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Research Trends and the Principle of Machine Translation

GO Kotoh

This paper addresses the mechanism of machine translation and its
new trends in development. Firstly, we describe the traditional machine
translation such as rule-based machine translation that transfers source
language to target language using hand-crafted knowledge from lexical level,
syntactic level and semantic level. We then introduce the mechanism of
example-based machine translation. We then present the statistical machine
translation based on bilingual corpus and machine readable dictionary. In
recent several years, researchers develop neural machine translation that
employs neural network to transfer languages with very high accurate rates.
Finally, we in this paper discuss the problems of neural machine translation
model and its possible solutions, and propose the future directions for
machine translation development.
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BREE. [HEASHEOTFAM2NOSEOSMiL T A MIEERLZS
Zt] ThHb, EMuoOFEIXEFFE (source language). EIEOFHEILH
REEE (target language) & FEIEN %, WMEIRCIEICOBRI ZA 723
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1. HEEEHEEONFMMiTE 2 HH§ 2 BN
2. EWRNEOFMVEZ EH 5 2 HR

3. AROSEMMEZ HHLY 2 BN

FEMEIER (Machine Translation, MT) 1319474E1CWarren WeaverlZ & - C
PR SNMET, T TIZ60ERDY OS> Twdo HE, 2 Ea—%
OFEEHEPDEII L, BREFRIERENICOREZR LETFT TS, £
7oy EBEASHEA, BMEIRO = — XPIEFITKEL BT, —fHlE LT,
Googletk 7213 C & 4 H OFMEIRY — € 2 0= 131,000fE5E 2 M2 5,

2. HWEROHL X

MR E EH T 272010, FBENZ TSR, ABOBEEZ L
BUINER S v, PlzIE. AARFEIC, the, a, andSfFfEL v, T2 AR
FETIE. EFEOBMENL N, TR T EEILETH L, [OOS A YA,
PFEOMr.H 5 WVIEMsICHIRT 2 205ARHTH 5. T2, HARGETITHEL -
BB EZENTLZERBLL v, JEFRICIE. BEGT (—8 ZfA. =Z5%
L) v, SS5IEAMRMEESHECBT2BHREMETH 2, EHROL
MOV T, runkE W) BIFH—2OM->TdH, runamile (1 A VxED],
run a test (7 A P FEiFT %), run astore 52 EET2) TRRE-LE
R25HE S TL %o ZDEMIT, [HEBEHE] [BWEED 5] [ER] & ERFED
TRTL2FHLEZW TS —2A3% v, 1LIFISFIELURICBIT S [H#T
% | EBEFEICRIBIERT,

L NVT, WGEERHGEE 2 O TE S OIN. FAAFHOH, Ak S
N-HEOHEIL ([IET12dH-72) = [T met Hanakol). XEAKRWFGED—
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ENDA, WEEIIINS ZHIEIIXICEDALENH L, TD720, HIEFR
TRIBERREFADIRREZHET IV ENDH S, L L. BHELR CEISHLT
fHICIIRFETE LW T — AN S\,

pa]

EEN

REEET B

cause an inconvenience

QTR

build a railway

a— NI

Hang a coat on

B&e#iT s

spend money

TV RIS

start the engine

2T B

sit down

Kz#ir s

pour the water

Al % 8 %

put a quilt

HEZLZH#HITZ

set the alarm clock

MREE % BT 2

Wear glass

DVD%#HT %

play a DVD

x1. [#73] ZRRTDEOSHM

Kl kAT RATHET

s 7]

My sister will go to Okinawa by plane next week.

X 1. BEMRIDOAEVEZH

3. HHEERHEMEIR

PEMEIRRI I3, T 2 0% < T AUXRER O BB E A B L SIS SRR &
HIEHROBRE—BETH L) ER T L, Fildd T THINZ S DT,
AT 2 R LTHOMFEDOTRE—BEL 2T H 5. i 2HET
LRI MRS A, A ZRETL2HILTRNE 7Y A7 7 -k
MHEN L. K2 IHHEHLTAE N T v 27 7 =AM O RN % 12
RTLHLDTH5b,
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— F4TA : BAEROBR

5147B (F5>RT7—HR) | $17B |
0 @ 54 7B : EOEROMR

(hEEEA)

M2, EREEAREHEIR

FF VAT 7 —FHARTIE, EEEOLOHEL N, HFELNIL, BRI
VOB AFT G, 85 N HEEIS, fah (S0 R, ERiES 2 HIY S5k
DRET HREEICEHR L, ZOWEIIESHWTHWSEO L2 AR T 5, HiE
LARVTEMRELT) Yt WEEBEAR LI 5. W Em CeR%217T9
LA, BB bI YA 77— RTINS, EWMEE CERZT) A, BW%
FF VAT 7 —FiREIENS, CO3HEHDO N VA7 7—HRIIK3 %%
1

WEIEHEE (3 Pivot language) (&, EEOSiELY R 2MTEOSHEATR
FTHBICFAT 2R ATEED LAIEHASHETH S, A L72#
FREFPBEFEFAFRADL20VIFERY b (pivot) AR ERIIN DL, LHL, 5%
SEERE LR WA SHEOREHImD T L wizo, EXRY b (pivot)
KOBHIFREIN TS, T2, HE2BRESE 5 L, WRAGROFI A T
HECH B720, HEENR— AT BRBIER L I Eh s 2 b H b, AN —
ANZHED BB TR R 0GR R xR e R ICE N 2 B & R
S ORI E S ARRIET 5 2 & TRRIICEV LV TORRE HIF L Tw
%o WM EFEICAHN S 2 BHIREBL & G50 B OB AR & BIEE O m VW I@ o
Ml A TRER 3 %6

WL BREIER OO ANT-TH 5720, SEHAGRE RAGRO NV — IV OfE
JRAESED T — A L AWRD TRV E A R L e v EFFTUSE MK LD S
VIR T 5o
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3. bIUAT7—HWBROAX—

4. BBICED < HWEIR

MBI 3D  #MEEHAR (Example Based Machine Translation, EBMT) (2.
MBI TR 2K S ROMAHMAZHEL., ZhE2AHTL2HIRAEATH 5
(BR [1]). MBIR—2FR (EBMT) BIFUHGIOER, HFEPY V-9 2
CHEERH) ZEroEERELZHBMICHEL, 7 Fhy 22V —VE2RET
BT ENL, B2,
B R R TR R A 72 |
AT RERCTHR Z2 AT |

Hi77 : I read a newspaper in home.

— I read a magazine in the school.

EBMTCix, BFHMORD D ICHBIES FRa—1R) 2Hws 2L
IV O20REDH 5. T3, AFNIMEDSE . FIFHRICLEIC R
% SR BFR & BIR§ 2 A 2 v EBMTOALALAIEE 4 1278 &
N5,

BlZE, [REAOZFEN] B2 (o] 2iRThEE20L I ICTh
W, BHERSAEEBINE L CREB$ 2 0D v, S 512, HFIOBEINZEIR
BHI GEHFOV— ) ©BINMZHERTHZERLEWER D R nizo, 2hids L
HRoOEom ErMfEcXx 5,
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ADB iR
JNH DT the afternoon of the 8"
SmoOBINE the application fee for the conference
=DDFRT I three hotels
HERD KT IV hotels in Kyoto
pN:IoF5 ) Taro's mother
Eo L on the cliff

AA:

T4 RF—TAF L
FhoiEzhsd

@

s
WS
14

Wt BAERR WFERA
(http://nlp.istikyotou.acjp/index.php?%E7%A0%94%E7%A9%B6%E7%B4%B9%E4

%BB%8B)
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x2. [HAROLFAR] OEKEEDH

HRAfT—F—R

barley

5. BERTEVHEMEIER

AT EHERN  (Statistical Machine translation, SMT) (%19904F tg 1242
RENTBTT R CTHD, SFEERTA—INAREDSHERNINT A —F &5
HL., BRWICHERZED

4. EBMTO{LHE#A

i
whisky is
produced
from barley

B EBIIFIH L v, B BRI AR IS HE D v

TV eV 2o T oo B 5 ISHAHRIBEBREIER O 5B 2 7R 57
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(AHSEE) FEEIIRANEHETLL, HEIRF—%

1 ~
B SRR R AL
The prime eiresisr sifclly osdand-—
N I S . L AR, B R L
-l = ﬂ .'ﬁ:ET )l/ﬂﬁE%E Poverty. education--
BEENIS EARALDT
— The security environment

L
= Esg‘- BETFINEESR < HHEZED
FHEFI ) g BERET—2 )
SEtEMEMBIIR AT A FET—Z

(tHAEEE) Hirobumi ltoh was the prime minister of Japan.

5. HETEIEMEIR DA

Hi : Statistical machine translation, hereafter referred to as SMT (NTT)

ARSI AN T 5 &, IBMEF L&A (7L —X) (230 RKEH
NREFTNDEDEH, BRPOFHIE, HiEL2HA L LTHRT2ETVEHVTE
D SURDHEHMETEH LIC WE W) EDH 572, 22Ty 7L—AXR—2R
BEWMBIERDIRE I N0 MHFER T Y TN T, W T TICBRZTHEICHRRT
BHT, HIOAE = FHHWZ EPANRE LD BN TH 72 22Ty 7
L — AR—=ABMEERICOWTHIT 5, 7L —AXR—ABMWIERTIZ, 1)
MIRIESFE R ~O5E, 2) WHEATHE. 3) #RS Ay 2 R0
A HSEXZERT %,

T L= A= AWM E THEE L HWSEomIs 2§ %, 22

VWFESPSHAREANORREEZL L, M6IIRTIHIC, WOROEZ
%ﬁooé%L\ﬁM£®%$u\m®ibuﬂ$:~ﬂz@¢®ﬁm%%
MO LMEETRDOLZ ENRTEL, ZORDT, Woxtiffi) (alignment)
ZaTHRIL, Led i FHORENL | ®aifFHOGRIHIMITF SN D ET 5
(K1) FRLe. jRSFSERMIMFTENLTRELILINTELDT,
BIRETF VO AIIR 6 1IREN D,

Plelj)=2,P(e,alj) (1)

B, CCTHELNARRY AT A, EHAMRZITIDIDOTH 5,
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Today I will attend a conference on machine translation.

Today I will attend a conference on machine translation

SHIEE || ICHELET Dok 1% EN o
Today machine translation a conference on I will attend .
4 HIE, T EN Dk CHBELET || o

S HIE, BEEROSFEICHEL £3,
6. 7L—AX-AKWHRICH T ZRDALOEZ

B 7137 L= A= ZWEER O 2R B 277 KEORFRIT =/ 2 2
LR RIS L DR AT 2 5k TH bo V— VR ORFEDLE)
<\ B ERLOM B OFFHEOEITH ST Wiz, ZERLPES
LEINTWV2,

HEET 54 Ak HIRETIL
s b *EI'; MRS NULL BA&LE # %18 1< IR 45 EEIR 20%
Liransiate Jaganess inte English I| :}C}("—\ fl l"'"?"-“ﬂ < I~ iR 20%
H I translate Japanese into English i HIIR T4 60y

REE

BAiE & il (< BR 5 C& 12 LV . |

2 (o]

EE R ERETEY

| lapanese is | difficult | ta translate | Into English

s | translate Japanese into English

BMELR | Hj j] ll'atilun? is & Japanese alphabet
Japanese is difficult to translate into English . J

K7. 7L—XN—AEENRDLHE A
4l © http://www.ipsj.or.jp/magazine/hakase/2016/NLOL.html
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6. = 1—ZILEERER
6.1 =a2—JVIERBIERORB

=2 — 7 )VIEWEIER (Neural Machine Translation, NMT) . 1 2®D/
ZETWIZLIZRVT BTN, ATH L RBE =2 —F Ny PT—0 %
U TSR FB S8 7 7e—FThb, NMTIE. M2 H
BICFE T 522 —F )k y PT—=212X ) 2 SFEOMNISA T 2 BE~X 7 b
VTRHEL, T vyI3—%— - 73— —F5) (encoder-decoder model) T
MT#EBT 5, HEEOX 2Ty I —F—I12L o THE~RZ PVTHEBEL,
TFA—F—TBRUEREOHWEFHEOL N Y VRV EAERT 5,

SMTTid. ANLZHEEINHEL, ZRZENRORFEFZHRNL TOLE
Eb'bHIETRILEERT 2. SNISH LTNMT TR, EFATLOKH
EEOMBEHLIFENLGHMEOWTICEHR L, T2 HR L TATI LK%
T [X05#HEA] 255, ZLTHEOATNINKDL L. ZOXDH#E
BUSHIB T 23 GEY A PR a7 25HE L, kAT T7TOEVITGEEEHIIT5
WLPR %4 1) 3R T

NMTid, BMERIIIEE CHEE DM TARLEE T > T0b, EHLL
NMT Y A7 Aid, L OFHERTIIBWT, @IV IHER— 20 F
REDDENTZBTST 4 —< Y A% BEIHO TV 5,

6.2 =2—FVEMEROMLMA
NMTiZ 54 =79 == 7% HRH L 7=2BWERO . Th 5, B8 IINMT

DHMAZERT . HRT—F 2o THEFHEOEF 21T, FHREETTHZ

ETANLXEZHNSEICHRT 5, ZOWRNILDTOX S IZERT %,

1) FHEEOLEDOREEM 21T\, HEEFNIZHET 5,

2) HE L HEEE ERBICERT %,

3) HEEOFHLEIT V. N P IVICERT D,

4) v a—%— (encoder) WHESHEOXLDHFFILE L. HSEOLFENON
7 MNVEEERT A, COBIWEETTER LAY MV ZHR=2—5
WAy NT—=212L o TS S, 22Tk, Fefbsh7z Aoz
WCHEBTRL 7T ¥ a Y (attention mechanism) #HHE T %,

5) Stepd TIE S N HFFEONRZ bVvET T v v a YEHRE D &S, 73
— % — (decoder) Z/HWTHMWEEONRS MIVIZEWHL, HWSEOH
FEMRIAER L, FrLvwxs PVEAKT 5,
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6) StepobD [ UMLELZ# DR L THEITL, LEOHKb Y 2 R 35 CFEOS
(End Of Sentence) MM %5tk HREEZRT T 5,

NMTIZBWTlF, TryI—=%F—, Fa—-F—L75 vy a VHEBTIEE
GREERLZLTWS, BHHICEAIE, rya—y—Tid. IF&EHEL> S
MR ETFIN L HARITED S 2 5 FEHENR 7 PVICERT 5, £ TRIZ
BHIEOLHENP S ERKENDS 1 D9 D25 ARAA, RNN (Recurrent Neural
Network) IZ& o THi 7213 %AOHFFELZERL TNXZ PVEBIZ/ED T,
TFvYa v, T a—F TR ENZ L. ROEFEZRIT LB
HEHSREEHZHW T 5, a2 —F—IZ 1 ODORNNTHE IR TE), 2
VTFAMERBLIZARY MVE 1 OHOHEOTEREZITIY . RO HGEL
W35 (i [25])

8. NMTO{L#E#A

i3t © Loug Zhou, etc. Look-ahead Attention for Generation
In Neural Machine Translation. 2017

6.3 MELFYLVY

Encoder-to-Decoder D # i 123D K NMTIBHMEDSH A ET LV TH S, D
L LIIMBIRRO 72 DICRFT SN2 D O TiE vy, F072H, T L9 %
FIREDSE L %,
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1) REGFEOMICHE L ZotER,
BAFULBIRG R & Z2RIC BT 23X P2 Y Pa— LT 572012, NMTiE
HEHE HWEHEOMICS Nl OEREL AT 2 HERE Vv,
AIN=TETVWRVIEREDPET, FHEFEDOLOEREMAAL &\ [
MEAETL—F, WhEh72XoMEE (FROBES) ITHEDMS
(Jean 5 [11], Arthur 5 [29]),

2) FATHEROA RN

3) 77 v a s (attention mechanism) O X 7 =X LD S 5% 5 FHE,
BAEONMTIE, RSO 720, FRPUFTRLIREHR (K4 %) OREN
L% (i [25]),

4) 2=ty NI =27 DYH,

A, NMTOMZEREICKE ZBELIE T > TWw b, FFEEREOWRE
(Jean » [2], Luong » [3]). 775 v a vyHEEOLRE (Tu b [7],
Cohn 5 [51). NMT&SMTO#i& (He & [6], Stahlberg 5 [81), &
FEMEoE A (Eriguchi & [9], Sennrich & [10], B2 & [31]). HE
FEa— 20 H (Gulcehre & [11], Spennrich & [12], Cheng & [13],
Zhang 5 [14]). B A ®Y OfEH (Wang & [15]). NMTE 7V Ol ##
(Wub [17]) % EDOWEIBITFON 5,

6.4 =a2—FVERBRIZOVWTOEE
NMTOHRRICIIUTO LI b ord b,

1) ALMZR=a2—F VA y T —2 BSHEMICFEE T 57 VT X425

LTw5h,

2) 7L=X2End. LK EET S,

3) BEO¥OZ 2T VA, FERELRHGE. B LUHFEEYE T 5.
INOLORREZATAHIEILD, MATREMEIRE LT, FBIE, i
F— v ZMENFAE LI L, o, BEFE. AR 7I9ET7iEE VS

7o L FEENER 2L SN LSRRI EYISHIETE S L SN TV,
HROWW S L IEREICB VT, NMTESMTX W ERL TS, 72, SMT

\2& o TIHEETDH 5 8% HEE & RIFEEORIGATICd . NMTIZ 9 F < His

T&2b, —J, BIIROBEZIZBVWT, NMTRIFAURTREEIE K-

TWa,
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20164E12. Google®GNMT (Google's Neural Machine Translation) 23535
L7z KEBRERT -2, ERENMTET IV, KREOGPUZ A5 L THEKE
BE R BEMBIER 2 B L T %, GNMTORBIIR 9 ICF L, ZD/87 +
== Y ZER10IZR T,

=2 —FUVEWHER NMT) & 120kzE7 VI Lz VF R TF N, 2T
HERKBE =2 —-F VA Y VT =2 2B U THRRICEIIRASH S0 72T 7
D‘_"f—’/@‘j—o

Neural machine translation (NMT) is a new approach to let machines learn

translation through a large-scale neural network which is a multi-processing
device modeled on one brain.

MEHLEE (NMT) B—Fribyles pdir sl AR R L % £ S 8
BARGT— K-

9. Googlell &% BahiimEIER DERER G

& sinmss . . . . : - . - perfect translation

a neural [GNMMT

phrase-based (PEMT)

Translation quality
L

English Emglish  English  Spanish  Franch  Chinese
Ed = > » > >
Spanish French  Chinese English English English

Translation model

K10. GoogleD = 1—ZI)L¥HEIRDIEE
Higl : Google Research Blog

NMTOEIEEROKEERN N E TOMFHEL ) REMICH EL TS S

LR KERT & %, RI101ZGoogleZ T3 L T\ % 20164E I 5 D Google B AR 12 B
TH7T7T7THb, Wil L o TAMOBRICIZZFN LEECDEE2EFT 5
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(Google [29]), 20184EiZ. MicrosoftDfEHE ik, HEFED = 2 — AFiHD
XA AN & UIEMES THEFEICHRT 2 A OBMEIRS A 7 2 2% L
72 & 5K L7z (Microsoft [2018], https://japan.cnet.com/article/35116178/.)

7. £&9

Z 2= IVERETUIZ  OFHEN CTEANLZ LAV ETER LTS, §F
W2 Bolid = 2 — I VBB A EB T2 L1k b, FMA, EHO LS &k
WERENTABIGEWR 7+ =< VAR L TWh, YT hEDPLRT
— 7 ZRKBICIETE 258, KBRBEOMNRT— WFfRa—52) . iR
DEHERVEE 2 SIS HELRIEH L T2, ZORME,. K&
B2 B F TSI D 12 L B = A VR ERTHRTE L VWHED
S RZERE Lo KRB ZR2E I —RSAPFLE L VWEHER. PREFECH
R = PHEAEL V3T, MAEORVWEE. #FHEH (055, BBk
fif & SCORBIAR 2 DL BE & 3 B SCAER OB TUT IS BRI S L Tw 5,
I oid, HERTROFME A2 L, FlZ, SMTENMTTIRFEILXTDH
IR R L 2 2 LWL, MFEEMET 2 HENEZOND, 5. S
LR AUROBEVHIRATXNOYUR D SHOBEE LTHEANLREEED
N5,
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