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Abstract

Theincreasingnterestin the statisticalapproactto MachineTranslationis dueto the developmentof effective algorithmsfor training
theprobabilisticmodelsproposedofar. However, oneof the openproblemswith statisticalmachinetranslations the designof efficient
algorithmsfor translatinga giveninput string. For someinterestingmodels,only (good)approximatesolutionscanbefound. Recently
a dynamicprogramming-lile algorithmfor the IBM-Model 2 hasbeenproposedwhich is basedon an iterative procesof refinement
solutions.A new dynamicprogramming-lile algorithmis proposechereto dealwith morecomplex IBM models(models3 to 5). The
computationatostof the algorithmis reducedby usinganalignment-basegruningtechnique Experimentatesultswith the so-called

“TouristTask” arealsopresented.
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Intr oduction

The goal of the translationprocessof statistical machine
translation (SMT) can be formulatedas follows: givena
sourceanguagestring f{ = fi ... f;, searcHor thetarget
languagestringé! = ¢é; ... é; thatmaximize

éf = argrpaxPr(e{If{ ). (N

€1

In our case the sourcelanguages Spanishandthe target
languages English. Accordingto Bayes'decisionrule, we
have to chooseahetargetstringthatmaximizesthe product
of thetargetlanguagemodel Pr(ef) andthestringtransla-
tion model Pr(f{ |ef). The equationthatmodelsthis pro-
cesss:

él = agmax{ Pr(ei) - Pr(f{ le1)} )

I
€1

Many existingsystemdor SMT (Niesseretal.,1998;Wang
and Waibel, 1997) make use of a specialway of struc-
turing the string translationmodel asproposedy (Brown
etal., 1993): Thecorrespondencieetweerthewordsin the
sourceandthetargetstringis describedy alignmentghat
assignonetargetword positionto eachsourceword posi-
tion.

One of the openproblemswith SMT is the designof
efficientalgorithmsfor searchinghetranslationof a given
inputstring,thatis to solve the globalsearchmaximization
problem.

Interestingranslatiormodelswereproposedn (Brown
etal.,1993).However, thecorrespondingearchalgorithms
for the IBM-Model 1 to IBM-Model 5 in (Brown et al.,
1993)arebasecnacertaintypeof the A* algorithm(Brown
etal., 1990)or onthestack decoding approach{Al-Onaizan
etal., 1999;WangandWaibel,1997).

Therearealsodynamic-programmingdpasedsearchal-
gorithmssuchas (Tillmann et al., 1997a;Tillmann et al.,
1997b)for thefirst-ordermodelsproposedn (Vogeletal.,
1996)andthe algorithm proposedn (Tillmann, 2001)for
the IBM-Model 4 which is inspiredon the Traveler Sales-
man problem. A dynamic-programmingearchalgorithm
for theIBM-Model 2 is alsoproposedn (Garda-Vareaetal.,
1998).

In this papemwe presenhow to dealwith themostcom-
plex IBM models(IBM-Model 3 to IBM-Model 5) using
the algorithmproposedn (Garda-Vareaet al., 1998)and
an alignment-basegbruning techniquein orderto reduce
thehigh computationatost.



For betterunderstandingn thefollowing sectiorwere-
view the searchalgorithmproposedn (Garda-Vareaetal.,
1998)andwe presenanintuitive ideaabouthow thesearch
procesds performed.In the next section,we explain how
to dealwith the mostcomplex modelsproposedn (Brown
etal., 1993)andthe pruningtechniquesised. Afterwards,
we presentthe experimentalresultswe have carried out
with the so-called“Tourist Task” (Amengualet al., 1996).
Thelastsectionpresentshe mainconclusionof this work
andpossiblefuturework to be donein this direction.

A review of the iterati ve DP-basedsearch

The iterative DP-basedsearchalgorithm (IDPS) proposed
in (Garda-Vareaet al., 1998)is a heuristicdynamic-pro-
grammingsearchalgorithmwhich usesthe IBM-Model 2
translationmodel (Brown et al., 1993)andis basedon an
iterative procesof refinementolutions.

Thetranslatiormodelsntroducedoy (Brown etal., 1993)
arebasedn the conceptof alignmentbetweerthe compo-
nentsof thetranslation pairs (f{, ef).

Formally, analignmentis amappingbetweerthesetsof
positionsin f; andef: a C 1...J x 1...1. However, in
(Brown etal., 1993),the conceptof alignmentis restricted
to beinga functiona : 1...J — 0...1, wherea; = 0
meansthatthepositionj in f{ is notalignedwith ary posi-
tion of e{ (or alignedto thenull word e;). All the possible
alignmentsbetweene! and f{ are denotedby A(f, e
andthe probability of translatlnga givene! into f{ by an
alignmentis denotedoy Pr(f{,a{|el). Therefore,

Pr(ffler) = >

a€A(f{ el)

Pr(f{,a{lei)

®3)

The IBM-Model 2 for Pr(f{,
etal.,1993)is

af|el) proposedn (Brown

J
Pruss(f{ ,aflef) =H (filea;) - alals, ,T) (&)

wheret(f;|eq;) is the trandation probability of the input

word f; giventhe outputword e;, anda(a;|j, J, I) is the

alignment probability. This distribution givesusthealign-

ment probability of the i-th word in the target sentence,
given ary positionin the sourcesentenceand the length

of bothsentencedf equation(4) is usedin (3), we have,

J T
Prua(filel) = HZt filei) -a(ilg, J,I)  (5)
7j=11i=0

Theexperimentsarriedoutin (Garda-Vareaetal., 1998)
wereperformedusingan-gramlanguaganodelasthegen-
erallanguagemodelusedin (2). For the sake of simplicity
in the notation,the|IDPSalgorithmis outlinedhereusinga
bigramlanguagenodel B = (p;).

Given aninput string e! and an IBM-Model 2 trans-
lation model, and supposingthat the length of the output
string I is known, the scoreassociatedo equation(2) us-
ing equation(5) for ahypothesigranslatiore! canbecom-
putedas:

(6)

(ilg, 17, I))

max (PTB(el) Pr(f/ |61)) =

el

I
max e;lei—
e{ (il;[lpb( zl i 1)

This maximizationcanberewritten as:

J I
11> tfslen -

7j=114i=0

max (Prp(e])Praa(file])) =

ef
J
T(es, I H (er,1,7) (7
61 j=1

max
Where,in generalfor 1 < ¢ < I andfor all possibletarget
word e

T(e, 1) po(elé(e, i) - T(é(e,i),i — 1)
Qle,i,j) = Q(é(e,q),i—1,5) +t(f;le) - alilj, J, I)
éle,i) = argma po(ele’) - T(e',i—1)x
J
H [Q(GIJ' - 17.7) + t(f]le) : a(z|], J: I)
+ RO+ 1)), ®)
with
I
= t(filex) - alklj, J, 1), 9
k=1

wheree{ is aguessedutput.Notethatey, (i +1 < k < I)
correspondgo output symbolsthat are not yet explored.
Thereforeg! is obtainedin aniterative processj.e., &l is
theguesseautput(éf) (the optimaloneof a previousiter-
ation). In thefirst iteration,no guesseautputis usedand
R(j,i)=0for1 <i<Tandl <j<J.

Thebaseof recursiorfor 0 < j < J andfor all possible
worde is:

T(e,1) po(el$))
Qe 1,5) = t(fj|60) 'a(0|ja J,I)
+t(fjle) - a(1|y, J,I)

wherep; (e|$) is thelanguagemodelprobability whene is
thefirst wordin thesentencéo begenerated.

ThearrayT accountdor thelanguagenodelscoreand
thearray( accountdor thelBM-Model 2 translatiormodel
scoreassociatedo é. In eachstepof the trellis, the ar-
ray () in someway explain how thecurrentgeneratedvord
e; affectsall the wordsin the input sentencef;. This is
the heuristicpoint of this approach.It might be assumed
thatthe “correct” (besthypothesisiaccordingto the IBM-
Model 2 translationmodelis the one that maximizesthe



Viterbi alignmentbetweenthe sentencepair (f{,él) (in-
put sentencehypothesisentence)The problemis that,in
orderto computethe bestiIBM-Model 2 Viterbi alignment
betweena pair of sentencesf;’, el), bothcompletedsen-
tenceanustbeknown. Thisis thereasorwhy the|IDPSal-
gorithmcomputeghe scorein the heuristicway. Theword
é(e, 1) is thebestword in the previous stepof thetrellis to
reachtheword e at positions.

It is clearthat, the decisionprocesss not straightfor
ward for the IBM-Model 2, it is even harderfor the most
comple< IBM models.

TheIDPSalgorithmis outlinedhere:

INPUTS: t, @, pp, f{ -
outpuT: agmaxs (Prru(ef) Prrar(f{lef)).-
initialization

— Initialize array R to O.

— Computeafirstapproximatior(é!) to betheso-
lution of equation(7) by usingthe searchpro-
cedure.

iteration

— While not cornvergencedo

1. Updatearray R accordingto the previous
él usingequation(9)

2. Computeanew approach{é!) to betheso-
lution of equation(7) by usingaprefix that
is built during the currentiterationand a
suffix that was computedin the previous
iteration.

end of While
— Return &/ with bestscore.

To clarify thesearchprocedurean exampleis depicted
in Figuresl, 2 and3. Figure 1 shonvs a commoninitial
situationthat could be found at stepi of the trellis search.
For example,in the stateslabeledwith ¢’, ¢” ande' at
stepi — 1 (possiblepredecessastatesto reachthe statee
at steps) the accumulatedscorescorrespondingo arrays
@ andT arestored. Figure 2 shows the computationthat
is carriedout within the algorithm for the three previous
differentwordsto be considered.Let us supposehat the
bestscoreis obtainedwhentheword e’ is used. Thenthe
Figure 3 presentghis casewith the correspondingupdate
of thescorefor word e at step:.

Newfeaturesto the IDPS

As we pointedout in the previous section,the IDPS algo-
rithm cannotdirectly provide the hypothesiswith the best
Viterbialignmentscorein thedecisionmakingprocessOne
way of dealingwith this problemis thatoncethesetof pos-
sible hypothesiss computedo choosethe hypothesighat
providesthe bestViterbi alignmentscoreinsteadof choos-
ing theonethatcouldbeobtainedwith thedecisionprocess
outlinedin the previous section. At the end of the deci-
sion processwve know the whole hypothesissentenceand
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Figurel: A commoninitial situationat stepi in thetrellis.
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Figure2: Searchupdatefor e in stepi of thetrellis usingas
previouspossiblewordse’, " ande'’.
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Figure3: Finaldecisionof valuesfor word e in stepi: of the
trellis andthe updateof correspondingalues.

it is then perfectly possibleto computethe Viterbi align-
mentscoreassociatedo the sentencepair (f{, &) for all
possibles! obtained.

Toincludethisapproximatiorio thepreviousalgorithm,
we only needto do thefollowing in the IDPSalgorithm:

1. Build thetrellis searchollowing the formulationfor
thelDPSalgorithm.

2. Oncethesetof possiblehypothesiof length! is ob-
tained,choosethe hypothesighat providesthe best



Viterbi alignmentscoreaccordingto the translation
modelused.

3. Updatethearray R accordingto the bestViterbi hy-
pothesisandgoto stepl to continuetheiterative pro-
cess.

Thenew IDPSalgorithmwill be:
INPUTS: M, t, a,d, n, p1, s, fi.
ouTPuT: agmax s (Prru(ef) Prrac(f{lef)).
initialization
— Initialize array R to O.

— Computeafirstapproximatior(é!) to betheso-
lution of equation(7) by usingthe searchpro-
cedure.

iteration

— While not cornvergencedo

1. Computethe Viterbi alignmentscorefor
model M of all possiblenypotheses.

2. Chooséhebesthypothesig! accordingo
the bestViterbi alignmentscoreprovided
by the Model M.

3. UpdatethearrayR accordingo thisViterbi
hypothesis.

4. Computea new approach(éf) to the so-
lution by using a prefix that is built dur-
ing the currentiterationanda suffix corre-
spondingto the previous Viterbi hypothe-
Sis.

end of While

— Return é! with bestViterbi alignmentscore.

The input of the algorithmwill be determinedby the
model M we wantto use. For example,for IBM-Model
3 we needthelexicon model t( f;e;), the distortion model
d(jl¢,m, 1), thefertility model n(¢;|e;) andthe probability
p1 thatthenull wordeg will bealignedto someinputwords
(po = 1 — p1). For all caseghelanguagemodelprobabil-
ity py(e;_1le;) is needed. In orderto solve the equation
(3) with the IBM-Model 3, the formulato applyis (Brown
etal., 1993):

m—d)o —
Pr(a, £} e!) =( N )psn 200 00,

I

H ¢z|ez H¢z

5

H n(fjles) - H d(jli, J,I)
j=1 Jia; #0

Thefirst advantageof thisnew approachs thatit is fea-
sibleto dealwith therestof themodelsproposedn (Brown
etal., 1993). For example,to dealwith IBM-Model 3, we
only needto computethe Viterbi alignmentscorefor this
modelin stepl of the previous algorithm insteadof the

IBM-Model 2 Viterbi alignmentscore. We could proceed
in thesamewhy for theIBM-Model 4 andIBM-Model 5.

As is statedin (Brown etal., 1993)andin (Al-Onaizan
etal., 1999)it is notpossibleto computeasexactly thebest
Viterbi alignmentfor IBM-Model 3 to IBM-Model 5, asin
modelsIBM-Model 1 and IBM-Model 2. In the training
processthe Viterbi alignmentfor IBM-Model 3 to IBM-
Model 5 (Och andNey, 2000a)is computedby first com-
putingtheViterbialignmentaccordingo IBM-Model 2 and
afterwardsmakingslight changesn the alignment(called
moves and swaps) in orderto geta neighborhoof pos-
sible alignments. Once this neighborhoodhas beenob-
tained, the Viterbi alignmentis computedusing the Hill-
Climbing algorithmintroducedn (Al-Onaizanetal.,1999).
This algorithmis alsousedin thetranslationprocessvhen
the Viterbi alignmentfor IBM-Model 3 to IBM-Model 5 is
computed.This is why the searchprocedurg(or construc-
tion of the searchtrellis) is still basedon the parameters
of the IBM-Model 2. On the otherhand,aswe statedin
the previous section, it is not straightforward to compute
searctprocedureonthebasisof the parametersf the most
comple« IBM models.

Obviously, this new approachs alsoheuristicbhecause
thesearchprinciple of theIDPSis still maintained.

Pruning techniques
The computationatime complexity of the IDPS algorithm
(Garda-Vareaet al., 1998)is: O(J - Lnaz - nr - [V(E)])
where:J istheinputlengthsentencel,,,,. isthemaximum
outputsentencéength,n; is the numberof iterationg and
|V (£)] is the sizeof the outputvocahulary. Obviously, the
mostimportantfactorin the asymptoticcostis the size of
the outputvocahulary.

To speedipthesearchwe haveintroducedwo pruning
techniquesThesetwo techniquesre:

Beam-seach pruning

Thisis thewell-known beam search whichis a directanal-
ogy to the data-drnvensearchorganizationusedin continu-
ousspeechrecognition(Ney et al., 1992). A beamsearch
valueis establishedh priori. During the dynamicprogram-
ming search thosepartial scoresthat have a higher score
thanthebestoneplusthe beamsearchvaluearediscarded.
This avoids thosehypotheseghat are far from being the
bestoneattheendof the process.

Alignment-basedpruning

The secondpruningtechniques an alignment-based tech-
nique. Without ary pruningtechnique every target word
e in eachstepof thetrellis searchwould be consideredas
a possibleword in the final translatedsentence.Consid-
ering the training parameter®btainedin the EM training
procesf thelBM translatiormodelsaswell astheresults
presentedn (Garda-Vareaetal., 1998),we have obsened
that the feasiblewords that will belongto the translated

1For more details about the mathematicsof the IBM models see
(Brown etal., 1993).

2In the experimentswe carried out this value s fixed to 3. Higher
valuesdo notyield in betterresults.



sentencarethosethat have a high translationprobability
accordingto the translationmodelthat is used. In other
words, all the thosewordse thatare connected/alignetb
the wordsin theinput sentencef; atthe endof the train-
ing processare highly probablecandidateso be part of
the translatedsentence. Taking theseconsiderationsnto
account,we restrictthe possiblewordse € V(€) to the
onesthat are alignedat leastonceto the wordsin f{ =
fifa--- fr. In this new setof possiblee wordsto be con-
sidered,we shouldinclude thosewords that actually did
notgeneraterny sourceword f duringthetrainingprocess.
ThesewordsarecalledO-fertility words(Al-Onaizanetal.,
1999). TheseO-fertility words shouldbe includedin or-
der to take into accountthosewordsthat do not generate
ary f; word but actually form part of the translatedsen-
tence.In the experimentghatwerecarriedout, the number
of wordsto be consideredn eachstepof the trellis was
substantiallyeduced.The advantageof this pruningtech-
nigue is that the setof “good” candidates for an input
sentenceouldbeobtainecautomaticallyanda priori using
the Viterbi alignmentcomputedn the training process.In
otherwords, this pruningtechniquedoesnot overloadthe
translationprocessandthe asymptoticcomputationatime
is notincreasedWhatis more,it is decreasebly afactorof
100aswewill show in the experimentsandresultssection.

Experiments and results

We selectedhe “Tourist Task” (Amengualet al., 1996)to

experimentwith the searchalgorithmproposedhere. The
generaldomainof the taskwasa visit by atouristto afor-

eign country The taskusedfor the experimentsreported
herecorrespondedo a scenarioof human-to-humamcom-
municationsituationsat the receptiondeskof a hotel. This

taskprovideda small“seedcorpus”from which alarge set
of sentencepairswas generatedn a semi-automatiavay
(Amengualet al., 1996). From the differentpairs of lan-

guageghat were generatedpnly Spanishto Englishwas
consideredor this work. The parallelcorpusconsistedf

500,000sentenceairs (171,481differentsentencepairs).
The input and outputvocahulary sizeswere 689 and514,
andthe averageinputandoutputsentencéengthswere9.7
and9.9, bothrespectiely.

A sub-corpuf 10,000randomsentencegairswasse-
lectedfor training purposedgrom theabove corpus.Testing
was carried out with 1,000 input randomsentencegen-
eratedindependentlyfrom the training set. The training
and test setswere disjoint. The training of the different
translatiormodelswascarriedwith the GIZA (Al-Onaizan
etal., 1999)softwareandits extensionGIZA++ (Ochand
Ney, 2000a; Och and Ney, 2000b)using 15 iterationsof
the maximization-&pectationalgorithm. In orderto com-
putethe aligned-based pruning, we usedthe 10,000train-
ing IBM-Model 5 Viterbi alignmentbtainedoy the GIZA++
software. Thelanguagemodelusedin the experimentsvas
a 3-grammodel. This languagemodelwasinferredusing
the 10,000Englishtraining sentences.

For theevaluationof thetranslatiomuality, we usedthe
automaticallycomputablé/Nord Error Rate (WER) which

correspond#o theeditdistanceébetweertheproducedrans-
lation anda predefinedeferencdranslation.

Oneshortcomingpf the WER is thefactthatit requires
perfectword order This is particularlya problemfor the
Tourist Task,wherethe word orderof the Spanish-English
sentencegair canbe quite different. As a result,the word
orderof the automaticallygeneratedargetsentenceanbe
differentfrom thatof thetargetsentencéut acceptableand
thusthe WER measuralonecouldbe misleading.In order
to overcomethis problem,asadditionalmeasureywe intro-
ducethe position-independemword errorrate (PER). This
measurecompareghe wordsin the two sentencesvithout
taking the word orderinto account. Words that have no
matchingcounterpartsaare countedas substitutionerrors.
Dependingon whetherthe translatedsentences longeror
shorterthanthe targettranslation the remainingwordsre-
sultin eitherinsertionor deletionerrorsin additionto sub-
stitution errors. The PERis guaranteedo be lessthanor
equalto the WER.

Thetranslatiorresultsin termsof errorratesareshovn
in Tablel.

Alig. Prunning| No Prunning
Model WER | PER | WER | PER
No Vit. 19.09| 15.24 | 20.37 | 16.27
Vit. IBM-Model 2 | 20.66 | 15.84 | 21.68 | 16.72
Vit. IBM-Model 3 | 22.76| 17.61 | 22.80| 17.19
Vit. IBM-Model 4 | 14.81| 12.80 | 15.75| 13.54
Vit. IBM-Model 5 | 15.80| 12.81 | 16.73| 13.33

Table 1: Translationresultsfor the 1000 test sentences
with andwithout the alignment-baseg@runningtechnique.
Thefirst row shaws the translationresultsobtainedby us-
ing the original IDPS algorithm. The following rows show
thetranslationresultsobtainedwith the new versionof the
IDPSfor differentIBM translatiormodels.

Accordingto Table 1 the translationresultsusing the
baselinelDPS and the Viterbi IBM-Model 2 are mainly
whatwe expected. As in (Tillmann, 2001)the translation
resultsusing the Viterbi IBM-Model 4 are slightly better
thanthoseobtainedwith Viterbi IBM-Model 5. The best
resultswereobtainedusingthe Viterbi IBM-Model 4 score
with an improvementof about5 points of WER with re-
spectto the baselineresults.In Tablel, it canbe obsened
thatthe alignment-baseg@runningtechniquenot only sub-
stantiallyreduceghespeedf thealgorithmbut evenslightly
increaseshetranslationquality. Thatmeanghatthe prun-
ing directsthe searchthroughthe most probablepathsin
thetrellis, discardingthosepossiblehypotheseshat could
provide a betterfinal scorebut that are actually worsein
termsof translationquality.

In Table2, it canbe obsenedthatthereis a significant
savingsin thecomputationatostof thealgorithmwhenthe
alignment-basegruning techniqueis applied. The table
shaws the averagenumberof statedn thetrellis duringthe
searchprocedure(i.e. the numberof timesthat equation
(8) shouldbe computed). Thesevaluesare computedby
multiplying the input testlength sentenceaverage(which



is 11.68) by the the numberof wordsto be consideredn
eachstateof thetrellis. The numberof possiblecandidate
wordson averageper sentenceo be considerediuringthe
searchprocessare: 514 whenno pruningis applied(this
numberis equalto the sizeof the Englishvocalulary) and
7.49whenthe proposedechniques used. The reduction
factoris about100.

# of states
No pruning 6008.62
Alignment-based 87.59

Table2: Averagenumberof statego be considerediuring
the searchprocesswith andwithout pruningfor the trans-
lation experimentsshavn in Tablel.

Conclusions

In this papemwe have includednew featuredo theIDPSal-
gorithm. We have includedthe possibility of dealingwith
the mostcomplex IBM models(from 3 to 5) while main-
tainingthedecisionmakingproces$asedntheBM-Mo-
del 2. An alignment-basegbruning technigueis also in-
cludedin orderto improve the speedup of thealgorithms.

Accordingto the resultspresentedn the previous sec-
tion, significantlybettertranslatiorresultsareobtainedvhen
theViterbi IBM-Model 4 scoringis applied.Thereis alsoa
significantimprovementn thespeedf thealgorithmwhen
theproposedpruningtechniques used.

For future work, we planto investigatenow to directly
include the parameter®f the mostcomplex IBM models
(IBM-Model 3 to IBM-Model 5) in thedynamic-program-
ming basedsearch. It would also be valuableto include
morecomple pruningtechniquegayingspecialattention
to thelossof thetranslationquality.
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