - MASS &
TESEE / AREFIERE / (ERE E MiTEMERE (BN AR S EE L)
R & W75 T BT AT R EE E Rk 5 IS T E Rl A
%o

BRI BB SRR YR /T 1% - DABMERES B FETHANIRRRE B - MASS
HFREWERE S & BB RERERAN ] & ZEANFEETHE - 78
TEAIBRSERR > A R By BRI RERREI T -

FIF MASS - aILUi s IR/ &30, (ER—REE ¥ > 25

HERTC W TERIIBREE R » FREEORROGRS R " B / 530 URER
15 > AIRREREIERL - T B RS S I A -

% song Kaitao, Xu Tan, Tao Qin, Jianfeng Lu, and Tie-Yan Liu. “Mass. Masked
sequence to sequence pre-training for language generation.” arXiv preprint
arXiv:1905.02450 (2019).
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s H

T R/INL ~ #E2REE » 2009 > (o EERE A1~ U) o B ATRERRAC T BT SE ) 0 (i
RS (HARRIERRR) ) 3915 H 525-529 -

EFEIT - SR ~ fRERR 0 2017 (—FEESRIEERMHSHE RS B S A )
(bR EEEE (BRI ) 532 H 255-261 -

(R8T - 2019 > (B LSRN RSO E R ) - BN © Epg RS
BT H(E BB ARHR G

BUARRA ~ Bl— ~ BROK{F > 2019 (HEfA BERT [ydisCErayifiseidiEr ) - (F
X(EEEH) 33: 11> H 57-63 -

FHERL > 2009 > (RGeS E O SO BB R i T o AT B S5 t] ) o Y - 2
R T RSB T R AR R -

SR~ THEH « #5HT - R - 2009 0 (—FEEEAEE CRF (g fEd
AJRERERC TR ) o (GHEMIERINIZE) 261 9 H 3326-3329 -

SREEME ~ R - FHIT 0 2009 0 (EERAERIFFEMISHY & EEEE B EhiEh 1) SRR 5
%) o (EFEREEH (HAREMND ) 10 H 1733-1736 -

PR A ~ B~ BN - 2R ~ TrpeE > 2007 0 (EERRATIRSC n-gram AU
I ERRA T2 ) o (GIERETR) 33: 3 H 192-193 -

AR - (RS > 2008 0 (RS ERE ARSI ) o (PUEEER)
22:4> H 31-38 -

BEE - G5 - BEN - BEY - BEH - BEE - BEA BEE R
&0 2019 (—fEEBMERA G EEER ) o (BRI AL 3
H 1-19-
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