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Abstract

This paper presents a series of efficient
dynamic-programming(DP) basedalgorithms
for phrase-baseddecoding and alignment
computationin statisticalmachinetranslation
(SMT). TheDP-baseddecodingalgorithmsare
analyzedin termsof shortestpath-findingal-
gorithms, where the similarity to DP-based
decodingalgorithmsin speechrecognitionis
demonstrated.The papercontainsthe follow-
ing original contributions:1) theDP-basedde-
codingalgorithmin (Tillmann andNey, 2003)
is extendedin a formal way to handlephrases
and a novel pruning strategy with increased
translationspeedis presented2) a novel align-
ment algorithm is presentedthat computesa
phrasealignmentefficiently in the casethat it
is consistentwith an underlying word align-
ment. Under certain restrictions,both algo-
rithms handleMT-relatedproblemsefficiently
thataregenerallyNPcomplete(Knight, 1999).

1 Intr oduction

This paperdealswith dynamicprogrammingbasedde-
codingandalignmentalgorithmsfor phrase-basedSMT.
DynamicProgrammingbasedsearchalgorithmsarebe-
ing usedin speechrecognition(Jelinek, 1998; Ney et
al., 1992) as well as in statisticalmachinetranslation
(Tillmann et al., 1997; Niessenet al., 1998; Tillmann
andNey, 2003). Here, the decodingalgorithmsarede-
scribedas shortestpath finding algorithmsin regularly
structuredsearchgraphsor searchgrids. Undercertain
restrictions,e.g. startandendpoint restrictionsfor the
path, the shortestpath computedcorrespondsto a rec-
ognizedword sequenceor a generatedtarget language
translation. In thesealgorithms,a shortest-pathsearch
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Figure 1: Illustration of a DP-basedalgorithmto solve
a traveling salesmanproblemwith

�
cities. The visited

citiescorrespondto processedsourcepositions.

is carriedout in onepassover someinput alonga spe-
cific ’direction’: in speechrecognitionthesearchis time-
synchronous,the single-word basedsearchalgorithmin
(Tillmann et al., 1997) is (source)position-synchronous
or left-to-right, the searchalgorithm in (Niessenet al.,
1998)is (target)position-synchronousor bottom-to-top,
andthesearchalgorithmin (Tillmann andNey, 2003)is
so-calledcardinality-synchronous.

Taking into accountthe differentword orderbetween
sourceandtargetlanguagesentences,it becomeslessob-
viousthata SMT searchalgorithmcanbedescribedasa
shortestpathfinding algorithm.But this hasbeenshown
by linking decodingto a dynamic-programmingsolution
for the traveling salesmanproblem. This algorithmdue
to (Held andKarp, 1962) is a specialcaseof a shortest
path finding algorithm (Dreyfus and Law, 1977). The
regularly structuredsearchgraphfor this problemis il-
lustratedin Fig. 1: all pathsfrom the left-most to the
right-mostvertex correspondto a translationof the in-
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putsentence,whereeachsourcepositionis processedex-
actly once. In this paper, theDP-basedsearchalgorithm
in (Tillmann andNey, 2003)is extendedin a formal way
to handlephrase-basedtranslation. Two versionsof a
phrase-baseddecoderfor SMT that searchslightly dif-
ferentsearchgraphsarepresented:amulti-beamdecoder
reportedin theliteratureanda single-beamdecoderwith
increasedtranslationspeed1. A commonanalysisof all
the searchalgorithmsabove in termsof a shortest-path
finding algorithm for a directedacyclic graph(dag) is
presented.This analysisprovidesa simpleway of ana-
lyzing thecomplexity of DP-basedsearchalgorithm.

Generally, the regular searchspacecanonly be fully
searchedfor smallsearchgridsunderappropriaterestric-
tions, i.e. the monotonicityrestrictionsin (Tillmann et
al., 1997)or the invertedsearchgraphin (Niessenet al.,
1998). For largersearchspacesasarerequiredfor con-
tinuousspeechrecognition(Ney etal.,1992)2 or phrase-
baseddecodingin SMT, thesearchspacecannotbefully
searched:suitably definedlists of path hypothesisare
maintainedthat partially explore the searchspace.The
numberof hypothesesdependslocally onthenumberhy-
potheseswhosescoreis closeto thetopscoringhypothe-
sis: this setof hypothesesis calledthebeam.

The translationmodelusedin this paperis a phrase-
basedmodel, where the translationunits are so-called
blocks: a block is a pair of phraseswhich are transla-
tionsof eachother. For example,Fig. 2 showsanArabic-
English translationexamplethat uses

�
blocks. During

decoding,we view translationas a block segmentation
process,wheretheinput sentenceis segmentedfrom left
to right andthetargetsentenceis generatedfrom bottom
to top, oneblock at a time. In practice,a largely mono-
toneblock sequenceis generatedexceptfor thepossibil-
ity to swapsomeneighborblocks. During decoding,we
try to minimizethescore�������	� 
�� of a block sequence�	� 

undertherestrictionthattheconcatenatedsourcephrases
of the blocks ��
 yield a segmentationof the input sen-
tence:

� � ��� � 
 ��� �

�� 


� ��� 
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�� 

�����! ��� 
"� 
�� � 
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Here,  ���	
"� 
 � �	
	� is $ -dimensionalfeaturevector with
real-valuedfeaturesand � is the correspondingweight
vectoras describedin Section5. The fact that a given
blockcoverssomesourceinterval % &�' � &�( is implicit in this
notation.

1Themulti-beamdecoderis similar to thedecoderpresented
in (Koehn,2004)which is a standarddecoderusedin phrase-
basedSMT. A multi-beamdecoderis alsousedin (Al-Onaizan
et al., 2004)and(Bergeretal., 1996).

2In thatwork, thereis adistinctionbetweenwithin-wordand
between-word search,which is not relevant for phrase-based
decodingwhereonly exactphrasematchesaresearched.
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Figure2: An Arabic-Englishblock translationexample,
wheretheArabic wordsareromanized.A sequenceof

�
blocksis generated.

This paper is structuredas follows: Section 2 intro-
ducesthemulti-beamandthesingle-beamDP-basedde-
coders. Section3 presentsan analysisof all the graph-
basedshortest-pathfinding algorithmmentionedabove:
a searchalgorithm for a directedacyclic graph (dag).
Section4 showsanefficientphrasalalignmentalgorithm
thatgivesanalgorithmicjustificationfor learningblocks
from word-alignedtraining. Finally, Section5 presents
anevaluationof thebeam-searchdecoderson anArabic-
Englishdecodingtask.

2 Beam-Search DecodingAlgorithms

In thissection,we introducetwo beam-searchalgorithms
for SMT: a multi-beamalgorithmandsingle-beamalgo-
rithm. Themulti-beamsearchalgorithmispresentedfirst,
sinceit is conceptuallysimpler.

2.1 Multi-Beam Decoder

For the multi-beamdecodermakesuseof searchstates
thatareN -tuplesof thefollowing type:

%PO �RQTSVU (W# (2)

Q is thestatehistory, thatdependsontheblockgeneration
model. In our case,Q �X�	% & � &Y'Z( � % [ ��\ (�� , where �	% & � &Y'Z(�� is
the interval wherethemostrecentblock matchedthe in-
put sentence,and % [ ��\ ( arethefinal two targetwordsof
thepartialtranslationproducedthusfar. O is theso-called
coveragevectorthatensuresthataconsistentblockalign-
mentis obtainedduring decodingandthat the decoding
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Table 1: Multi-beam ( ] -Beam) decodingalgorithm,
which is similar to (Koehn,2004).Thedecodersdiffer in
their pruningstrategy: here,eachstatelist ^V_ is pruned
only once,whereasthedecoderin (Koehn,2004)prunes
a statelist every timea new hypothesisis entered.

input: sourcesentencewith words  
 � �2�2� �  a`
^cbedf�hg�iWbWj and ^Vkldf�nm for op�rq � �2�2� �2s
for each � �ut � q � �a�2� �as do

Prunestateset ^v_
for eachstatei in ^v_ do

matcher: for eachi�'vdwi�xzy{i�'
updatei�' for ^ _"|c}�~������

end

end

output: translationfrom lowestcoststatein ^ `

canbecarriedoutefficiently. It keepstrackof thealready
processedinput sentencepositions. U is the costof the
shortestpath(distance)from someinitial state i b to the
currentstate i . The baselinedecodermaintains s�� q
statelists with entriesof the above type,where s is the
numberof input words. The statesarestoredin lists or
stacksthatsupportlookupoperationsto checkwhethera
givenstatetuple is alreadypresentin a list andwhat its
scoreU is.
The useof a coveragevector O is relatedto a DP-based
solutionfor thetraveling salesmanproblemasillustrated
in Fig. 1. The algorithm keepstrack of setsof visited
citiesalongwith theidentityof thelastvisitedcity. Cities
correspondto sourcesentencepositions& . Thevertexes
in this graphcorrespondto setof alreadyvisited cities.
Sincethetravelingsalesmanproblem(andalsothetrans-
lation model) usesonly local costs,the order in which
thesourcepositionshavebeenprocessedcanbeignored.
Conceptually, the re-orderingproblemis linearized by
searchingapaththroughthesetinclusiongraphin Fig. 1.
Phrase-baseddecodingis handleby an almostidentical
algorithm: the last visited position & is replacedby an
interval % &�' � &�( .

The statesare stored in lists or stacksthat support
lookupoperationsto checkwhethera givenstatetupleis
alreadypresentin a list andwhatits scoreU is. Extending
thepartialblock translationthat is representedby a statei with a singleblock ��' generatesa new state i�' . Here,%�o � o�'�( is the sourceinterval whereblock ��' matchesthe
inputsentence.Thestatetransitionis definedasfollows:

% O �RQ�SvU (�x�y % O ' �RQ ' SVU ' (7# (3)

The i�' statefields are updatedon a component-by-
componentbasis. O-'���O���%�o � o�'f( is the coveragevec-

Table2: Single-beam( � -Beam) decodingalgorithm(re-
latedto (LowerreandReddy, 1980)).

input: sourcesentencewith words  
 � �a�2� �  a`
^�df�hg�iWbWj
for each � ��t � q � �2�a� �2s do
^�'cd���gWmMj
for eachstatei in ^ do

if CLOSED?��i�� then

matcher: for eachi�'vdwi�xzy�i�'
else

scanner: for single i�'vdwi�xz��i�'
update i�' for ^�'
end

Prunestateset ^ '
Swap ^ , ^c'
end

end

output: translationfrom lowestcoststatein ^

tor obtainedby addingall the positionsfrom the inter-
val %�o � oM'f( . The new statehistory is definedas Q '���<%�o � o�'f( � % [-' ��\ '�(�� where [�' and \ ' are the final two tar-
get words of the target phrase��' of ��' . Somespecial
cases,e.g. where��' haslessthantwo targetwords,are
takeninto account.Thepathcost U ' is computedas U 'R�U���U ��i � i�'�� , wherethetransitioncost U ��i � i�'<�Rd�� � ��� � ��'��
is computedfrom thehistory Q andthematchingblock ��'
asdefinedin Section5.

Thedecoderin Table1 fills s�� q statesetŝvk�deo��g�t � �a�2� �as j . All thecoveragevectorsO for statesin theset^Vk cover thesamenumberof sourcepositions o . When
a stateset ^vk is processed,thedecoderhasfinishedpro-
cessingall statesin thesetŝ } where ����o . Beforeex-
pandingastateset,thedecoderprunesastatesetbasedon
its coveragevectorandthepathcostsonly: two different
pruningstrategiesareusedthat have beenintroducedin
(Tillmann andNey, 2003): 1) coveragepruning prunes
statesthat sharethe samecoveragevector O , 2) cardi-
nality pruning prunesstatesaccordingto the cardinal-
ity � ��O�� of coveredpositions:all statesin the beamare
comparedwith eachother. Sincethe statesare kept ins � q separatelists, which areprunedindependentlyof
eachothers,this decoderversionis called multi-beam
decoder. Thedecoderusesa matcher functionwhenex-
pandingastate:for astatei it looksfor uncoveredsource
positionsto find sourcephrasematchesfor blocks. Up-
dating a statein Table1 includesaddingthestateif it is
not yet presentor updatingits shortestpathcost U : if the
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stateis alreadyin ^V_ only the statewith the lower path
cost U is kept. This inserting/updatingoperationis also
called recombination or relaxation in the context of a
dagsearchalgorithm(cf. Section3). Theupdate proce-
durealsostoresfor eachstatei ' its predecessorstatein a
so-calledback-pointerarray(Ney et al., 1992).Thefinal
block alignmentandtarget translationcanbe recovered
from this back-pointerarrayoncethe final stateset ^ `
hasbeencomputed. ����i�'�� is the sourcephraselengthof
thematchingblock ��' whengoingfrom i to i�' . This al-
gorithmis similarto thebeam-searchalgorithmpresented
in (Koehn,2004): it allows statesto beaddedto a stack
thatis not thestackfor thesuccessorcardinality. i b is the
initial decoderstate,wherenosourcepositionis covered:O¡��m . For thefinal statesin ^ ` all sourcepositionsare
covered.

2.2 Single-BeamImplementation

Thesecondimplementationusestwo liststo keepasingle
beamof activestates.This correspondsto abeam-search
decoderin speechrecognition,where path hypotheses
correspondingto wordsequencesareprocessedin atime-
synchronousway andat a giventime steponly hypothe-
seswithin somepercentageof the best hypothesisare
kept (LowerreandReddy, 1980). The single-beamde-
coderprocesseshypothesescardinality-synchronously,
i.e. the statesat stageo generatenew statesat positiono � q . In orderto maketheuseof asinglebeampossible,
we slightly modify thestatetransitionsin Eq.3:

% O � � �RQlSVU (¢x�� % O ' � � ' �RQTSVU ' ( � (4)

% O � � �aQ�SVU (£xzy % O ' � � ' �¤o ��Q ' SvU ' (M# (5)

Here,Eq.5correspondsto thematcherdefinitionin Eq.3.
We addanadditionalfield that is a pointerkeepingtrack
of how muchof therecentsourcephrasematchhasbeen
covered. In Eq. 5, whena block is matchedto the input
sentence,this pointeris setto positionk wherethemost
recentblock matchstarts.We usea dot � to indicatethat
when a block is matched,the matchingposition of the
predecessorstatecanbe ignored. While the pointer � is
not yet equalto theendpositionof thematch o�' , it is in-
creased�f'�d��¥� � q asshown in Eq. 4. The pathcost U
is set: U '�� UT��¦ , where ¦ is the statetransitioncostU ��i � i�'<� dividedby thesourcephraselengthof block ��' :
weevenlyspreadthecostof generating��' overall source
positionsbeing matched. The new coveragevector O�'
is obtainedfrom O by adding the scannedposition � ' :O-'c�uO���gM��'"j . Thealgorithmthatmakesuseof theabove
definitionsis shown in Table2. The statesarestoredin
only two statesetŝ and ^�' : ^ containsthe mostprob-
ablehypothesesthat werekept in the last beampruning
stepall of whichcover o sourcepositions.̂c' containsall
thehypothesesin thecurrentbeamthatcover o � q source
positions.Thesingle-beamdecoderin Table2 usestwo

procedures:thescannerandthematcher correspondto
thestatetransitionsin Eq.4 andEq.5. Here,thematcher
simply matchesa block to an uncoveredportion of the
input sentence.After the matcherhasmatcheda block,
thatblock is processedin a cardinality-synchronousway
using the scannerprocedureas describedabove. The
predicateCLOSED §¨��i�� is usedto switchbetweenmatch-
ing andscanningstates.The predicateCLOSED §©��i�� is
true if the pointer � is equal to the matchend positiono�' (this is storedin Q ' ). At this point, the position-by-
positionmatchof thesourcephraseis completedandwe
cansearchfor additionalblockmatches.

3 DP ShortestPath Algorithm for dag

This sectionanalyzestherelationshipbetweentheblock
decodingalgorithmsin this paperand a single-source
shortestpath finding algorithm for a directed acyclic
graphs(dag).Wecloselyfollow thepresentationin (Cor-
menet al., 2001)andonly sketchthe algorithmhere: a
dag ª«�r��¬ �2­ � is aweightedgraphfor whichatopolog-
ical sortof its vertex set ¬ exists: all thevertexescanbe
enumeratedin linear order. For sucha weightedgraph,
the shortestpath from a singlesourcecanbe computed
in ®e��¯f¬T¯ � ¯ ­ ¯Z� time, where ¯f¬�¯ is the numberof ver-
texes and ¯ ­ ¯ numberof edgesin the graph. The dag
searchalgorithmrunsover all vertexes i in topological
order. Assuminganadjacency-list representationof the
dag, for eachvertex i , we loop over all successorver-
texes i�' , whereeachvertex i with its adjacency-list is
processedexactly once. During the search,we maintain
for eachvertex i ' an attribute U %�i ' ( , which is an upper
boundon theshortestpathcostfrom thesourcevertex �
to the vertex i�' . This shortestpathestimateis updated
or relaxedeachtime the vertex i�' occursin someadja-
cency list. Ignoring the pruning,the ] -Beamdecoding
algorithmin Table1 andthedagsearchalgorithmcanbe
comparedas follows: statescorrespondto dagvertexes
andstatetransitionscorrespondto dagedges.Usingtwo
loopsfor themulti-beamdecoderwhile generatingstates
in stagesis just a way of generatinga topologicalsortof
thesearchstateson thefly: a linearorderof searchstates
is generatedby appendingthe searchstatesin the state
lists ^ b , ^ 
 , etc. .
The analysisin termsof a dag shortestpath algorithm
canbeusedfor a simplecomplexity analysisof thepro-
posedalgorithms. Local statetransitionscorrespondto
an adjacency-list traversal in the dag searchalgorithm.
Theseinvolve costly lookup operations,e.g. language,
distortionandtranslationmodelprobabilitylookup.Typ-
ically thecomputationtime for updateoperationson lists^ is negligible comparedto theseprobability lookups.
So,thesearchalgorithmcomplexity is simply computed
as the numberof edgesin the searchgraph: ®e�<¯�¬l¯ �¯ ­ ¯��z°�®e��¯ ­ ¯�� (this analysisis implicit in (Tillmann,
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2001)). Without proof, for the searchalgorithmin Sec-
tion 2.1weobservethatthenumberof statesis finite and
that all the statesare actually reachablefrom the start
state iWb . This way for the single-word basedsearchin
(TillmannandNey, 2003),acomplexity of ®e�<¯�¬ � ¯ ± � s�² �³ ` � is shown, where ¯�¬ � ¯ is the size of the target vo-
cabulary and s is the lengthof the input sentence.The
complexity is dominatedby the exponentialnumberof
coveragevectorsO thatoccurin thesearch,andthecom-
plexity of phrase-baseddecodingis higheryet sinceits
hypothesesstoreasourceinterval % &�' � &Y( ratherthanasin-
gle sourceposition & . In the generalcase,no efficient
searchalgorithmexists to searchall word or phrasere-
orderings(Knight, 1999).Efficientsearchalgorithmscan
bederivedby therestrictingtheallowablecoveragevec-
tors(Tillmann,2001)to local word re-orderingonly. An
efficientphrasealignmentmethodthatdoesnotmakeuse
of re-orderingrestrictionis demonstratedin thefollowing
section.

4 Efficient Block Alignment Algorithm

A commonapproachto phrase-basedSMT is to learn
phrasaltranslationpairsfrom word-alignedtrainingdata
(Och and Ney, 2004). Here, a word alignment ´ is a
subsetof theCartesianproductof sourceandtargetposi-
tions: ´¶µ·gWq � �2�a� ��¸ j«¹{gWq � �2�a� �2s j�#
Here, ¸ is the targetsentencelengthand s is thesource
sentencelength. The phraselearningapproachin (Och
andNey, 2004)takestwo alignments:a source-to-target
alignment́ 
 anda target-to-sourcealignment́ ² . The
intersectionof thesetwo alignmentsis computedto ob-
tain a high-precisionword alignment.Here,we notethat
if the intersectioncoversall sourceand target positions
(as shown in Fig. 4), it constitutesa bijection between
sourceandtargetsentencepositions,sincethe intersect-
ing alignmentsarefunctionsaccordingto their definition
in (Brownetal.,1993)3. In thispaper, analgorithmicjus-
tification for restrictingblocksbasedonwordalignments
is given. We assumethat sourceandtargetsentenceare
given,andthetaskis to computethelowestscoringblock
alignment.Suchanalgorithmmightbeimportantin some
discriminative trainingprocedurethatrelieson decoding
thetrainingdataefficiently.
To restrict the block selectionbasedon word aligned
trainingdata,interval projectionfunctionsaredefinedas
follows 4: � is a sourceinterval and � is antarget inter-

3(Tillmann, 2003)reportsanintersectioncoverageof aboutº¨»
% for Arabic-Englishparallel data,and a coverageof ¼a½

% for Chinese-Englishdata. In the caseof uncompletecov-
erage,the currentalgorithm can be extendedas describedin
Section4.1.

4(Och and Ney, 2004) definesthe notion of consistency
for the setof phrasaltranslationsthat are learnedfrom word-

Figure3: Following the definition in Eq. 6, the left pic-
ture shows threeadmissibleblock links while the right
pictureshows threenon-admissibleblock links.

val. ¾W¿�À�& � ���Á� is thesetof targetpositionsÂ suchthatthe
alignmentpoint ��Â � &Ã� occursin thealignmentset́ and&
is coveredby thesourceinterval � . ¾W¿7À�& � ���Ä� is defined
accordingly. Formally, thedefinitionslook like this:

¾M¿7À�& � ���Á�Å� gcÂv¯W�ZÂ � &Æ�vÇp´ and&lÇz��j
¾M¿7À�& � ���l�Å� gc&�¯M�ZÂ � &Æ�vÇÈ´ andÂÉÇ���j

In orderto obtaina particularlysimpleblock alignment
algorithm, the allowed block links ��� � �l� are restricted
by anADMISSIBIL ITY restriction,whichis definedasfol-
lows:

��� � �Á� is admissibleiff (6)

¾M¿7À�& � ���l�vµh� and¾W¿7À�& � �����vµ��
Admissibility is relatedto thewordre-orderingproblem:
for thesourcepositionsin aninterval � andfor thetarget
positionsin aninterval � , all word re-orderinginvolving
thesepositionshasto takeplacewithin theblockdefined
by � and � . Without an underlyingalignment́ each
pair of sourceandtarget intervals would definea possi-
ble block link: the admissibility reducesthe numberof
block links drastically. Examplesof admissibleandnon-
admissibleblocksareshown in Fig. 3.

If thealignment́ is abijection,by definitioneachtar-
getposition Â is alignedto exactly onesourceposition &
andvice versaandsourceand target sentencehave the
samelength. Becauseof the admissibilitydefinition, a
target interval clumpingaloneis sufficient to determine
the sourceinterval clumping and the clump alignment.
In Fig. 4, a bijectionword alignmentfor a sentencepair
thatconsistsof s �rÊ sourceand ¸ �rÊ targetwordsis
shown, wherethe alignmentlinks that yield a bijection
are shown as solid dots. Four admissibleblock align-
mentsareshown aswell. An admissibleblockalignment
is always guaranteedto exist: the block that coversall
sourceandtargetpositionisadmissiblebydefinition.The
underlyingword alignmentandtheadmissibilityrestric-
tion play togetherto reducethe numberof block align-
ments: out of all eight possibletarget clumpings,only

alignedtrainingdatawhich is equivalent.
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Table 3: Efficient DP-basedblock alignmentalgorithm
usingan underlyingword alignment ´ . For simplicity
reasons,the block score � ����'�� is computedbasedon the
block identity � ' only.

input: Parallelsentencepair andalignment́ .

initialization: Ë���tÌ�R��t S Ë���Âa�R�hÍ S�Î ��Â � Â�'��R�nÍ S
for Â � Â�'c�hq � �a�2� ��¸ .

for eachÂÏ�hq � ³ � �2�a� ��¸ do

Ë���Âa�R�uÐTÑ�Ò
 � Î ��Â � Â ' � � ËT��Â ' � , where

Î �ZÂ � Â�'"��� � ���<'�� if block ��' resultsfrom admissible

block link ��� � �Á� , where�X�r% Â ' � q � Â�(
traceback:

- find bestendhypothesis:Ë�� ¸ �

Figure4: Four admissibleblock alignmentsin casethe
word alignmentintersectionis a bijection. The block
alignmentwhich covers the whole sentencepair with a
singleblock is not shown.

fiveyield segmentationswith admissibleblock links.
TheDP-basedalgorithmto computetheblock sequence
with thehighestscoreË��ZÂa� is shown in Table3. Here,the
following auxiliaryquantityis used:

ËT��Âa� := scoreof thebestpartialsegmentation
thatcoversthetargetinterval %fq � Â�( .

Target intervals areprocessedfrom bottomto top. A
target interval �Ó�Ô% Â ' � Â�( is projectedusing the word
alignment́ , whereagiventargetintervalmightnotyield
anadmissibleblock. For theinitialization,weset Ë���Âa�v�Í andthefinal scoreis obtainedas ËÖÕ 
 ��× } ��ËT� ¸ � . The
complexity of the algorithmis ØT� ¸ ² � wherethe time to
computethecost � ���<'�� andthetime to computetheinter-
val projectionsareignored.Usingthealignmentlinks ´ ,
the segmentationproblemis essentiallylinearized: the

Figure 5: An examplefor a block alignmentinvolving
a non-alignedcolumn. The right-mostalignmentis not
allowedby theclosurerestriction.

target clumping is generatedsequentiallyfrom bottom-
to-top andit inducessomesourceclumping in an order
which is definedby thewordalignment.

4.1 IncompleteBijection Coverage

In this section,an algorithm is sketchedthat works if
the intersectioncoverageis not complete. In this case,
a given target interval may produceseveral admissible
block links sinceit canbecoupledwith differentsource
intervalsto form admissibleblocklinks,e.g.in Fig.5, the
target interval % t � q�( is linkedto two sourceintervalsand
bothresultingblock links donotviolatetheadmissibility
restriction.Theminimumscoreblock translationcanbe
computedusingeither the one-beamor the multi-beam
algorithmpresentedearlier. Thesearchstatedefinitionin
Eq.2 is modifiedto keeptrackof thecurrenttargetposi-
tion Â the sameway asthe recursive quantity ËT��Âa� does
this in thealgorithmin Table3:

%�O ��QÙ� Â SVU (7# (7)

Additionally, acomplex blockhistory Q asdefinedin Sec-
tion 2 canbeused.Beforethesearchis carriedout,theset
of admissibleblock links for eachtarget interval is pre-
computedandstoredin a tablewherea simple look-up
for eachtarget interval % Â�' � Â�( is carriedout during align-
ment. The efficiency of the block alignmentalgorithm
dependson thealignmentintersectioncoverage.

5 Beam-Search Results

In this section,we presentresultsfor the beam-search
algorithmsintroducedin Section2. The MT03 Arabic-
EnglishNIST evaluationtestset consistingof ÚMÚMN sen-
tenceswith q�Ú ³ $�Û Arabic wordsis usedfor the experi-
ments.Translationresultsin termsof uncasedBLEU us-
ing Ê referencetranslationsarereportedin Table4 and
Table 5 for the single-beam( � -Beam) and the multi-
beam( ] -Beam) searchalgorithm. For all re-ordering
experiments,the notion of skips is used(Tillmann and
Ney, 2003)to restrictthephrasere-ordering:thenumber
of skipsrestrictsthenumberof holesin thecoveragevec-
tor for a left-to-right traversalof the input sentence.All
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Table4: Effect of the skip parameterfor the two search
strategies. Ü�_Ý� ³ # � � Ü<Þ��rqY# t andwindow width � �uÚ .

Skip BLEU CPU BLEU CPU� -Beam [secs] ] -Beam [secs]
0 ÊWtÃ#�$Éßàq�# Ê q�tMÛ ÊWtÃ# á�ßàq�# � qMq�Ú
1 ÊWÊÃ#�qÉßàq�# � $ ³ á ÊWÊÃ#�q�ßàq�# Ú ³ Ê � á
2 ÊWÊÃ# NÙßàq�# Ú ÊWÊMtMÛ ÊWÊÃ# Ê�ßàq�# Ú ÛMÊMN�$
3 ÊWÊÃ# NÙßàq�# Ú $�ÊMÚÌ$ ÊWÊÃ# � ßàq�# Ú q�tMtWÊMÛ

re-orderingtakesplacein a window of size � ��Ú , such
thatonly localblock re-orderingis handled.

The following block bigram scoring is used: a
block pair ��� S �<'"� with correspondingsource phrase
matches�<% & � &�'Z( � %�o � o�'�(�� is representedasa feature-vector ��� S � ' �âÇ ã ä . The feature-vector componentsare
the negative logarithm of someprobabilitiesas well as
a word-penalty feature. The real-valued featuresin-
clude the following: a block translationscorederived
from phraseoccurrencestatistics�	qM� , a trigramlanguage
modelto predicttargetwords � ³på NÌ� , a lexical weight-
ing scorefor the block internal words ��ÊÌ� , a distortion
model � �Ïå Ú�� aswell asthenegativetargetphraselength�<$W� . The transition cost is computedas � ��� � � ' �à�� � �Y ��� S ��'"� , where� Çæã ä is a weightvectorthatsums
up to qY# t : ä 
�� 
 � 
Ù�çq�# t . The weightsaretrainedus-
ing a proceduresimilar to (Och, 2003)on held-outtest
data. A block set of áÆ# � million blocks, which are not
filteredaccordingto any particulartestsetis used,which
hasbeengeneratedby a phrase-pairselectionalgorithm
similar to (Al-Onaizanet al., 2004). Thetrainingdatais
sentence-alignedconsistingof NÆ# N million training sen-
tencepairs.

Beam-searchresults are presentedin terms of two
pruning thresholds: the coveragepruning thresholdÜ Þ
and the cardinality pruning thresholdÜ _ (Tillmann and
Ney, 2003). To carryout thepruning,theminimumcost
with respectto eachcoverageset O andcardinality � are
computedfor a stateset ^ . For the coveragepruning,
statesare distinguishedaccordingto the subsetof cov-
eredpositions O . The minimum cost èËÏé���O�� is defined
as: èËÝé��ZO����àÐlÑ�ÒÆêëg U ¯Á% O �2Q-S�U (cÇ�^Áj . For thecardinality
pruning,statesaredistinguishedaccordingto the cardi-
nality � ��O�� of subsetsO of coveredpositions. The min-
imum cost èË é � � � is definedfor all hypotheseswith the
samecardinality � �ZO��R� � : èË é � � �R��ÐlÑfÒ ìí"î ì	ï�ð í èË é ��O�� .

Statesi in ^ areprunedif theshortestpathcost U ��i�� is
greaterthantheminimumcostplusthepruningthreshold:

U ��i��òñ Ü<Þ � èËÏé���O��
U ��i��òñ Ü�_ � èËÏé�� � �

Thesamestatesetpruningis usedfor the � -Beamand

Table5: Effect of the coveragepruningthresholdÜ<Þ on
BLEU andthe overall CPU time [secs]. To restrict the
overall searchspacethecardinalitypruningis setto Ü�_Ï�q�tÆ# t andthecardinalityhistogrampruningis setto

³M� tWt .
Ü Þ BLEU CPU BLEU CPU� -Beam [secs] ] -Beam [secs]
0.001 N�$Y# � ßàq�# Ê 106 ÊWtÃ# � ß¡qY# � 198
0.01 NWÛÃ# N�ßàq�# Ê 109 Ê�qY# t�ß¡qY# � 213
0.05 ÊWtÃ#�$�ßàq�# � 139 ÊWNÃ# ³ ß¡qY# Ú 301
0.1 Ê ³ # Ú�ßàq�# � 215 ÊWÊÃ# ³ ß¡qY# Ú 508
0.25 ÊWÊÃ#�q�ßàq�# Ú 1018 ÊWÊÃ# Ê�ß¡qY# Ú 1977
0.5 ÊWÊÃ# N�ßàq�# Ú 4527 ÊWÊÃ# Ê�ß¡qY# Ú 6289
1.0 ÊWÊÃ# N�ßàq�# Ú 6623 ÊWÊÃ# � ß¡qY# Ú 8092
2.5 ÊWÊÃ# N�ßàq�# Ú 6797 ÊWÊÃ# � ß¡qY# Ú 8187
5.0 ÊWÊÃ# N�ßàq�# Ú 6810 ÊWÊÃ# � ß¡qY# Ú 8191

the ] -Beamsearchalgorithms. Table4 shows the ef-
fect of theskip sizeon thetranslationperformance.The
pruningthresholdsaresetto conservatively largevalues:Ü _ � ³ # � and Ü Þ �óqY# t . Only if no block re-ordering
is allowed ( �¨oYÂ"¾¤�Xt ), performancedropssignificantly.
The � -Beamsearchis consistentlyfasterthan ] -Beam
searchalgorithm. Table5 demonstratesthe effect of the
coveragepruningthreshold.Here,a conservatively large
cardinality pruning thresholdof Ü�_u�ôq�tÃ# t and the so-
calledhistogram pruningto restrict the overall number
of statesin the beamto a maximum numberof

³M� tMt
are used to restrict the overall searchspace. The � -
Beamsearchalgorithmis consistentlyfasterthanthe ] -
Beamsearchalgorithmfor the samepruning threshold,
but performancein termsof BLEU scoredropssignifi-
cantlyfor lowercoveragepruningthresholdsÜ<Þ��àtÃ# � as
a smallerportionof theoverall searchspaceis searched
which leadsto searcherrors. For largerpruningthresh-
olds Ü Þ�õ tÆ# � , wherethe performanceof the two algo-
rithms in termsof BLEU scoreis nearly identical, the� -Beamalgorithmrunssignificantlyfaster. For a cover-
agethresholdof Ü Þ ��tÆ#Zq , the � -Beamalgorithmis as
fastasthe ] -Beamalgorithmat Ü<ÞÈ��tÃ# tÌq , but obtainsa
significantlyhigherBLEU scoreof Ê ³ # Ú versusÊÌq�# t for
the ] -Beamalgorithm.Theresultsin this sectionshow
thatthe � -Beamalgorithmgenerallyrunsfastersincethe
beamsearchpruning is appliedto all statessimultane-
ouslymakingmoreefficient useof thebeamsearchcon-
cept.

6 Discussion

The decodingalgorithm shown here is most similar to
thedecodingalgorithmspresentedin (Koehn,2004)and
(OchandNey, 2004),the laterbeingusedfor theAlign-
ment TemplateModel for SMT. Thesealgorithmsalso
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include an estimateof the path completioncost which
caneasilybe includedinto this work aswell ((Tillmann,
2001)). (Knight, 1999)shows thatthedecodingproblem
for SMT as well as somebilingual tiling problemsare
NP-complete,sono efficient algorithmexists in thegen-
eral case. But usingDP-basedoptimizationtechniques
and appropriaterestrictionsleadsto efficient DP-based
decodingalgorithmsasshown in thispaper.

Theefficientblockalignmentalgorithmin Section4 is
relatedto theinversiontransductiongrammarapproachto
bilingual parsingdescribedin (Wu, 1997): in bothcases
the numberof alignmentsis drasticallyreducedby in-
troducingappropriatere-orderingrestrictions. The list-
baseddecodingalgorithmscan also be comparedto an
Earley-styleparsingalgorithmthatprocesseslist of parse
statesin asingleleft-to-right runover theinputsentence.
For this algorithm,thecomparisonin termsof ashortest-
pathalgorithmis lessobvious: in the so-calledcomple-
tion steptheparserre-visitsstatesin previousstacks.But
it is interestingto notethatthereis no multiple lists vari-
ant of that parser. In phrase-baseddecoding,a multiple
list decoderis feasibleonly becauseexactphrasematches
occur. A block decodingalgorithmthatwould allow for
a ’fuzzy’ matchof sourcephrases,e.g.insertionsor dele-
tions of somesourcephrasewords are allowed, would
needto carryout its computationsusingtwo stackssince
thematchendof a block is unknown.
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