Corpus-based Mac hine Translation

2 StatisticalMadiine Translation(SMT)

2 ExamplebasedMadine Translation(EBMT)
2 Multi-engineMadine Translation

2 Speet to Speet translation
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Statistical Mac hine Translation

2 MappingL to L1 without explicitrules
2 Languagemodelingto choosebestpath
2 Findingdata
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Translation: source-channel model

1.IBM: \5 models"

2. Statisticalbased:
{ thususinglittle linguisticknowvledge

3. Basedon HansardCandianParliamen Bilingual corpus:
{ Frend to English
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Statistical Translation

2 Estimatethe prob of senencepairs
2 Usesbilingualcorpus(sertencealigned)

2
{ é=argmaxPr(gf)
{ érepresetationstargetlanguagd€English)
{ ' represetations sourcdanguagéFrend)

2 by Bayesrule
{ é=argmaxr(e)Pr(fje)

The Fundamenal Equationof StatisticalMadiine Translation
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Statistical Translation

Why careabout Pr (f je) whenPr(gf) just ashard

2 Pr(e) probability of a Englishsenence
{ sowe de ne a languagemadel
{ to independetly ewaluatethe \grammaticality"
2 Pr(fje
{ remaesthe constrain from\e" beingwell-formed
{ potertially easieto train

2 decompseghe problem
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IBM translation model: 5 models

Brown et al. 1993

2 Reallyall modelsareusedat once
2 Trainedat di erent stages

2 Split makestraining tractable

2 All levelsusesomeform of EM
{ Expectation Maximization
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IBM translation model: General Framew ork

Align Englishand Frent senence

2 alignead Frend word to O or moreEnglishwords

2 multiple Frend wordsmay alignto singleEnglishword

2 multiple Englishwordsmay not alignto singleFrend word
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IBM model 1

Generatie model

2 chooselengthm of Frend sertence

2 choosewhidh Englishword(s) the Frend wordswill align
with

2 choosethe idertity of the Frend word.

Pr(fae)= o o

Pr(mje)°™, Pr(gjal 5 fi HmePr(fjjal;f1  Lm;e)

f - ertire frend senence

e - ertire englishserience

a - setof alignmets

m - lengthof Frent sertence
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IBM model 2-5

still generatie madels
2 Model 2: careabout whid alignmets
2 Model 3-5: \fertilit y of words", pernutations
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\no linguistic knowledge"

Sortof

2 But Frend to Englishmay malke this easier:
{ F-E doesn'tcareabout genderpor morphology
{ Multiple Frend verbsgoto oneEnglishverb
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Getting Data

2 Wart \buckets" of parallelcorpora:
{ sertenceto serience

2 Governmenm organizations:
{ CanadianParliamen (Hansard)
{ HongKong Parliamen
{ EU andUN documers

2 Webspiderdo nd parallelcorpora
{ searh for siteswith parallelinfo
{ universitiescompanies
{ newsreports (e.g.asahi.com)

But needcarefuldesignof the interlingua

11-682, LTI, Carnegie Mellon




Language Mo dels

How canyou nd Pr(e)

2 What's the probability \..." is anE sernience
2 List all Englishsenences..

2 Needto modelthem
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N-gram Language Mo dels

Local probabilities

2 Likelihaod of sequences:
{ unigramspigrams trigrams,...

2 Markov assumption:
{ P(Xt+1 ] X¢; Xt 150X )

2 Needlots of data:
{ say 64K di erent words
{ trigramsare 64k (whid is quite big)

2 But distributionsaren'teven:
{ sometrigramsne\er appear
{ \oysteroysteroyster" newer ocurrs
{ \the bluetable" newer occurs

2 Smathingtedniques:
{ how to dealwtih out of vocabulary/caerage
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Probabilit y of a sentence

We canapprximate Pr(&):
Y Pr(eje 18 n+1)

{ Theseprobabilitiesget*very* small
{ sowe uselog probilities(and add)

{ "%, logPr(eje 1;::8 N+1))
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Example-based machine translation

2 Froma parallelcorpusof translatedseniences:
{ selecthe oneyou've seernbefore

2 Generalization
2 Word-leel alignmen
2 Applications
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EBMT paradigm

2 Build parsesf sertences

2 Find the sentiencethat matdes:
{ needa very largedatabase

2 Find longestsubstrings:
{ needto alignwordsin senences

2 Needto generalize
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EBMT Paradigm

New Sentence (Source)
Yesterday, 200 delegates met with President Clinton.

Matches to Source Found

Yesterday, 200 Gestem trafen sich 200

L~ delegates met behind Abgeordnete hinter

z closed doors. .. verschlossenen. ..

% Difficulties with Schwierigkeiten mit
President Clinton. .. Praesident Clinton. ..
7 Alignment (Sub-sentential)
/’ Yesterday, 200 delegates  Gestern trafen sich 200
P met behind closed Abgeordnete hinter
(“"’-_ __“‘) doors. .. verschlossenen. ..
e o

Difficulties with President Schwierigkeiten mit

Clinton over. .. Praesident Clinton...

Translated Sentence (Target)

Gestem trafen sich 200 Abgeordnete mit Praesident Clinton.
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Generalization

given:.

{ John Hanaock wasin Philadelphiaon July 4th.
{ John Hanaock war am 4. Juli in Philadelphia.

We would like to generalizéo:
{ PERSON wasin CITY on DATE.
{ PERSON war am DATE in CITY .
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Word alignmen t

2 Di erent number of wordsin sourceandtarget
2 Not necessarilyn sameorder

2 Needto optimally nd bestalignmen

2 Take into accouhword frequencies
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EBMT use

2 Sometimesiot perfectsyrthesis

2 Requireonly parallelcorpora:
{ doesn'trequiredskilledpeopleto build

2 Good for rapid dewelopmen

2 Typicalapplications:
{ speet-to-speet translation
{ crosdinguallR
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EBMT vs Statistical MT

2 Di erent histories:
{ IBM vsJapan

2 EBMT isnon statistical
{ not a generatie model

2 EBMT (probably)canwork on lessdata
2 Both aredatadrivenapproabes
2 Both requireparallelcorpora
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Multi-engine MT

2 Dierent systemshave di erent strengths:
{ canwe take adwvarntageof that

2 Multi-engineMT:
{ usea number of di erent engines:
{ EBMT, bilingualdictionary KBMT
{ deviceweighing to selectbest

2 Weighing measures:
{ in-domainfor KBMT (weight KBMT more)
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Why does multi-engine MT work

2 Largespaceof possibldranslations:
{ di erent partsof the mappingspace

2 Statisticalengines:
{ capturediferen parts of the space

2 Automaticweighing:
{ canboostoverallcoverage

(Tedniquealsousedin speet recognition)
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Speech-to-Sp eech Translation

2 Put togetherthreedi cult tasks:
{ recognitiontranslation,and syrthesis
{ (anddialog?)

2 Expectthemto work better than parts
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Speech vs Text Translation

2 Speet is:
{ ungramatical
{ badlyspoken
{ moreimmediate

2 But speet translationis
{ part of a dialog
{ doesn'tneedto be perfect
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CSTAR Consortium

Joirt e ort with 16 othersitesworldwide
2 Speet translationin the tourisminformationdomain

2 \Can you tell methe way to the conferenceerner"
{ Kaigi sertaa no hougaoshietekudasaimasega

2 Includes:
{ English,German talian, Korean,Japanese,.

2 Interlinguabased
{ Eadt sideprovides
{ recognition/analysigeneration/sytinesis
{ in own language

2 Internetbasedcomnunication
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Babylon (2002-2004)

Rapiddeplymert smallfootprint

2 DARPA program:
{ CMU, IBM, SRI,BBN, HRL
{ \competing systems"
2 CMU, Cepstral MTI andMobile:
{ Two-way
{ NewlanguagdEgyptianArabic)

{ Interlinguabased
{ Medicalinterviews Refuged’rocessing

2 Speebalator:
{ Consumeitpaq
{ 2xASR,2XTTS
{ analysiduilt into ASR
{ StatisticalGeneration
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Other S2S MT systems

(non-CMU)

2 Verbmobhil(1992-200) GermanGovernmen funded
{ Largeconsortium(14 univresitiepluscompanies)
{ German/English{Japanese)
{ Meetingsteduling

2 ATR (1987-)Japan{ English/Japanese
{ Transferapproab
{ Conferenceeqgistration
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Handheld Translators

2 Phraselato{ One-vay
{ Recognizearound500phrase
{ Playsrecordedranslation

2 ectacolcommercial] Englishphrasego
{ Frend/German/Spanish
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Summary

2 StatisticalMadine Translation:
{ canbe good but needdots of data

2 Example-baseladine Translation:
{ needglatabut not asmuch asSMT

2 Multi-engineMadine Translation
{ cangetbene tsfrom all typesof system

2 Speeb-to-Seet Translation
{ hasto conbine multiple errorenouprocesses
{ but hashumanin loop to understand
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