TAXRI#ZE A a—RY VRIYIN] 20204E12H

Bi-LSTM Z AW/ BRSO IERHEE

PR BRI, NIIE B A5 —X vy b XY 2 8#F QR S rhiE BT A

THERYE P HETHERE § TV —TAT4—FKF Y,
§§ ROIS-DS A A — 7 v 7 — 2 ILFEFI v v & —, # ESLIEREIE

HA

25
CI=]

(RS

HULEE - HEH oGt A ETEUR, X, B, Uth o KEFLREEZ o IETES. T
7o, BRI X 2 BETRIZIAN ORI D 5. TR D IR BT 2 Y IR 2 1 H B 03, ARTIZZD

FROEFUHEE I D fHEe. JEREEZATIE L, %7

B A AR B 2 BIEEC O SHHEE TRV IERE R #5

% Bi-LSTM % FiWT, il HABO SRR EMET 2 ET NV EME L. FREROERD 5725 2 — %X
WEA L, PREMEOD AUC T 0.894 & EREEREREZEZ. £, 1ADEMERPLDT7 4 — KRN 7 THE

Al 215 72.

Sentence Boundary Estimation of Ancient Japanese
Using Bi-LSTM

Lisa Suzuki', Rei Kawakami®$, Tarin Clanuwati#,
Asanobu Kitamoto$%# Toshiaki Nakazawa', Takeshi Naemura'

1The University of Tokyo, {Tokyo Institute of Technology, §Denso IT Laboratory,
§§ ROIS-DS Center for Open Data in the Humanities, # National Institute of Informatics

English Abstract

To improve the readability of ancient Japanese books and documents, processes such as old character

recognition, punctuation, and Hiragana-Kanji conversion are required. The automation of these processes

will accelerate many research areas, including literature, historical and cultural analysis, and disaster

records. In this paper, we focus on sentence boundary estimation. We develop a model for estimating

sentence boundaries in ancient Japanese using Bi-LSTM, which has a high performance of sentence

boundary estimation in modern natural language processing for speech recognition. When applied to a

corpus consisting of literature from the Heian period, the AUC of the PR curve achieved 0.894. The model

was also highly evaluated by an expert.

1. FLBHIC

HHLEE - I E B0 AN L o THFEDME
V. L LIRERYIRE 72 & OSUERSE D 6, FEH RS
b, MR Y OFFRICD > T, Thd DL L
BT 2HMIIZLFET 5. £ 2 TlE, Bz
7w, AlEitEzm L2, BN EME L
RTH 20, FRI7T 5 KRB 10 (RITHIR LEFI5
BETHICE Y E 570, B X2 BEIRZI O
FEBFEE NS [19], [20].

B, K1ORT X5, HoE (K FL
T) ZBROXTFAZERT 3 BT v, £k

TX¥A A RERR D NEZZZ TIBIEL, Al#t
MrmEmdd TKET) Whrid. BIFITIEFEN
TRk [4], [10], 11] ®°, WRABWFICBMT 52 5
U RY =V 18] LWV o D M ADTEET B 7
o, FEEIRETOBEMICEE T 5. KENTE, X
GROMA, FREEFTNOHHEINOREA, K% DI
I BT AOZEN, BTFO#D DEIE, EEhsd.
oW, AlEtERA LR E < RiA T 2 S5
HETE 2 AR TR S .

SORFHEEL, FICEFARBROTHICBNT,
R D XTI AR R 2 AT 2 HITHIE &
NTE. HHAIZE, ngram FEEETV[1], 5],

B
F19)

©2020 Information Processing Society of Japan



The Computers and the Humanities Symposium, Dec. 2020

WEESIRDEDICENLET
B EHLTPLAEIX..

-

TeES, [EEo, £HICHI
LEJEL, bTHEPHEIL...

B 1 Bk T

2, Ehvvrazeson (), &I EHEEE (CRF)
(7], 19], [14] WS N7z, FEFE O BEDRFL,
LSTM (Long Short-Term Memory) [12], [16] % Bi-
RNN (Bi-directional Recurrent Neural Network) [13]
REXREEZEERTLZ2ETADPREEINRTVS. 1
51, RINAFHEDOERE NI T B XA
EUTERHEERMEL R . REYE k7
NDFD, ATTDOFRBZERE X SICIEBICEBR L
T 2B CRAIR A 2R Z 557, TEREDYE < 72 B {H[A)
WH5. T—XBKEICH HIGEE, HHEIERCTH
W55 RNN encoder-decoder €7 /L% FWT, ]
FeRIE AR D SCEF 2 & 8 AR D X FINCEHLT B
FEBFET S (8], [15].

LU, dBUEE - d0E 201 U U SHEE 1
EELOHBBOHHL O 21 KRHNE. H
H 5%, PRSI L T CRF &AW TURR DG
D7 RUAFTFIT o 72, ZAUIHIBRHMR D HEFEA N 5
TH2H, BROIEKE DEWHKEWILFRALL
HIDXERD T3 23, wlFEthf EOFTREIZE .

Z ZTARE, FRIFR D SCHR %2 0 5z S5
HEEZITS. REYHO—ETH % Bi-LSTM (Bi-
directional LSTM) [6] Z M\, AJNCIITERESR % H|
M3 5. KEDOBWERERERMBHTIIIA R HRNIIL
BThdrIrdEZILNED, KEEIXEBFERMR
WMBANEOMRE HETH-> 2582 EL, 20D
L TOSUIREFHEE O MREZ T 2 Z L ICHEHAZE
{. PR (Precision-Recall) Hi##® AUC (Area Under
Curve) T 0.894 ZER L, FEMFIC X 2 EMEFHMC
Al 215 7.

2. WREIB7—4

ARG P LB OPE AR ZNRE T 5.
BHRRO=RKTH2. £3, PHHAEONERS,
REBETH Y, R L 3 ARt L)
RAE». B, AR chEEAE 2T &
Mk CTETEHEEFTEMMON -0, BRRDOGEA

PLERT = ZAJHEMEDYE . BT, 3 — S RV

R 17— XORHIR CORPRSER)

BT RHEER BN | BRI ER
D HFE DL
1,530,328 867,034 38,834 4.5%
— o HiFE
A RRME ME
16 334 2
8000
£ 6000
S
X 4000
2000
100 150 200 250 300 350
130 D BEEE

2 1 XCHOEFERD DR

INTED, FHEBERANRBI I TOR T L.

TF—Xt v MX, HARFERESRI— SZDFEEZRHR
W7 ZHVE. F—REETHREEMTBETHD,
HEP R OBRICTFE TBIEIA TS, a—
NRADHFEOHAMIZ —EEDH D, FAFINEEZHN
L7ZHNL Yy, SHENRBOMIAEZHNE L-ER
NAH 5. DT TIIEHENE THEE v L, 7—&H
DA R e 2 (R OHTR R EICHE) 2306
T3, HEMOBE LTI, 2rxiE, RDESI
B3, LhL/B/E/L/T/ER/O/R/ER/ D/
BAZ/LB/EL/L/T/HRIZ/\DIZ/TD.

TDa—RAPEFERTWB DR, HESHIEE,
TEHR, TEWIEE, DHEAWIRE, VEEVIRE, KRY
i, MR, KPS, SN HE, MRAEHE,
SErRYEE, RS EE, ERHGE, HEEFHE,
IHHEE, K8E, D 161EMTH 3.

T—Xt v rOEHMER CORRLHEIIRL) %
£ 1, 1 XHORFEROMZX 2 1TRT. R 1R
T X, 1 XHOHEBRIE, oK 334 HEE, /)
2 BIZET, RAEMEIX 16 HEETHS. K2R T LD
12, 60 BEELIT T 95.4% s s 5.

3. R’EFE

XIRFHEE DO FE L LT, Bi-LSTM[6] % W7z
HeE 2 RET 5. HHTEZ2a—20DY 4 XAt
BN E Wz, BEMBIERE L TR LD D, IR
MHF DR R v UTHEL HHBERED H 2 ATREMEDS

W PHEEINS. Bi-LSTM OMERM 3 IR
Bi-LSTM (¥ XHEA 5 AT 5 LSTM ¥, SUR» 5

©2020 Information Processing Society of Japan



y2 )
l ! [ T |

el
<_| LSTM T_l LSTI\/IT— o+ - LSTM
’LSTM‘ﬂ*“STM’#¢.N. LSTAW

X, )

Output (¥ (¥n )

|npUt*X1 ) ‘XN )

3 Bi-LSTM OH%E

AJ1FT % LSTM O &2 #E& L FRlEITS €T LT
5. FRYT— RO EE T AH HFETE
2ETNT, FiEOXREERBTE 2MNDH 5. &
FIC X2 XHRHEECERELHED, Pl HARGEC
BWTHREBRICHAES 2 Z e DR T 5.

Bi-LSTM 2 n HigE%® AT L, SHFEDOERITOR
RO T HELTHT 5. HEAHEOMEE
M 412R3. AJNCiE, HEEORMEAZ by (EHE
K, i, TEATY, TEAD (S HEE D SCTIEIR R S
LTHWA., XFBERIEZDF FHEED Embedding
YHEET 20 TIERL, Bi-LSTM 2@ L= 0% A
W3, ZhEHEFHERD BILSTMICATIL, &
S, softmax AR THEEDERIIRATH
BHERZH AT S, £1IHRLEED, HIEEKYE
P U ORI E R D i vz, B S
WCEWEAZ LT THEERITS.

NAPR=%T R — ZEIFHTITV, RIBOFHi
FEEZBOTRDEL > EEZRALE. HlZIEA
D173 60 HEED & =, ATOXITHUZ 330 CLFEDTE
A 100 Kot FEREZRAY 200 T, fhad - IEHE - 1&
ARl% 10 ot 3 2), Bi-LSTM DA R H 771 100 X
T, A ERRTH 2RO TH 5. 5
TSI B EAX 100 ¥ Lz, &iE{kicid SGD
(Stochastic Gradient Descent) # L, FEEIX
01T, 20T Ry FRIELEEHE R, 7L —L7U—
2121% PyTorch %Wz,

4. RE&

MERERTATT D 72 D RERZ AT - 7. RHFEF| % AJTH
BT ONETE. ZOREILT—Z2OHhs,
FURLCWMO ML TR -1, RO
3ENE TR P F—RICHWE, AHOBEERIZ, 10,
20, 40, 60 ZFA L /-,

SORFUNIR 4 77T, BT OSHRTHEE ([15)
TUESORAER 17 7)) gL Th kL, HESY

TAXRI#ZE A a—RY VRIYIN] 20204E12H

‘ =) (Py) - UEROMBREE

R

PNEN= )

| =5R I E 5 Embedding

t t Gatls (peR) . S5, ERW.
| BilsTM | AR ([mEBE 5L )

1 1 1
(Wi (W2 WN} Bi-LSTM

: ; @ () @)

X ZF Embedding

4 Bi-LSTM %W /= X RHEE £ 7L DR E

W07 —XETHBRIENRV. Z 2 THETF
B LT, #Eid s 2n HigERZ AL, 2oHD (n
HEH: n+ 1 HEHOM) WORABFET %
D R MHEE S B EAR%Z Random forest [2] % H
WTHEELL. ANIE BILSTM & AR HEEDO
RESR - harl - TEATE - TERAY R W, SCFIBEIEA Y
Bpolz. ¥z, ANJIOHEERIZ 4, 10, 20 & L7-.
T, PERDFEICHEZXEVRDZE L, A
NEFEROHEINC L S WHEER T2 212X 5.
RIRXA=RFAEE ) v R —FI2X DiTo 7.
FHmEAENCIX F1EZ W7z, ZHiX, Precision
GEE®R) & Recall (HHR) OHEANEFELWLED
TR TH 5. Precision 23 WIE EMH L7235 R
PIEL K, Recall WEWIEEEIRZ HE L X 310H
HTE23Z e 2EKT 5. Bi-LSTM &Ik
THENTH2MEASDH 270, Wrd 37D 10
FERIZEMAL, FOLD 35D 1 (AJ155 60 HFEDS
&, HDLO 20 HEE) 1T X o TOAFHIMG L 7.
EGM (True Positive, TP) 2MRAZIEL S BHET
T BUTHY L, BB (False Positive, FP) 23557
TROVOIZHER & Z 728, hkatE (False Negative,
FN) DR THE2DITHBH LB o7 TH 5.
Precision & Recall DFFERIIRKXDOEH TH 5.
TP TP (1)

— Recall= ——
TP+ FP’ " T TP FN

Precision =

4.1 EERIFTE

#FED F1 {Ei1%, Random Forest % W7z LLERTF
BBV T, APV 4HFEDO L %0.83, 10 HiED & =
0.81, 20 BZED ¥ % 0.77 THo7=. %72, Bi-LSTM
EROWEREZETFERCBWT, &ED F1LHEIZ, Ahs
10 HEED ¥ % 0.82, 20 HFED & % 0.81, 40 HFED
¥ % 0.82, 60HFEDL X083 Thotz. IREFET
i, AJTGEEBEES T e BENIWE L-—AT, L
BFETIIATGER L LT e BENE( L.
7, EFETHEELHMEL L TExELS

©2020 Information Processing Society of Japan



The Computers and the Humanities Symposium, Dec. 2020

1.0 {——
0.8
c
2 06
o
8 — £Z) (AUC=0.868)
& 04{— % (20%8) (AUC=0.868)
— 40¥3E) (AUC=0.884)
EEFE (60£5E) (AUC=0.894)
0.2 HEEE (U155
EFis (1088)
-+ HEFiE (2085
0.0 L— !
00 01 02 03 04 05 06 07 08 09 1.0
Recall
K5 HKFED PR iR
£ 2 RKEFO, ERTOHEE O 4
TRk ket
R 70 AT | T 83 fEFT
72 F 5 33 T | % 62 f&FT
Jh 19 &P | & 58 f&FT
MR 15 & | 3 52 f&FT

& PR W% X 5 127~ F. Precision, Recall 312
BWHBR WD, B— 70 EIEWIE EHEEED
Random forest I&IRERD 78, BED X 5
TR T X =PI, Lieh-T, PREIFRETIERS
TREXN 3. Bi-LSTM T 60 HiEZ AN L7=5E
Db RENE <, PR RO THIZED L7-ETH
% AUC X 0.894 L EWMHY 72 o 7=,
REFEOPRTSH, AND 60 HEETHRD F1fHD
Bhoib &, B GRETRSURME ANA) 5
421 & (20.8%), Akt CUERZ RE L Lzfl)
31605 AT (79.2%) REED I BE D 5 7.

=L,

4.2 IS5—9H

KME T D, ERTOHGE RN 4 BEER 212, B
HIOHEEDIEAM 0 4 L, £ 3 I1TRT.
BIEETIE, R3WORTED, KIEEORIID
FICHEDL ST, HERICHE> THEREZANTL
F5HIMB . FlRFK 4 IR L. RIFEOIEHGE
DERICBIE - BB L 25, ORISR %
ANT=BID D o7z, Tz, FBOEC CEAEE - BEA
) bbb, Z2ZTXHEIETZHWILTLE >
7o, BNCARBIGADNTFEE LR VDI B S 3,
I DERI SRR T ANTHD3 D - /2.

etk cix, R3WRLEES I, EEHEDE
BIHRAE AE L THIHZ . FlER5 IR
% Bh Al Rk I D & Bh Al D B % D U i 2 Rk L 7=
Blpdb, ZAEXFOXYID TIED 203 RFAT

220-

£ 3 KMEFO, ERIOHEEDTEML LA 4 FE
Tk Rkt

e Iwi 251 AT | FEIEAEE 777 T
HAE 109 & | EATE 505 f&FT
JEE R 44 fEFT | LB 129 &fT
ERTE 13 & | BT 110 fEFT
£ 4 REFHROBEBEOR (TR, B )

1) I DOIEMHEEDIER
WZHE - BhEhERLE < A3,
Z DRI 2 A7z
1l

L@ DETIRWAT S
TEOZTLWVEDS R
/S LELHDTIELY..

2) RbFEUBHY, 2
TS 2 2 HWT LT
L 5724

LREhTuiELzzdbh
—DEDHIFEEE
SO BTz

ERlZbHHIFH S
DhLBOVNTE KL

3) RNCIRBIFIDTELE L 7R
WIZH s 3, EEED

BRI S 2 A=l

x5 RETHROMEMEOH (FHl: 7, EE: )

) BOMEEER | RS EDE R EROEROE L
#e L7l S TERPRBVERIFRIILIDE
DEZFRZAD/ HEELEET ..

5) BIRBIFERHK | ... THROPICBEABE A LR

BEOMBFADE | HLE2VWTHRIER FROEEHIZ
BRONEHRER || RHoUREHEE..
WL 75

R 6 WERTHROBINE (FH: -, ERE: )

B KRB L o7 | L ABSEH22S5HIERD

JFEHEEOBERT, R | TRIZZADERLYL

REELLHEETERD | 25280 TOARIFR
e

TR - ka2 RSAITD TRER B

BE2WRD FORELT, ElkdzzerLidn

WHEREZELIHETE | MOBRICHELTESLS Y.
7=l
372, BEEANDERWEEEZ NS, %

Tz, BROKEUEREY LB - 7.
KMDZLFHEL, HELPRETH-72EZS
N30, HEAEOEZLRIEIOHEFTTH 5.
UL, ZheDHaTHRIIL TWBHIHIFET 5.
ZDE I HIER6ITTRT.

4.3 BEMARPSDT1s—KNvY

s HAGE D RS OB 2 SIS AT 5 HF5EH 1
TR L, EBERICOWTHEL, X7 4 — K

©2020 Information Processing Society of Japan




RT7T EMIRADOET Y VI THEH SN HTHEE DR R
(F#l: 7, EfE: )

ezl

L TTDEAB D TLDBUED / KRISFOLbE i
D Nk BHERHT S DO LIRS & K Fli Y
EEPANSEHOOEFTHER Y2 LML LTHE
BEDD /S TANMCTLETRL EADDI RV 5
BHOMZHD I FLEEDTHOD...

BRZCELRCBOLPAEAIDFIREOELSRDICK
BIZEDERETTLEEDEDIEND S {EIELL®
TLEBRME SN TEDSE NICH ZIEDTHNTEN
LBEL /RIS TARTABRBLSLLIZTILLBETOD
ENTBELNZ2bLeLTIZDRDLILEZNLL

HDAMEDIRL DL 2123 H 5RO LTI S
ANDWGEDZ D Z DICEIFREDBNERSLSDUL
ERBRL S/ ShEERBREEP RO THDE 2O
BLALINCEWERS /e D TR THDOHmIUIR L
BB RERHALIE

KGRI

BHEDD22ERbdLW0a5T RITH DT EMDIE
DHDIT2%2LD2000FHEZ LA LHPNRDDE
MEDIE VDD N EIZHK S V6 b DETFHF GO EOMED
AL s sMnE e L

REPBLIFICZLDENTR DL/ HR L2156
RRIZVWAHLIECD2HDE -/ SHI L TUILDDT
BHRDHDETBENIRIPDE )/ FEShITFTERL
ELTREDEMLTZZEHDY LA ZhWEET
REEEL -/ B

BETHOLDEBOFRI VT TRED LD LFHIRL
BRI oMo EFTICRABE EovhrRiuIB ETY L
LUDHREFLITY  DORICEIPIDZHDE LIFVD
R0 BH I ZORLEEDIKIID -/ OB
WHIR D

KB (REe L)

BANIE Z 2 S EREDED I 5 DREIZE T
WL IR IZERATIRAL Z2H 50 L 72 £ 45
b 57 TH 2007k, BICH TRV TRIZIKHOMRD &
BRE2s o0 L5HI A TSI LN
W IAEE ML TEERRE

RUEPNEEBRZB VA I RIUIZ L ORISR
D I RSV T DR RIFKITEEDITITHET T
BZZFEIeReDEBOTADOVI I I ATD i
KhEMRNWIZENEE I 2O

KRBHXFLL DL IPRL D TRENZ AT
PICHEEZF V2200, WALREBALRD
HIEROHTTCORZZILEEILALESZE X5
RKLHREBLRIELEANDZIEBELEIZIDHIH5D%
LHBIENTZOWEE 2 TRhRELDZE

21-

TAXRI#ZE A a—RY VRIYIN] 20204E12H

Ny 7 kG, TRIF X DIRET O F H BRI R 230
PEHMUNMEETH B, ZhEZOHETITZS
LT 5. KMERS, Z ZIEANTHRL
RV, o RluiiY 263, SHEOFEL
DHATDOIRTHY, o BT - 72 HHR
SIS BV, BRI L EIEERI D EZ 3 2
ANBZ VD, THEHDIZTCIBIETE . 5%
&, AIRZO TR, SRR IEEATOMENR 2,
HOXYI ) XFDHTFHTE R L RBmALTRD
A5, ZOBHRAIN:, SURRHEEDRERD
—ER 7TITRT.

5. X SEROFEE

Bi-LSTM % I\ T, F&ERHARDO A E HAGED SR
RefETHETVEMEL, PREIFRD AUC T
0.894 & EFEERAERE/ . KL TV 2 EATIE,
#IEE O E#ICBIFSRBEE DB BEe, HROHE
COREY LY, 04 HHEEREITHIN S
BATTH D, 1HDHMARNPSLD T 4 — KNy 7Tl
maHliz Sz, S9%IE, ROMESOERTTORMER
COBERTEIREZEOTLIOIET NLOBEERITS.
¥/, BENOWF ALY, KENTBI 5 HRHE
DA TROBEICEFT 5.

BEXM
[1]

Doug Beeferman, Adam Berger, and John Lafferty.
Cyberpunc: a lightweight punctuation annotation
system for speech. In IEEE International Confer-
ence on Acoustics, Speech and Signal Processing
(ICASSP), pages 689—-692, 1998.

Leo Breiman. Random forests. Machine Learning,
pages 5-32, 2001.

Heidi Christensen, Yoshihiko Gotoh, and Steve
Renals. Punctuation annotation using statistical
prosody models. In Proceedings of ISCA Work-
shop on Prosody in Speech Recognition and Un-
derstanding, pages 3540, 2001.

Tarin Clanuwat, Alex Lamb, and Asanobu Ki-
tamoto. Kuronet: Pre-modern japanese kuzushiji
character recognition with deep learning. In Inter-
national Conference on Document Analysis and
Recognition (ICDAR), 2019.

Agustin Gravano, Martin Jansche, and Michiel
Bacchiani. Restoring punctuation and capitaliza-
tion in transcribed speech. In IEEE International
Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), pages 4741—4744, 2009.
Alex Graves, Abdel rahman Mohamed, and Geof-
frey Hinton. Speech recognition with deep recur-
rent neural networks. In IEEE International Con-
ference on Acoustics, Speech and Signal Process-
ing, 2013.

3]

[4]

©2020 Information Processing Society of Japan



The Computers and the Humanities Symposium, Dec. 2020

[7]

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Madina Hasan, Rama Doddipatla, and Thomas
Hain. Noise-matched training of crf based sentence
end detection models. In INTERSPEECH, pages
349-353, 2015.

Ondiej Klejch, Peter Bell, and Steve Renals.
Sequence-tosequence models for punctuated tran-
scription combining lexical and acoustic fea-
tures. In International Conference on Acoustics,
Speech, and Signal Processing (ICASSP), 2017.
Wei Lu and Hwee Tou Ng. Better punctuation pre-
diction with dynamic conditional random fields.
In Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 177-186,
2010.

Ayumu Nagai. On the improvement of recognizing
single-line strings of japanese historical cursive. In
International Conference on Document Analysis
and Recognition (ICDAR), pages 621-628, 2019.
Hung Tuan Nguyen, Nam Tuan Ly, Kha Cong
Nguyen, Cuong Tuan Nguyen, and Masaki Nak-
agawa. Attempts to recognize anomalously de-
formed kana in japanese historical documents. In
The 4th International Workshop on Historical
Document Imaging and Processing, 2017.
Ottokar Tilk and Tanel Alumé&e. Lstm for punctu-
ation restoration in speech transcripts. In INTER-
SPEECH, pages 683—-687, 2015.

Ottokar Tilk and Tanel Aluméie. Bidirectional re-
current neural network with attention mechanism
for punctuation restoration. In INTERSPEFECH,
pages 3047—-3051, 2016.

Nicola Ueffing, Maximilian Bisani, and Paul Vozil.
Improved models for automatic punctuation pre-
diction for spoken and written text. In INTER-
SPEECH, pages 3097—-3101, 2013.

Jiangyan Yi and Jianhua Tao. Self-attention based
model for punctuation prediction using word and
speech embeddings. In IEEFE International Con-
ference on Acoustics, Speech and Signal Process-
ing (ICASSP), pages 7270-7274, 2019.

Jiangyan Yi, Jianhua Tao, Zhengqi Wen, and
Ya Li. Distilling knowledge from an ensemble of
models for punctuation prediction. In INTER-
SPEECH, page 2779-2783, 2017.

E 7 EFEFSERT (B L - HKER - b
HIED) fR. THAGEREL 3 — 2 LIRS
(M7 —% 1.1 ) REMT—% 1.1, ##]F
N—3 a3 ¥ 22.0) . https://pj.ninjal.ac.jp/
corpus_center/chj/heian.html, 2016.

%] 37 JFE 52 BRAB T ) B / SR mUK 22 M BE B 22 T / AU
REHMBMER. AARTHA - MINNA DE
HONKOKU. https://honkoku.org/, 2020.

ek #ik. 7 — K ERERA AR DIER L ai 1T
&% FLFFER. BT J-LIS, pages 36-39.
AR, AF7—XTy b 2V ¥ Bl &, and 11
A M. XCFET— X Oah—AEIc L5 3L
FERMOFREME L ZD 4 Vo7 +—. BFIEHRIEE
A%k pages 563-568, 2019.

Bt BAr, At Tk, RE BME, and /NT 57 3L
ROBERFERZ DR E U7BEMEE I & 55050
SR . 1BIRAIEFE RS, pages 152-161, 2020.

22-

©2020 Information Processing Society of Japan



