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Abstract

This paper firstly presents the history of machine translation,and introduces some classical paradigms of

machine translation: RBMT,SBMT and EBMT. Secondly, we introduce the recent research on machine translation,

and describe the hybrid strategies on machine translation in detail ,and discuss the applications of machine learning for

machine translation. We also analyze the current techniques about evaluation on machine translation. Finally, we

draw a conclusion and prospect on the research of machine translation.
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2.1 EFHNFIN EEEE A % (Rule-Based Machine
Translation)

M Chomsky $2 ¥ & B2 JE BT R Ik —
HENSHEFHRAER, Chomsky N A—FEFT LR G
F L i HRE MU HER K.

BHMNBHERE AEFEEH ETUSNEFERHE
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R EYER N, BP B B BRI, R LAY B R ERE .

EF FREE, W7 8 shbFEBOE T 0, 40 (T 5 47 3%
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2.2 BTt 4L B8P ¥ 5 7% (Statistical-Based Ma-
chine translation)
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S
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2.3 EFLHIFINESEEF ik (Example-Based Ma-
chine Translation)

ET L HMHLEE 83 TR RS d Nagao?ig i L F
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3.1 HTFBARMKAYYLRE EW % (Hybrid Strategies
Machine Translation)

EETFR—HEONESEFEP TERATHTE B
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HEITE R K ERIKMAE, D KN ENIRE &R GEE
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RN ERN.
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PN ME T ENETELHEMONSEE T EER
HERER RSN, BEAEESIBHFTEEY THET
GRIEME BB RITHEME 1 chart F, FREBERE
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BIEE5 R  Pangloss BRI A TIRAE A3 &R 7 k4
A EIFE R#ITIES  HJS Brown™ 1 Z3| 81941458
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Wb T Pangloss RE T HELERTFEOALSS.
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#H T xHEE S AT IE S 44T 0 Ge 1T ST 8 77 5 U X E
SWEHITHHERUEMEAAEEFELE T HERE
EWfEA.

3.2 GitFoilREE I A A ENRRIFPAA

R L XM ETRAFBIFBHIEREHNL V8
RIS E FEARE b T BARIB A GE S AIRA
B AR IE R M TUE BRI 7 BRI S HUG T
HEBKSERE, N F P, EH MM EE. EIES 2
R URIES BiREREE R, IREIHEREEHT
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B ETHRENNERE D RERTE RS
FEEU% T KGR A R 8 DLy U R A T
X R E TR EN R R B
BRI BT A 487, ] Tenni®  Charniak™ , Brown! %
RIS FEE D E NS I HERBUET RN, 3
TEEMIT XL EE RS NEEREM FHHR T RE
HEEENEH.

S HL 2 ¥ I H ik, i Naive Bayes. Neural Net-
work, KNN. Decision-Trees. Rule Learning based on error-
driven transformation, HMM. Maximum Entropy, LA S {3
Git#h ik G A TS EFAESZE MR, ENESL
B RIET B2, 15 SR, T 00 X 25 55 ) 2R . o] B 4
WA HXETE, URFRFYFEIBE BRI ES
HRIBELRAFRMA.

Geit LA A28 % 3§ 7 B X AP A iH BB L8 %
JEEEDMREOHE S TRRUFEFER BTG RR.
REE B BRI EERE, flm, AR RESR T AELE
B, AR T R B B B AR IR B R R S L
BEIHEHRNER . LR AEAMIBEREE/DLERY
REENEMNES T, BREEISFFEIH MR RE, fliHn
Bootstrapping. Co-Training. Conditional Random Fields %

%,
4 HEBEBETRRASH

PLESBHiEAY IR R AS BHIFO IR A A REFEE
MELFTHEN ROATUIEM SRS HEFESENR
& FAABREFENBGEREAE . R TLLE ST
RN BHERR AR, BN BHFFHERRERER
PSRHEFRERN T EERE.

LS BERITM T BN BB PR A TR M E 3)1F
W EPATHFHERE FXAHARTER:ETETEXH
BEEGUREEE HAESSEATTFHEERLUFEX
B B GOE UEN IR EX R T L L TIRX,IE
MBIt B M.

HETHLEF8E 309 B 3R MiRHE T ¥R IBM & BLEU 45
#EPIH NIST {269 NIST SR,

BLEU F 2 —FETF N-Gram B HTFH . BB
FEBERGIHAAN N THOME I BEESEEH
MEKNHBEFERPILAN N THOE, —THAHEEL
RTHENEXE XURXPE SO ARMEDRE. Z
TR T FCHRFE BLEU FiEs | AN K EED
AF  HRTEXKENHEFRRASEH.IBM HF KRS
B BLEU B9 IP S8R AT TiF 8 R e — 5.
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BHEIAKBAEN G L MEKEF T, & T8
B% %, G, LS EE KRR ISR SRR, i AIRKRE
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BB ME.ALPAC R MREDATEBRINRBY
M7 RATRZEF F RN B FEN L L BIR. W2 ARG
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BERINER REEX LHELEIBEHFTE—ITAELH
%, RAIVFEX BAr T EH 0 2 0. N RO 858 F,
RZREMIATHIER 78350 2R I ok 52 i, 25 8
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