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Abstract
The increasinginterestin thestatisticalapproachto MachineTranslationis dueto thedevelopmentof effective algorithmsfor training
theprobabilisticmodelsproposedsofar. However, oneof theopenproblemswith statisticalmachinetranslationis thedesignof efficient
algorithmsfor translatinga giveninput string. For someinterestingmodels,only (good)approximatesolutionscanbefound. Recently,
a dynamicprogramming-like algorithmfor the IBM-Model 2 hasbeenproposedwhich is basedon an iterative processof refinement
solutions.A new dynamicprogramming-like algorithmis proposedhereto dealwith morecomplex IBM models(models3 to 5). The
computationalcostof thealgorithmis reducedby usinganalignment-basedpruningtechnique.Experimentalresultswith theso-called
“TouristTask”arealsopresented.
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Intr oduction
The goal of the translationprocessof statistical machine
translation (SMT) can be formulatedas follows: given a
sourcelanguagestring

������ � �
	�	�	 � � , searchfor thetarget
languagestring 
��� � � 
� �
	�	�	 
� � thatmaximize
� � ��� argmax��� � ����� � � ��� � ���� 	 (1)

In our case,the sourcelanguageis Spanishandthe target
languageis English.Accordingto Bayes’decisionrule,we
have to choosethetargetstringthatmaximizestheproduct
of thetargetlanguagemodel ����� ���� � andthestringtransla-
tion model ����� ���� � �!���� . Theequationthatmodelsthis pro-
cessis: 
� � �"� argmax�#� � $ ����� � � ����% ����� � ���� � � ���'& (2)

Many existingsystemsfor SMT(Niessenetal.,1998;Wang
and Waibel, 1997) make use of a specialway of struc-
turing the string translationmodelasproposedby (Brown
etal., 1993):Thecorrespondencebetweenthewordsin the
sourceandthetargetstringis describedby alignmentsthat
assignonetargetword positionto eachsourceword posi-
tion.

Oneof the openproblemswith SMT is the designof
efficient algorithmsfor searchingthetranslationof a given
inputstring,thatis to solve theglobalsearchmaximization
problem.

Interestingtranslationmodelswereproposedin (Brown
etal.,1993).However, thecorrespondingsearchalgorithms
for the IBM-Model 1 to IBM-Model 5 in (Brown et al.,
1993)arebasedonacertaintypeof the (�) algorithm(Brown
etal.,1990)or onthestack decoding approach(Al-Onaizan
etal., 1999;WangandWaibel,1997).

Therearealsodynamic-programming-basedsearchal-
gorithmssuchas(Tillmann et al., 1997a;Tillmann et al.,
1997b)for thefirst-ordermodelsproposedin (Vogelet al.,
1996)andthe algorithmproposedin (Tillmann, 2001)for
the IBM-Model 4 which is inspiredon the TravelerSales-
manproblem. A dynamic-programmingsearchalgorithm
for theIBM-Model 2 isalsoproposedin (Garćıa-Vareaetal.,
1998).

In thispaperwepresenthow to dealwith themostcom-
plex IBM models(IBM-Model 3 to IBM-Model 5) using
the algorithmproposedin (Garćıa-Vareaet al., 1998)and
an alignment-basedpruning techniquein order to reduce
thehighcomputationalcost.



Forbetterunderstanding,in thefollowingsectionwere-
view thesearchalgorithmproposedin (Garćıa-Vareaetal.,
1998)andwepresentanintuitiveideaabouthow thesearch
processis performed.In thenext section,we explain how
to dealwith themostcomplex modelsproposedin (Brown
et al., 1993)andthepruningtechniquesused.Afterwards,
we presentthe experimentalresultswe have carried out
with theso-called“TouristTask” (Amengualet al., 1996).
Thelastsectionpresentsthemainconclusionsof this work
andpossiblefuturework to bedonein this direction.

A review of the iterati veDP-basedsearch
The iterative DP-basedsearchalgorithm(IDPS) proposed
in (Garćıa-Vareaet al., 1998) is a heuristicdynamic-pro-
grammingsearchalgorithmwhich usesthe IBM-Model 2
translationmodel(Brown et al., 1993)andis basedon an
iterativeprocessof refinementsolutions.

Thetranslationmodelsintroducedby (Brownetal.,1993)
arebasedon theconceptof alignmentbetweenthecompo-
nentsof thetranslation pairs � ����+* ���� � .

Formally, analignmentisamappingbetweenthesetsof
positionsin

���� and ��� � : ,.-0/ 	�	�	2143 / 	�	�	65 . However, in
(Brown et al., 1993),theconceptof alignmentis restricted
to beinga function ,87�/ 	�	�	21:9<; 	�	�	65 , where ,�= � ;
meansthattheposition> in

���� is notalignedwith any posi-
tion of ��� � (or alignedto thenull word ��? ). All thepossible
alignmentsbetween��� � and

���� aredenotedby @A� ���� * ��� � �
andtheprobabilityof translatinga given ��� � into

���� by an
alignmentis denotedby ����� � �� * , � ��� � � ��� . Therefore,����� � �� � � � ���B� CD�E�FHGJILK�NM �#� �#O ����� � �� * , � ��� � � ��� (3)

The IBM-Model 2 for ����� ���� * , � �P� ������ proposedin (Brown
et al., 1993)is

����Q � � � �� * , � ��� � � ���H� �R=TS ��U � � = � � D2V ��% ,N�W, = � > * 1 * 5 � (4)

where U � � = � � D'V � is the translation probability of the input
word

� = given the outputword ��X , and ,Y�Z, = � > * 1 * 5 � is the
alignment probability. This distribution givesusthealign-
ment probability of the i-th word in the target sentence,
given any position in the sourcesentenceand the length
of bothsentences.If equation(4) is usedin (3), wehave,

��� Q � � � �� � � � �[�B� �R=TS � �C X S ? U � � = � � X ��% ,N�]\ � > * 1 * 5 � (5)

Theexperimentscarriedoutin (Garćıa-Vareaetal.,1998)
wereperformedusingan-gramlanguagemodelasthegen-
eral languagemodelusedin (2). For thesake of simplicity
in thenotation,theIDPSalgorithmis outlinedhereusinga
bigramlanguagemodel ^ � �`_Ya � .

Given an input string ��� � and an IBM-Model 2 trans-
lation model,andsupposingthat the lengthof the output
string 5 is known, the scoreassociatedto equation(2) us-
ing equation(5) for ahypothesistranslation�!� � canbecom-
putedas:

bdcLe��� �gf ���!hi� � � ���j% ����� � �� � � � ���6kl� (6)

bdcLe��� � mn �RX S � _ a � ��X � ��X]o � � �R=TS � �C X S ? U � � = � ��X �p% ,N�]\ � > * � 1 * 5 �#qr 	
Thismaximizationcanberewrittenas:

bdcLe��� � f ��� h � � � � � ����Q � � � �� � � � � � k �
bdcLe��� � mn�s � � � * 5 � �R=TS �ut � � � * 5 * > � qr (7)

Where,in general:for /�vw\+v 5 andfor all possibletarget
word �s � � * \ �x� _ a � � � 
� � � * \ �6�j% s �[
� � � * \ � * \zy{/ �t � � * \ * > �|� t �[
� � � * \ � * \zyw/ * > �P} U � � = � � �p% ,N�]\ � > * 1 * 5 �
� � � * \ �|� argmax��~ � _Ya�� � � ��� �j% s � ��� * \
yw/ � 3�R=TS � ��t � ��� * \zy{/ * > �P} U � � = � � ��% ,N�W\ � > * 1 * 5 �}�� ��> * \ } / ���2� * (8)

with

� ��> * \ �H� �C � S X U � � = �J�� � �j% ,N�Z� � > * 1 * 5 � * (9)

where �� � � is aguessedoutput.Notethat �� � ( \ } /l����� 5 �
correspondsto output symbolsthat are not yet explored.
Therefore,���� � is obtainedin an iterative process,i.e., ���� � is
theguessedoutput( 
� � � ) (theoptimaloneof a previousiter-
ation). In thefirst iteration,no guessedoutputis usedand� ��> * \ �H� ; for /��w\H� 5 and /���>A� 1 .

Thebaseof recursionfor ; ��>d� 1 andfor all possible
word � is: s � � * / �|� _ a � � � ���6�t � � * / * > �|� U � � = � � ? ��% ,N� ; � > * 1 * 5 �} U � � = � � �j% ,N�#/ � > * 1 * 5 �
where_ a � � � ��� is thelanguagemodelprobabilitywhen � is
thefirst word in thesentenceto begenerated.

Thearray

s
accountsfor thelanguagemodelscoreand

thearray t accountsfor theIBM-Model 2 translationmodel
scoreassociatedto 
��� � . In eachstepof the trellis, the ar-
ray t in somewayexplainhow thecurrentgeneratedword��X affectsall the words in the input sentence

���� . This is
the heuristicpoint of this approach.It might be assumed
that the “correct” (besthypothesis)accordingto the IBM-
Model 2 translationmodel is the one that maximizesthe



Viterbi alignmentbetweenthe sentencepair � � �� * 
� � ��� (in-
put sentence,hypothesissentence).Theproblemis that,in
orderto computethebestIBM-Model 2 Viterbi alignment
betweena pair of sentences� �����* ���� � , bothcompletedsen-
tencesmustbeknown. This is thereasonwhy theIDPSal-
gorithmcomputesthescorein theheuristicway. Theword
� � � * \ � is thebestword in thepreviousstepof thetrellis to
reachtheword � at position \ .

It is clear that, the decisionprocessis not straightfor-
ward for the IBM-Model 2, it is even harderfor the most
complex IBM models.

TheIDPSalgorithmis outlinedhere:

INPUTS: U , , , _ a , ���� .

OUTPUT: argmax
��� � f ������Q�� ���� � �����NQ�� ���� � �!� � �6k .

initialization

– Initialize array � to 0.

– Computeafirst approximation( 
��� � ) to betheso-
lution of equation(7) by usingthe searchpro-
cedure.

iteration

– While not convergencedo

1. Updatearray � accordingto the previous
� � � usingequation(9)

2. Computeanew approach( 
��� � ) to betheso-
lution of equation(7) by usingaprefixthat
is built during the currentiteration and a
suffix that was computedin the previous
iteration.

endof While

– Return 
� � � with bestscore.

To clarify thesearchprocedure,anexampleis depicted
in Figures1, 2 and 3. Figure 1 shows a commoninitial
situationthatcouldbe foundat step \ of the trellis search.
For example, in the stateslabeledwith � � , � � � and � � � � at
step \Hy�/ (possiblepredecessorstatesto reachthe state �
at step \ ) the accumulatedscorescorrespondingto arrayst and

s
arestored. Figure2 shows the computationthat

is carriedout within the algorithm for the threeprevious
differentwordsto be considered.Let us supposethat the
bestscoreis obtainedwhentheword � � � is used.Thenthe
Figure3 presentsthis casewith the correspondingupdate
of thescorefor word � at step\ .

Newfeaturesto the IDPS
As we pointedout in theprevioussection,the IDPSalgo-
rithm cannotdirectly provide the hypothesiswith the best
Viterbialignmentscorein thedecisionmakingprocess.One
wayof dealingwith thisproblemis thatoncethesetof pos-
siblehypothesisis computedto choosethehypothesisthat
providesthebestViterbi alignmentscoreinsteadof choos-
ing theonethatcouldbeobtainedwith thedecisionprocess
outlined in the previous section. At the end of the deci-
sion processwe know the whole hypothesissentence,and
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Figure1: A commoninitial situationat step\ in thetrellis.
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Figure2: Searchupdatefor � in step\ of thetrellis usingas
previouspossiblewords � � * � � � and � � � � .
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Figure3: Finaldecisionof valuesfor word � in step\ of the
trellis andtheupdateof correspondingvalues.

it is thenperfectlypossibleto computethe Viterbi align-
mentscoreassociatedto the sentencepair � ���� * 
��� � � for all
possible
�!� � obtained.

To includethisapproximationto thepreviousalgorithm,
weonly needto do thefollowing in theIDPSalgorithm:

1. Build thetrellis searchfollowing theformulationfor
theIDPSalgorithm.

2. Oncethesetof possiblehypothesisof length 5 is ob-
tained,choosethe hypothesisthat providesthe best



Viterbi alignmentscoreaccordingto the translation
modelused.

3. Updatethearray � accordingto thebestViterbi hy-
pothesisandgoto step1 to continuetheiterativepro-
cess.

Thenew IDPSalgorithmwill be:

INPUTS: Æ , U , , , Ç , È , _ � , _Na , � �� .

OUTPUT: argmax
��� � f ��� ��Q � ��� ��� ��� �NQ � ����É� �!����6k .

initialization

– Initialize array � to 0.

– Computeafirst approximation( 
��� � ) to betheso-
lution of equation(7) by usingthe searchpro-
cedure.

iteration

– While not convergencedo

1. Computethe Viterbi alignmentscorefor
model Æ of all possiblehypotheses.

2. Choosethebesthypothesis
�!� � accordingto
the bestViterbi alignmentscoreprovided
by theModel Æ .

3. Updatethearray� accordingto thisViterbi
hypothesis.

4. Computea new approach( 
� � � ) to the so-
lution by using a prefix that is built dur-
ing thecurrentiterationanda suffix corre-
spondingto the previousViterbi hypothe-
sis.

endof While

– Return 
��� � with bestViterbi alignmentscore.

The input of the algorithm will be determinedby the
model Æ we want to use. For example,for IBM-Model
3 we needthe lexicon model U � � = � � X � , thedistortion modelÇ��J> � \ *6Ê�*TË � , thefertility model ÈH�ZÌ X � � X � andtheprobability_ � thatthenull word �!? will bealignedto someinputwords
(_ ? � /"yÍ_ � ). For all casesthe languagemodelprobabil-
ity _ a � ��X]o � � ��X � is needed. In order to solve the equation
(3) with theIBM-Model 3, theformulato apply is (Brown
et al., 1993):�����Z, * � �� � � � ���H� � Ê y4Ì ?Ì ? � _�Î o �'Ï�Ð? _ Ï�Ð� %�RX S � ÈH�·Ì X � �!X � �RX S ? Ì XTÑ %�R=TS � ÈH� � = � � X ��% /Ì ? Ñ % �R='Ò D'VLÓS ? ÇY��> � \ * 1 * 5 �

Thefirst advantageof thisnew approachis thatit is fea-
sibleto dealwith therestof themodelsproposedin (Brown
et al., 1993). For example,to dealwith IBM-Model 3, we
only needto computethe Viterbi alignmentscorefor this
model in step1 of the previous algorithm insteadof the

IBM-Model 2 Viterbi alignmentscore. We could proceed
in thesamewhy for theIBM-Model 4 andIBM-Model 51.

As is statedin (Brown et al., 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
process,the Viterbi alignmentfor IBM-Model 3 to IBM-
Model 5 (Och andNey, 2000a)is computedby first com-
putingtheViterbialignmentaccordingto IBM-Model 2and
afterwardsmakingslight changesin the alignment(called
moves andswaps) in order to get a neighborhoodof pos-
sible alignments. Once this neighborhoodhas beenob-
tained,the Viterbi alignmentis computedusing the Hill-
Climbing algorithmintroducedin (Al-Onaizanetal.,1999).
This algorithmis alsousedin thetranslationprocesswhen
theViterbi alignmentfor IBM-Model 3 to IBM-Model 5 is
computed.This is why the searchprocedure(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
searchprocedureonthebasisof theparametersof themost
complex IBM models.

Obviously, this new approachis alsoheuristicbecause
thesearchprincipleof theIDPSis still maintained.

Pruning techniques
Thecomputationaltime complexity of theIDPSalgorithm
(Garćıa-Vareaet al., 1998) is: ÔÕ� 1 % 5 Î D2Ö % È � %N� × �WØ ��� �
where: 1 is theinputlengthsentence,5 Î D[Ö is themaximum
outputsentencelength, È � is thenumberof iterations2 and� × �]Ø ��� is thesizeof theoutputvocabulary. Obviously, the
mostimportantfactorin the asymptoticcost is the sizeof
theoutputvocabulary.

To speedupthesearch,wehaveintroducedtwo pruning
techniques.Thesetwo techniquesare:

Beam-search pruning

This is thewell-known beam search which is a directanal-
ogy to thedata-drivensearchorganizationusedin continu-
ousspeechrecognition(Ney et al., 1992). A beamsearch
valueis establisheda priori. During thedynamicprogram-
ming search,thosepartial scoresthat have a higherscore
thanthebestoneplusthebeamsearchvaluearediscarded.
This avoids thosehypothesesthat are far from being the
bestoneat theendof theprocess.

Alignment-basedpruning

Thesecondpruningtechniqueis analignment-based tech-
nique. Without any pruning technique,every target word� in eachstepof the trellis searchwould be consideredas
a possibleword in the final translatedsentence.Consid-
ering the training parametersobtainedin the EM training
processof theIBM translationmodelsaswell astheresults
presentedin (Garćıa-Vareaet al., 1998),we have observed
that the feasiblewords that will belong to the translated

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

2In the experimentswe carriedout this value is fixed to 3. Higher
valuesdonot yield in betterresults.



sentencearethosethat have a high translationprobability
accordingto the translationmodel that is used. In other
words,all the thosewords � that areconnected/alignedto
the wordsin the input sentence

���� at the endof the train-
ing processare highly probablecandidatesto be part of
the translatedsentence.Taking theseconsiderationsinto
account,we restrict the possiblewords ��Ù × �WØ � to the
onesthat arealignedat leastonceto the words in

���� �� � � � %�%�% � � . In this new setof possible� wordsto becon-
sidered,we should include thosewords that actually did
notgenerateany sourceword

�
duringthetrainingprocess.

Thesewordsarecalled0-fertility words(Al-Onaizanetal.,
1999). These0-fertility words shouldbe includedin or-
der to take into accountthosewords that do not generate
any

� = word but actually form part of the translatedsen-
tence.In theexperimentsthatwerecarriedout, thenumber
of words to be consideredin eachstepof the trellis was
substantiallyreduced.Theadvantageof this pruningtech-
nique is that the set of “good” candidates� for an input
sentencecouldbeobtainedautomaticallyandapriori using
theViterbi alignmentcomputedin the trainingprocess.In
otherwords,this pruningtechniquedoesnot overloadthe
translationprocessandtheasymptoticcomputationaltime
is not increased.Whatis more,it is decreasedby afactorof
100aswewill show in theexperimentsandresultssection.

Experimentsand results

We selectedthe “TouristTask” (Amengualet al., 1996)to
experimentwith the searchalgorithmproposedhere. The
generaldomainof thetaskwasa visit by a tourist to a for-
eign country. The taskusedfor the experimentsreported
herecorrespondedto a scenarioof human-to-humancom-
municationsituationsat thereceptiondeskof a hotel. This
taskprovideda small“seedcorpus”from which a largeset
of sentencepairswasgeneratedin a semi-automaticway
(Amengualet al., 1996). From the differentpairsof lan-
guagesthat weregenerated,only Spanishto English was
consideredfor this work. Theparallelcorpusconsistedof
500,000sentencepairs(171,481differentsentencepairs).
The input andoutputvocabulary sizeswere689 and514,
andtheaverageinputandoutputsentencelengthswere9.7
and9.9,bothrespectively.

A sub-corpusof 10,000randomsentencepairswasse-
lectedfor trainingpurposesfrom theabovecorpus.Testing
was carriedout with 1,000 input randomsentencesgen-
eratedindependentlyfrom the training set. The training
and test setswere disjoint. The training of the different
translationmodelswascarriedwith theGIZA (Al-Onaizan
et al., 1999)softwareandits extensionGIZA++ (Ochand
Ney, 2000a;Och and Ney, 2000b)using 15 iterationsof
the maximization-expectationalgorithm. In orderto com-
putethealigned-based pruning, we usedthe10,000train-
ing IBM-Model 5Viterbialignmentsobtainedby theGIZA++
software.Thelanguagemodelusedin theexperimentswas
a 3-grammodel. This languagemodelwasinferredusing
the10,000Englishtrainingsentences.

For theevaluationof thetranslationquality, weusedthe
automaticallycomputableWord Error Rate(WER) which

correspondsto theeditdistancebetweentheproducedtrans-
lationanda predefinedreferencetranslation.

Oneshortcomingof theWER is thefactthatit requires
perfectword order. This is particularlya problemfor the
TouristTask,wheretheword orderof theSpanish-English
sentencepair canbe quite different. As a result,the word
orderof theautomaticallygeneratedtargetsentencecanbe
differentfrom thatof thetargetsentencebut acceptable,and
thustheWERmeasurealonecouldbemisleading.In order
to overcomethis problem,asadditionalmeasure,we intro-
ducetheposition-independentword error rate(PER).This
measurecomparesthe wordsin the two sentenceswithout
taking the word order into account. Words that have no
matchingcounterpartsare countedas substitutionerrors.
Dependingon whetherthe translatedsentenceis longeror
shorterthanthetarget translation,theremainingwordsre-
sult in eitherinsertionor deletionerrorsin additionto sub-
stitution errors. The PERis guaranteedto be lessthanor
equalto theWER.

Thetranslationresultsin termsof errorratesareshown
in Table1.

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: Translationresults for the 1000 test sentences
with andwithout thealignment-basedprunningtechnique.
Thefirst row shows the translationresultsobtainedby us-
ing theoriginal IDPSalgorithm.Thefollowing rows show
thetranslationresultsobtainedwith thenew versionof the
IDPSfor differentIBM translationmodels.

According to Table 1 the translationresultsusing the
baselineIDPS and the Viterbi IBM-Model 2 are mainly
what we expected.As in (Tillmann, 2001)the translation
resultsusing the Viterbi IBM-Model 4 are slightly better
thanthoseobtainedwith Viterbi IBM-Model 5. The best
resultswereobtainedusingtheViterbi IBM-Model 4 score
with an improvementof about5 pointsof WER with re-
spectto thebaselineresults.In Table1, it canbeobserved
that thealignment-basedprunningtechniquenot only sub-
stantiallyreducesthespeedof thealgorithmbutevenslightly
increasesthetranslationquality. Thatmeansthattheprun-
ing directsthe searchthroughthe mostprobablepathsin
the trellis, discardingthosepossiblehypothesesthatcould
provide a betterfinal scorebut that are actuallyworsein
termsof translationquality.

In Table2, it canbeobservedthat thereis a significant
savingsin thecomputationalcostof thealgorithmwhenthe
alignment-basedpruning techniqueis applied. The table
shows theaveragenumberof statesin thetrellis duringthe
searchprocedure(i.e. the numberof times that equation
(8) shouldbe computed). Thesevaluesarecomputedby
multiplying the input test lengthsentenceaverage(which



is 11.68)by the the numberof wordsto be consideredin
eachstateof the trellis. Thenumberof possiblecandidate
wordson averagepersentenceto beconsideredduringthe
searchprocessare: 514 whenno pruning is applied(this
numberis equalto thesizeof theEnglishvocabulary) and
7.49whenthe proposedtechniqueis used. The reduction
factoris about100.

# of states
No pruning 6008.62
Alignment-based 87.59

Table2: Averagenumberof statesto beconsideredduring
the searchprocesswith andwithout pruningfor the trans-
lationexperimentsshown in Table1.

Conclusions
In thispaperwehaveincludednew featuresto theIDPSal-
gorithm. We have includedthe possibilityof dealingwith
the mostcomplex IBM models(from 3 to 5) while main-
tainingthedecisionmakingprocessbasedontheIBM-Mo-
del 2. An alignment-basedpruning techniqueis also in-
cludedin orderto improvethespeedupof thealgorithms.

Accordingto the resultspresentedin theprevioussec-
tion,significantlybettertranslationresultsareobtainedwhen
theViterbi IBM-Model 4 scoringis applied.Thereis alsoa
significantimprovementin thespeedof thealgorithmwhen
theproposedpruningtechniqueis used.

For futurework, we plan to investigatehow to directly
includethe parametersof the mostcomplex IBM models
(IBM-Model 3 to IBM-Model 5) in thedynamic-program-
ming basedsearch. It would also be valuableto include
morecomplex pruningtechniquespayingspecialattention
to thelossof thetranslationquality.
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