BB B NIERRICERESEE (Deep Learning)
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~ Japio FEFIBEHRIAFRFI COEIF 28U T~

EEEmBEReE Al HKER

%

AR T, TRIEZE 2 T TREREIRR S R 5 O B 28

SAIREAICOWTRE L, %

DRBOWEBIHEETAHE—T A/ R—2 3 >OBEICOWT AT S, E5ic, AlZfA

WIRRFRER S AT LFIC DWW T BRI LTz,

1. BFUBHIC~FEEE (Deep Learning) bhi
BAlcA4VIND b~

TR TR T % 28 EIERZ /7 LT R olg
Wz I ICRG RN TR Z LN TZ 2R L
%57, Google®HiRIZ., BUFAiE Tl EL L
FERZ AR L T e, o &<FHERFX, A
M & ZEIER & R B3O a0 LILORIER % 1F
DHESEIICE->TWVD, THIT20204F I,

R A 5D @ MERE I EIER T d % DeepLBHERICH
AFERERMGEM SN, X0 RGERERRZGi C & »
TEAHE9TE>TY,

FEAREIER O FGE S IEWETE DS RN IC BN 5 72 C
e S AV ZEIER T 5 BRI Z (b Jk
LARATED, COBET, —h 5 ANHAFHERT
%D TIE7x <. BEIEIER THERE Nz Xz ANED R
#£9 % 2 & T (MTPE : Machine Translation Post-
Editing). I A FZHKd 27 —AMEATE TV
%2, FRFREICBOLTIE, LD, FRckED
FEATEATSCHR DD S BIfR D H 2 kD H 7 H 2D
% EHT, BRI X 29 EREOR T SCE DR
RBRDE ZWFETH > Teh, & 0 IEEGRIERD
R 5N B HEEHICOVWTE, AR X 2RO

|

TERE LT, BEENRROTE AR &< 721 TR S 1
BTV

BN OFS BN I IR B U288 1E. gy
DEHTH %, 2014FICTREEE 2 W H L 7o B
IR TH 5 = 2 — F )L MBI (NMT : Neural
Machine Translation) XX N TLURY, Bk 7z
WENERS N, RO EIER (SMT :
Statistical Machine Translation) ZE Xz TL %
WoDOH B, T, a2 —FILEMEIRROETIL
EHAREHDHEA TS, CDXIIc, HESHE
. BAEREUE (HEMNIEDTWw S ARREE
MICEENTEEED I E 2 —Z Y 0) D5 EFIC
BWT, ZREANNT M EEZTED, HARET
FBEEDVHEED 2BEEEFICENTE, ZOKRE
IR DWW ERIHEEZ G TV EEAL A %,

F51%, 20184E7 H~202046 A £ T, (—i#f)
HARER IR EAE (Japio) ORFEFIFEHRIFZLATIC HiM]
T HMEE 20Tz, Japio Tl 201842 Al
HI ATHZE &2 > 2 — (Japio TH) D7 &, K-
PR T B IS BT B N TAIHE (AL Artificial
Intelligence) £fftDSRMAILITIANT T2 WESE - FilFEZ N
W BT L Eixh, EHE, REFEERLEICISH T
ZBAREED WA LHIBED Nz A INEET 5 L
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https://www.deepl.com/ja/blog/20200319.html

HEE (2019) TeGETHR AR S 5]
https://www.nict.go.jp/press/2017/06/28-1.html

NN AN A A

TG (2000) TAARSEELEEDHRE] 44 = > 24k

BAE 7, 1 (2019) [okesE © ATRUORBESERRER], [JTF ¥ v —JF 1) 20194F11/12 A %
—RW AN BOE R A BE IR

Vaswani, A., et al. (2017) .Attention is all you need. In Advances in neural information processing systems (pp. 5998-6008) .
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i, FNS EMlio e X T LOWIFERIFERITHE
Lo FRC. IEEREEE DN THIRED EHIC
ToTWAT LR, T, BMEERICEET 2 0%8h
HHS JapioD AT T—=D1IDTHBHI M5,
RIEA BT X B2 BMEERIC OV TR, hEANTHE
R LR 2T C & & xoTe £ THA
TE 7D, Google DRA¥E L 7z Transformer € 7
VO, BEERO 27259 BMFRICE KE R
B 52T, ZDICHEHDEN > TETEHEH 7,
HAAS BN R E G H 2 WA T0aH EWnS &
ETHolz, TLUT. TOBHRTIE., RO
W g% B B AN, G 3¢, OSS (Open Source
Software), 7—%t v hEHHE LT, HAHOH
BZHETH LT S\ OREEHE 1L 5>
TV HEMEA 2,

ATl FREFESRUWEICB VT, BIEEHET T
TWHEEPEZ AT e . FERFERET 52 L
DI, SBAAMEREI NS PGS h
LEA AT T B FrIC, b oz £ LT,
RIS 72 O T B ORHER > B i 5 O SR S 56
UHEARICT DWW T L. Z DFERDERITAFAET
5F =724 R= 3 VOB OWTEHERIC
BDSWTHINT %, Tofh, Mz Alz
AWTREEFRE Y AT LT OV T RN, 7%
B, AR TRLERBEINTEEBADORMTH

h. FEOFET AR ek, DEiFTEL Tw
Tk e Lo Rz R DT,

2. FEXBZEAUCEREBER~—1—-5 Vi
WEHER~ICDWT

LICHERBIER > A7 LOBE L TOELEZ IR
T, BEBRIER S A 7 L O EFIE. %ibd 50—
AN — X #% B B R (RBMT : Rule Based Machine
Translation). #EatAEEER (SMT), =2—F)L
BB (NMT) & D ZD->TED Y =2 —7
IVERERROHTE ., ETLBHESR LT, %idd %
RNN X — X & sequence to sequence & 7 /L 5
Transformer €7 /)LICHE D 25> T2 2, HEEH
R T Az R 2 BITHERED A > TWw
&, RIS, a2 —FUEMBIRRO BRI L - T, i
Wk IERETE DRI I E L TWw 2,

2006 4T, Y7 —- ¥ F I EDRT A
fast learning algorithm for deep belief nets.” IC &>
T ROEDO=2—F)L 3y b7 — 7 DEIRIICE
BTEHLIREN, HEFE LV SHEOHH
NEKRLTHE, B CHEEZ AT RN
HERDFEREIN T, BEERICBEW T,
2014 IR A 2 U T B T % = o —
FIVEEREIER DN R TN, BRI R 2 T 14,

REMTNoSMT/NMTA

-
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IR
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P

L ]

s

RBMT SMT

il
N, B

X1 #HEER AT LDEE NCTOFLAYY—RLY D)

7) Kenton, J. D. M. W. C., et al. (2019) . BERT : Pre-training of Deep Bidirectional Transformers for Language Understanding. In

Proceedings of NAACL-HLT (pp. 4171-4186) .
8) Ian Goodfellow, ftfi (2018) [fE24% ] KADOKAWA
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20154 ITi, WMT2015 (Workshop on Statistical
Machine Translation : tHRHICH 44 BEAREIRER O RF
M7 —22ay )T, hFE £ M)+ =L
KRADF— L, FIEERT. = 2 —Z )LEEAEIER
D—DDET )L TdH %RNNX— XD sequence to
sequence €7 /L (RNNsearch architecture) % Fu T,
R FIR T & o Teiat UBRERRR 2 101 2 MERE 2 78
LT, 1285 LY LUk, 2016421 Google
FHARAS, HERtIEIRENER A B = 2 — Z )L EIEER IC
EEHDZ 0%, Za—F)URREER D FEFRICE -
TW5, THIT, 2017 FITiE, Google h* 5 “Attention
is all you need” &S T, = — 7 ) LEEHKETR
DFi1z7x €T IV Tdh % Transformer €7 /L9 HBNFEHE
TN, S HTIERNNX—ZD sequence to sequence
ET RO TERICE STV D, THB, FED
i U 7z 2018 4E1&. Transformer & 7 )L AY T Y
T—02ay 7 TEERICEVIRDIETHD, 1l
i L 72 WAT2018 (Workshop on Asian Translation :
HAGERHEFES D7 27 5 bz i - T B EIER O
PR — 22 a v 7)) TH, Z2LDBMF— LW
Transformer €7 /L ZERH L TV e, =a—F)L
WIEROMRIE S RAS L ZAZALT., TL
T2 b =N (R RO TR B RTHE
®arXiv'? T, neural machine translation & 59
% L. 1261 (20164F). 2091 (20174F)., 3941
(20184F)., 503fF (20194) LIFELNBHET NS5
BIMHA TV S,

Z T T, BHEMEIER T XOR I > W TS
%o BEREIRRIE. IL—L R — ZBEREIER & . a—/%
AR — ZHEMEIR (2 —/SA: 2 2Tl 87—
2L LTHW AR TS, BIIRBIRICH 2 “5iE03E
MEEDTE DY) I NG IL—ILN— A
PREIRR I, BEESS SR —L 7% N FTIED )AL /528
ThHH. #HETFEDPDIDNETA) Yy MhRHET L
N5, BIEIRKBROI—/ AN SEEE L —IL
& EBIICEE X B 3 — S AN — X EIER AN 3=
MThHH, TOEXENE LT, METHIBBEIRR

&= o —F )UEEIRRDMAE S 5o #iRTAURABERRR
Tl P72 LTHRYT— 2 ZHWT, i
X DE L ARFEDHILR, ZDFES LWERFEDREIA
DA A Z M NS L, ZAUTEED W TRIER
21199, BRI, BREEOLE 5 LT 2K T H
RETILE, RXDOHFEDOLES LI Z2EKTEEE
TINE[MS>T, 22DETILOLES LT O E K
KIET B XS ICBIIRZITS . — . =2 — T )LH
BIERTIX, 2ET—2 L LTHRT— 22 T
HEPEZT», Za—X -7 a—XE7)L =M
ML THIERRZ179 2,
WEEHick s a—% - Ta—XETIIE, B
WEERDOXRICBE T, FHXZarTF AR b
WP 2 a—% Fraikd) &, a> 7+
AT MUV SRR Z5 9 57 a—% (51t
) BHx b, ITBRERMRNT (PREER  EkZHH S
BN TRER D BNV ED, BIZIEX, TBIE] 1FH
T8 & Bl B ENZFHIERER, BREnHIDC
L BEMNICTERERMNT LTS L8 H B9, )
NTHHhBEHFEZTINE, BILERD, HFHick-
T, Z2—73y b RABHE—DIDICEHET
%o IDIFHEEHDIAI L FEEN BT MLICEHE
N5, HEEHDARICEN T, BERENE D[
TR PVZER ETELSICHET NS L 51k -
TW5%, RNNX—ZdDsequence to sequence €7 /L
& Transformer €7 /)L TCld, TOHRANT AL a—
AT a—ZREIE>TW05, (K2 RNNX—ZD
sequence to sequence €7 /L), X3 (Transformer
ET7L) B, ) RNNX—Z D sequence to sequence
ETILTRE, AJZERZIOMKS T ENTEHRNNZ
I aA—ZRTFTaA—ZLLTHS, ZTOK T>a—
ZRTaA—Z LIRS, 7T a EBELRV T,
TaA—EDRFE L ENTATIXD ETITERTRE
MY a—)LTEENRNTH B, —77.
Transformer € 7L Cl&k, 77 > 3 Bz Nk
L 7z Transformer > 21— %% Transformer 7 21—
X7\ %, Transformer T2 a— % O KT T

9) Jean, S., et al. (2015) . Montreal neural machine translation systems for WMT’ 15. In Proceedings of the Tenth Workshop on Statistical

Machine Translation (pp. 134-140) .
10) https://japan.googleblog.com/2016/11/google.html
11) http://lotus.kuee.kyoto-u.ac.jp/ WAT/WAT2018/index.html
12) https://arxiv.org/

)

13) Tkt (2018) [HZRERMEMT O Bllge & 93¢ (F2% - FARSRELEE S ) — ) | Uk AL
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input  H#ifzE BIER FE OEF 2 B&’E T4 <E0s>

embedding

forward RNN

backward RNN
s s P iy (P AT e ¥
e ,_“_1.‘.. 1
attenlion aRSRERESLS |
-2 3 4

decoder RNN

softmax
autout propose novel translationmethod <EOS>

2 RNNAX—X D sequence to sequence €7/l
(EOh 5B Z1—F)bRy M7 —7 EHEIR 2 588 R RMTREMEE NLP2017 Fa— MU 7L &Y 19)

LT NMEZa—T o775 ETH

%o RNNX—ZdDsequence to sequence €7 /)L Tl Output
JEREEZ RNNICT A )19 B A IC K D ASISCEIRDRE Probabilities
R EEF L T dS, Transformer &7 )L Tl &
Ia—T 42T EMENS, i SAFHOEZ
ThHHERTERE, HiEHOARITE LAY e
5T LT, AMXEROEEEZRFEL TV S, Feed
Transformer €7 /L1&, RNNX—ZDsequence to
sequence 7 /LD & S ITHIRHHED T W s, 5] TR (Add & Norm ]"-':
(DB TH Y. A KB 5 &5 == e

£ — ey — Forward T 7 Nx
A[HETH 5, %B. Transformer €T ILDFEHEITD

—
W&, Harvard NLP @ Annotated Transformer' Nx T E e _d::;k:"‘
ICREL KL SR LTV, T&Hg:d M:rlile:aad
N - 0on
R, HEATAUBEIER & . = 2 — Z ) LESHRERRR %2 1 7 (. )
N s ] J | J

Frlig U T, &4 DEBIC OWTIRENd 5, KiETEgks N b 2

o _ o Positional Pasitional
MBI L LEN T, =2 —Z LHMBIR T, 28 Encoding 4 & Enondiia
—_ = —~ JATE AR Input Output
T—=REKET7Y /T%%%Eb%%oiﬁ\ &ghm . N
[KE] OEKE LTI, ZHT—21Dx3ES T T
Ba. MaTIREHENER £ BLEUME BEMEIRRIC B W Inputs Outputs
T BARREE N B Ol — IR b R B S5k Gt
BLEUfHA m W E ERER A E A E W 3. E. ISR, )
PMELS B, =2 — T URIEHER O /5 70%, Biic B3 TransformerE7 /L
BLEUMEN F B0, ZL T [ 7 —2] OEE (Vaswani, A. et al. (2017) Attention Is All You Need & ¥ )

14) https://nlp.seas.harvard.edu/2018/04/03/attention.html
15) https://www.slideshare.net/ToshiakiNakazawa/nlp2017-nmt-tutorial

16) Koehn, P., & Knowles, R. (2017) . Six Challenges for Neural Machine Translation. In Proceedings of the First Workshop on Neural
Machine Translation (pp. 28-39) .
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UCIE, ST Cld, 27— 2B XD
B, DFD, BoltT—ANZDEALTWHIZEL
TH, ZHT—20ENPZ VDB BLEUEA E < 7%
HH, Za—F)LEEMEERICB VLTI, RofcT—
ZMBEALTWASE, ZEHT—20EZHEPLTE
BLEUEA D Z > TEKL B T ENHIS N TV S 17,
Fio, MEOBROMEMHAN 2 Bz b C LIk
LT, 7 - RZ S, cOZehb, H5b
BEMBIERIC & B RIERDY, (7 L—AXN—R) #atisk
WEERD . = 2 — FUEMERR M, =5 —Da %
NHTHAEERDT B ENTE S, HatIbEh
BIER T, BERET L THGE (7 L—X) O@E X1
ZAptfiz B L, SEETILTHE (JL—X) O
BEBRAMGHE OB TLE S LOBRRZ T
%o FORE, MOBZICOWTIE, BEEREDON
HIFHOLEE LI ZRTWAS D, EXITiEks L,
BIZIE, RO ZTEDEN BN LB DD
%o Fiz, HEB (7 L—X) OEZIMAITOVTH,
HkE LTIRIEREZDOEDN,. b oHbhiizndsd
MFEIREN, FET 2 EDHLL BB ENH
%o —H. Za—Z)LEHEER T, FAAGESV
B U IZIEFRERE T, RO ZIFFEOGENZIEL T
BARERICI L, ARSUEHNG T 9 v, £ DR
O KREOYNT >Z DIKIFTz0 | FEEDCHiI*®.,
FRZEL TWAHID 12D T, SREFICHs L
o7, FEDEE K B OFEICEERLTL
F92LehHbH, SVHILAKAERTHS7. TDX
IELT MR >TE, AP DINT I D
LTLESERMUELRD B, BEXEFITBNT
= a— 7 )UEEEIER 2 IR 2 BR&. KRS TRk
&L THWREEIERIERSC 2T Tk < nlREA R O J7
XGRS 2%, TEET 208D 5,

3. XS MERICBIF D=2 — 3 IVIEHEBIERD
PRREVWIEBRRMIICOWNT

= a2 —Z)UEBREIER . B4 7Y v 2L OBIERIC

BEHREETH O, WHREFERT X T v 2Lt U
T, REFAZEGAEXO@EY) HBIERS, MR
(gender bias) D& WEHERTE. A& ZHLD fA DT
159 %, BIAIX, BRSO ZIHIAT O R %
FiEICT B L, BEOMENEEINICHEICESTL
F 9 DEMARINE & LT, GoogleBlIFR T & [H#
HEN TS, EICEORRTIE,. chidd
FORDABVIETHS, TR, =a—7
IVEEENER O BLIR DR 1 HEAR D 5 B KT
EAFRICET 2802 EY 77y 7 LTHMNT %,
FRRFCERRE —ICE > Th, MR, Mie GefT
Bfiodbizhz2o %), fit GeiriifioNA %z
IEMEICHEIRE S %) FORITHEIHESEDDHICH S
FEEOL XL THRREN TOIIERVOL, H 50
E. HEEEEER O Tz DI IEHERBIR DS EE R D A
K& o T, BRI NAFIIRMEIZRZ 2D, Wih
DEFEICBWTE, EARBUROBE S H BT & &
Z5NTWVBIITOWTHIAYT %,

A. TBYNIFEREE. —XHNTDEREED/NSDE
AT HIBSEIER & & 6 7o 3 — 7 S AR — AR EIER

It BWICIXIEMRTH > TH, HEOFGEED
BRI EWEELEH S, DD, —XIT EITH
RENB LT, FUUNDSTHRTRI—TH - 7 Bk
M, B LRGEE LTNAINTITHRINGESD
T, XHERZ G 5 BRICHIH O EfE 7 R L <
BBT—=ANDH B, TDXIITFERANDOHIRERE L
T. BEOIFEZ L THIERT 2580 EA T 5,
FREISERITO HIEIT OV TR, Fz i HEE%
F<PLS1>1 HFOR ksl E (FL—AKILZ) I
B EHATRIRR L /2%, ARSlliciid k7 L—
AR A EIREHGBE TEE A 575159, BRIRC
BEHEZPEL LS ICE— LY —F 275 L TR
NCHEE HREA &8 5 )50, SEREARA
AN ERERT A0 — FAL vy F Lo
fHAZEHCT, FEXlOHGEZEEEICE A Tz

17) Khayrallah, H., & Koehn, P. (2018) . On the Impact of Various Types of Noise on Neural Machine Translation. In Proceedings of the
2nd Workshop on Neural Machine Translation and Generation (pp. 74-83) .

18) https://ai.googleblog.com/2020/04/a-scalable-approach-to-reducing-gender.html

19) Post, M., et al. (2019) . An Exploration of Placeholding in Neural Machine Translation. In Proceedings of Machine Translation Summit

XVII Volume 1: Research Track (pp. 182-192) .

20) Hokamp, C., & Qun, L. (2017) . Lexically Constrained Decoding for Sequence Generation Using Grid Beam Search. Proceedings of
the 55th Annual Meeting of the Association for Computational Linguistics (Volume 1 : Long Papers) .
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D, FEXMOHGEORUCHEEREZ W7z D L THIER
T 5L ERDBH,. EOFEICE —E—RN
H5, BEEEGLEHBO—BRLE LTI OREICED
tHB, <ILF YV —A F T A7 +—~ (Multi-Source
Transformer) & W EED AN ZZFHMNIT 5
Transformer €7 /L OMiffiZFIH L T, BERRHCHE
ERE NN T2 HERRE L ?, FERIEEN T
EBH L. —HRDOHFTHRFEDNTNZICHERE NS
e EL T, Byl Ed s, £, HEE
FHZNERT 5 72 DI FEIENRR 72 F1) FH 97 % BHERE D
MBE, 74T 2 M SR NI HEEED
WEIERICKLTE 5 K 91k 510, BRIEENE
MIEBLEZDL A %,

B. RX

REFFRAORIEIE, 1 DOFHRIAR T THER—I %
ABENICHEZLANH B, =2 — T )LEEHEIR
Tl BEXZ#ET 2 LRENEILT 5 2 LAHIS
NTW5, K<, Transformer €7 /L Tli&. RNN
~N—Z D sequence to sequence E7 /L X D &, HGE

AL OAERIRZ R Z 5 N A BEENE N T & DS
NTEH, EXOFERRT 5 LT, BIEROKE
WD >TLE 9, Transformer €7 /L DL ERT
% % Transformer-XL &£\ 9 EFIL T, EFF#ED
RIFBREIRA DT ENTEZD, fRXICBNT
. T2 a— X DHROHEELTH - 122, Z Dfth,
<ILVF Ry THEEENZ V501820 ., EXH
KMy E SIS THSRIERZIT I W5E® &
T Tws,

C. {ESREEE. HRHEE

RERF s IE, ZOME L L0z
B, BARMCEE T —RICHEEN TV EVWH K
M GO AREMED E V., F o, RREFENE TR
g BREE29) Ik B &L BMEIIE P
Rt GRREE RS . WHE TR OT 8T8
FERAWS I EHH, TILT 7Ry METHEH TN
TeNEREZ ZOF E XL TEBLZENTZE
T, —RINEEREEDHEE L TWRWEEICD
WTE, BEORZICESWTAZAFETER

A computer-implemented method, comprising: A
generating, at a computer system having one or more
processors, a first machine translation of one or more
words from a source language to a target language
using a first machine translation system; generating, at
the computer system, a second machine translation of
the one or more words from the source language to the
target language using a second machine translation
system; A and generating, at the computer system, a
consensus machine translation of the one or more words
from the source language to the target language based
on a combination of the first and second machine
translations when a degree of correlation between the
first and second machine translation systems is less than
a threshold indicative of a minimum acceptable gain in
translation quality achievable by the first and second
machine translation systems.

OAVE1—REEFETH>T. UTOIEHLSLEBZAH
&, A DU EOTOv Yy EEIT BRI VEI—EVR
TLIZEWT, B1OWHEBIR AT LZFERBLT. &
ENSEHMEEAD I DU EDHEEDE 1 DEHEIR%E
EMITBRATYTE AVEI—2Y AT LITEWVT.
F2DOWMWEIR AT LEFERLT. BEEHNSBENEE
D1 DU EDEEEDE 2 DEWESR AWM T BT v 7
. EEG, AB1BXUE2OMMEIERY X7 LRBDE
BEN. F1BIUE2OMHEIERY A7 AlcK > GER
G ERREDR/ NIRRT M VA RIRERETCHD
BAIC, AV =2V XTLICBWT, F1HLUE2
DEWEBIROBEHFEDEICEDIVNT., YV—ASEND
A—=4y FEEAD I DEIFEROEEOO Y
AHWBIEREER T 5T &

K4 #EROY T TH—E X THERSF (US8855995B1) MEERIBELEEER LT rel AldsEIcLB, )

A D source language & target language N ENZNEEZZDIREBICEEREIN TV S, (A FNEYIGIREE. —XBA TORED/\NZDE)
e, ARFRXEREBITBHICY AT LDEEEE LTXHEILTzEBbN5E%5TY. (B.EX)

21) Dinu, G., et al. (2019) . Training Neural Machine Translation to Apply Terminology Constraints. Proceedings of the 57th Annual

Meeting of the Association for Computational Linguistics.

22) ANEEREE, TLEIERY (2020) [wLFY — R+ T ¥ AT —~ & S THEER & % O Z2FGEO R 7 14| S5 55 26 MRk
23) Dai, Z., et al. (2019) .Transformer-XL : Attentive Language Models beyond a Fixed-Length Context. In Proceedings of the 57th
Annual Meeting of the Association for Computational Linguistics (pp. 2978-2988) .

24) Tida, S., et al. (2019) . Attention over heads: A multi-hop attention for neural machine translation. In Proceedings of the 57th Annual
Meeting of the Association for Computational Linguistics: Student Research Workshop (pp. 217-222) .

25) Kuang, S. & Xiong, D. (2016) . Automatic long sentence segmentation for neural machine translation. In Natural Language
Understanding and Intelligent Applications (pp. 162-174) . Springer, Cham.
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(PR RZL—=232) §5%UTHILL A
Xz 570, 2Dy, [HUEBTH-TEH, #
AREICE ST, BIRDAZAFFEE LTEREINT
LI, 77 7R\ FETRIHEE N JEEEE AR
RS RE (28 7 — 2 BT 2 BN VEE) ®
ARAGEE CEFET—2ITEVEE) Tr T, BEE
Nz h 2 H FEREEEROFEAUC & D ARBERE D ARH]
FBEEOTLEIT—RAEMTL %, ITNHDHHE
MNH, REEFCEIE, BBERERPARIGEEN T TN T
WHEBZFIO LWV A B,

—Ji. =2 —ZI)ILERERERICB W TIE, &2z 1D
IS BEEEOT Y B —BUCHIRDH % 72 9.,
RSEREREDY S & S BIRR TE R WRTENEE L, K
JERBICB LTI S D THRE U TEIERT 208
HB, £le. TEZERAGEICOVTIE, #EZID
ST BREEICHE LW, —HARAREE R
FTIDICEHEINTLEW, WIST 50 DORES
HAOXhEy, ThEDBHEEANDORISEE LT,
SentencePiece ® BPEZ /2 77— F{E& w9
FiEIBETFENE 2, 77— FMeEHAvS &, K
SHIE RS ARARE X, B 1 SCEHANLICE THID <
frxh FIAIRX. TA<R] THUUE TR < K. [X
X KRLTRA K] ERRENZARENEDH 5, ).
COXI I niiEe L THFRICHHET 572
B, KHGEZ /RS IDICAHINTL £ 5 lREMEE
Pz, LA LAEDNS, BibT 2iRkITE VS
TF—eMAEDLINTLE S & AR A FEEOEP
—XTFRIDPET THRE N2 FOMENIETTL
9, Fi, WREICBL T, B LSBT L
LEHHAINTHWED, MEfRLTWE200H5 %0
A ZHFITEERE NS A[REME 5 %,

D. fRiR(F. BEHUL

JFSASAFES 2 NEDRID S REST H LT —%
AR &0 T ESUSHEE LR WNE AR
HIRT T —2EEHL LWV, Za— T LB

FRRICR BR300 & LT, —HIRGEETEH
0, BEH LUK GGERkTZ L Twas 2 ey
HO. b lE, HEFFEERKOBR RO C &
RO, FHFL, FEHilF ORREEEICE D7D
57z, FICEKREZLIT—Ths, = a—T LI
BERE T LSBT 2Rk B e LTk, 77>
3 > DORMEMER L WREROERZ A G DT TH
WA FEDIEE N TV S 2,

E. SHlEFE

PEAEIER ORI, B EhRHMG & ATFRHEIC o) 5
N5, £9. HEEMGEE LTk, BLEUMEDLL —
FRIICibNTEH D, M, RIBESIEZEDH YIS
EEFET 5, BLEUMEIX, BHERS X7 L OB
FOHGEY NS RERICE T 585 % 1-gram,
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HATBOD =7 > (i) D nfidEkid s L, )
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DBHGERICHANTEWGEADRFILT s 2R LS T
ET. X LTORTERTIEETH Y, —/7T,
BLEUfH(X, KMHMITHKT 2550 LT Z2HT
WAz, EVHAITEAYIENRaT 25
57 A)y bHH %, BLEUHDT X)) v &5
IR 28 LR e LT, 20194, BERT (4. <G
W) Ao T, HEMEHER & AR OELIE %%
& T. BLEUfE & © ANTF-3th & HHBIBIFR AN i\ 3t
MTEHENRINTD, T 51T 20204,
Google 75 BLEURT? & 9| [A] U < BERT Z{fi-
THERENAR 2 3§ % > A7 LAY, 0SS & L THef
Nt LML, TNHEDY AT L&, FR5HER
T —RICK > TARATHED > TLE S mhE
2xNB,

KT, ANFRHicOWTIE, BIAIE, FrpTh s
FERRIC B 2 HEDFENE 2T 512 H
Teo Ty HEREHRRAS SR O B 2 @ YNICFHI S 5 728
I, RERTFSCEEARENER O SV E RG4S BE 9 5 A

26) Sennrich, R., et al. (2016) . Neural Machine Translation of Rare Words with Subword Units. In Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics (Volume 1 : Long Papers) (pp. 1715-1725) .

27) Goto, 1., & Tanaka, H. (2017, August) . Detecting untranslated content for neural machine translation. In Proceedings of the First

Workshop on Neural Machine Translation (pp. 47-55) .

28) Sellam, T., et al. (2020) . BLEURT: Learning Robust Metrics for Text Generation. arXiv preprint arXiv:2004.04696.
29) Shimanaka, H., et al. (2019) . Machine translation evaluation with BERT regressor. arXiv preprint arXiv:1907.12679.
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BDIT, F—T— RFDNA T A MEREZ F O T2 R ERDY
HBITEZVDTIIEWEA I D, £, RrFRE
BTHhIUE, FATRIREDRR, A7) —=>JH
I CARRBEHGRES 2 A1 L. £ ENDHREITH
IS BEzHEET B L. SeAThAhSCERNICE U HEE

DHIUIIRE LT TNA T4 b I B HBERER W
2w HEWEVEAS, 2DXD
I, BEEBANLIZF—T—=FZDEDHNATA
FEN5H, TensorFlow Blog THEI Ny =7
N—=VNRZEEE ZFVB L, B2, =T
NR=I T TREBIHNCRS ROHIE? | FOHM%Z
ANTL, BRICEEYT 2 THH & RO H ORI 3H
HIDORDEIFDEDHNA T4 FEhD, Thild,
WiFiiz 0z Q& AZ A (ERICHT 25H A
RS AT AT %) ORELH LTz,
W CFEAE I NI HINTH D . SEIEEN T HIC
MELTWL &, MBOIED iz KRELSEASAHE
MRHBHEDICEZELEALNS, COBRICHS
FAliA BERT TH 5,

20184F10 HIC, Google’ 5 Transformer €7
Lox>a—4% (LT, Transformer > I— &)
ZHH L7z BERTAHEER T, 202047 H BIAfE.
FADQ&AX AR Iz & LT, HASHEUHD
BRLIE B TERNEZMHREEZRHELTWVE Y,
BERT DK F R 1 D1k, HATEHETILTH
5LW0HLTHB, REZETIE, FET—%
KBTIV —THE2LENHZD, QAX A
VEDRFEDZ A VIR L L e K@D 7 ) — 2%
FPET—2EEDLH L. aX MNEOMENS
Mx D IN— FILDYEWV. —/5. BERTIZBWLTIE,
FaEHETILEMENS, KB TR 2 X2
WITF LW T — 2 2 flio ey 2 i->ETIL
ZHEL. D%, Fine-Tuning & FEIEN % X A7
ICRHE L 7228 %2179, T O, KB TP &
ATIMAZ L E VT — 21k, FITADRTVTF
A b7 —% (Wikipedia®) T #H. —J7. Fine-
Tuninglc HWHEN2E, Q&ARXR AT EDRFED X
AZICRHEL e T — 21k, —h 2P I 255
IHART, ARZHETEHRED 2L W0 A
IMr&H %, TOXSHEHMERICE D, BERT X
FRT— 2 KEICHE TR VHRA T2 AT
HWHARETH D, BEOFEEHBE LT, Q&A%
AT, 22X DFEMEFE. WS, BEREED

30) https://www.jpo.go.jp/system/laws/sesaku/kikaihonyaku/document/tokkyohonyaku_hyouka/01.pdf

31) https://blog.tensorflow.org/2020/03/exploring-helpful-uses-for-bert-in-your-browser-tensorflow-js.html
32) ZEHIAITE , WIS, AR (2019) [BERTIC & 2 HAGERESURITO RS M ] 5380 % 2 55 25 IR KRS
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i BB REEFET D W09 B RE IR E %
iz —75. INESOF R RE D EF O g (DROP
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LTW5, ZOM, HEEHOIAAL, NEHOIALD
fliic, 7 A2 MEBAZ QXD B, BIOIE
A, BOXEBL L THEZLZLTH D LEZIHRT
%6 0) ZHWTWS, BERT DRI %57 1%,
FRPHICET RO THD, FHT—42D5 5
15% D b—2 7% [MASK] & W RdSIciEZ A
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LDz ASIXE L, FEHT—2TgekbokIELWY
NI L TH T 52 A0 7228 T 5, iz, 2
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HFEir9, ChUck b, BERTIXSiBEZ DL DICH
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@D Transformer .2 A —XZBIML T, X A7 IFF
L L7287 — 2 TEIMMIC ] 2179, Chuck
H., MMOEICEZ SN SiEZ DL DICEET %M
ZRHALT, BOEREZERT L2 LD TE %,

BERT I3RS R HFZE DB AICZ > TED . 2019

SR E AR E KRS T, TRISEDH TBERT
WKERLTWAREZ21ARE > kLA, 20204
FEIPRE A RE KA TIE 118 AZT TAMLTED,
BHEDHNA7TD 1M 5 H DI TBERTICE &
%13 EHRS BN BTICRE A0 v
T\Wb, iz, BERTOHMZH O & 9 akk4 &tk
W AT LEBENTETEY O™ FRODQ&A
2 AT DIFEHRZIRD LT HMERED A LIX AT £
L TAEMLT, HLEIE LT TWVS, &5,
BERTICBY 9 % fidhild. FrHREED Japio mif i #EH]
ARERBOFTRICHE LWL,

HAGEIC B 5 BERT OHRZEH ETILICDOWT
1. 20204E 7 ABIAETIE. SUEP RS, SIERE.
NICT (GBS IR S S IRt LT L 5 45,
AN TR X N hR1223 £ 7L1&, Ubie
IncDHHEFERDEDTH %0, FEHIEX, DX
HEROFEFTFE €T ILONHEIC, BERTICET %
EBOERZH T, BERTZHWAZ LT, —Dik
KRIFE 5 IHSCE ORI L 2T ThE 5 2 E N TEZDT
EEWheE R Tz, IR, FHOMFICOWTAL
AL 720,

REFRERFICB VLTI, fERIEICHRDFIA L 5]
HFEIH L DR 2TV, — B M O HHE 2 387E L
THEEINBD, ZORE FREICR2 FEHO A
REFIHFAE ZXET A EBARETH %, T
DB &, FEREORD, 51 OGE &

33) Nogueira, R., et al. (2019) . PASSAGE RE-RANKING WITH BERT. arXiv preprint arXiv:1901.04085.
34) Liu, Y. (2019) . Fine-tune BERT for extractive summarization. arXiv preprint arXiv:1903.10318.

35) Wallace, E., et al. (2019) . Do NLP Models Know Numbers? Probing Numeracy in Embeddings. In Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Processing and the 9th International Joint Conference on Natural L.anguage Processing

(EMNLP-IJCNLP) (pp. 5310-5318) .

36) Yang, Z., et al. (2019) . Xlnet : Generalized autoregressive pretraining for language understanding. In Advances in neural information

processing systems (pp. 5753-5763) .

37) Lan, Z., et al. (2019) . ALBERT: A Lite BERT for Self-supervised Learning of Language Representations. In International

Conference on Learning Representations.

38) Clark, K., et al. (2019) . ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators. In International

Conference on Learning Representations.

39) Wik (2020) [%R5 b T ¥ 2 7 o — ¥ — % O REEFE A IR O FER -Detailed Description Is All We Need- |, [TF{%3] 296 %5

40) https://github.com/yoheikikuta/bert-japanese
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47) https://qiita.com/

48) https://www.csdn.net/
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