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Abstract

This paper presentsa series of efficient
dynamic-programmingDP) basedalgorithms
for phrase-baseddecoding and alignment
computationin statisticalmachinetranslation
(SMT). TheDP-basedlecodingalgorithmsare
analyzedin termsof shortestpath-findingal-
gorithms, where the similarity to DP-based
decodingalgorithmsin speechrecognitionis
demonstrated The papercontainsthe follow-
ing original contributions: 1) the DP-basedle-
codingalgorithmin (Tillmann andNey, 2003)
is extendedin a formal way to handlephrases
and a novel pruning stratgyy with increased
translationspeeds presente®) a novel align-
ment algorithm is presentedhat computesa
phrasealignmentefficiently in the casethat it
is consistentwith an underlying word align-
ment. Under certain restrictions, both algo-
rithms handleMT-relatedproblemsefficiently
thataregenerallyNP completg(Knight, 1999).

1 Intr oduction

This paperdealswith dynamicprogrammingbasedde-
codingandalignmentalgorithmsfor phrase-base§MT.

Dynamic Programmingbasedsearchalgorithmsare be-
ing usedin speechrecognition(Jelinek, 1998; Ney et
al., 1992) as well as in statistical machinetranslation
(Tillmann et al., 1997; Niessenet al., 1998; Tillmann

and Ney, 2003). Here, the decodingalgorithmsare de-
scribedas shortestpath finding algorithmsin regularly
structuredsearchgraphsor searchgrids. Undercertain
restrictions,e.g. startand end point restrictionsfor the
path, the shortestpath computedcorrespondgo a rec-
ognizedword sequenceor a generatedarget language
translation. In thesealgorithms,a shortest-pattsearch
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Figure 1: lllustration of a DP-basedalgorithmto solve

a traveling salesmarproblemwith 5 cities. The visited
citiescorrespondo processedourcepositions.

==

({13.1)

({1,2,3,4,5},4)

({1.23.4515) |

is carriedout in one passover someinput alonga spe-
cific 'direction’: in speectrecognitionthesearchs time-
synchronousthe single-word basedsearchalgorithmin
(Tillmann et al., 1997)is (source)position-synchronous
or left-to-right, the searchalgorithmin (Niessenet al.,
1998)is (target) position-synchronousr bottom-to-top,
andthe searchalgorithmin (Tillmann andNey, 2003)is
so-calledcardinality-synchronous.

Taking into accountthe differentword order between
sourceandtargetlanguagesentencest becomesessob-
viousthata SMT searchalgorithmcanbe describedasa
shortespathfinding algorithm. But this hasbeenshavn
by linking decodingto a dynamic-programmingolution
for the traveling salesmarproblem. 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-mostto the
right-mostvertex correspondo a translationof the in-
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putsentencewhereeachsourcepositionis processeex-
actly once. In this paper the DP-basedearchalgorithm
in (Tillmann andNey, 2003)is extendedn a formal way
to handlephrase-basetranslation. Two versionsof a
phrase-basedecoderfor SMT that searchslightly dif-
ferentsearctgraphsarepresenteda multi-beamdecoder
reportedn theliteratureanda single-beandecodemwith
increasedranslationspeedt. A commonanalysisof all
the searchalgorithmsabove in termsof a shortest-path
finding algorithm for a directedagyclic graph (dag) is
presented.This analysisprovidesa simpleway of ana-
lyzing the complexity of DP-basedearchalgorithm.

Generally the regular searchspacecan only be fully
searchedor smallsearchgridsunderappropriateestric-
tions, i.e. the monotonicityrestrictionsin (Tillmann et
al., 1997)or theinvertedsearchgraphin (Niesseretal.,
1998). For larger searchspacesasarerequiredfor con-
tinuousspeechecognition(Ney etal., 1992)? or phrase-
baseddecodingn SMT, the searctspacecannotbefully
searched:suitably definedlists of path hypothesisare
maintainedthat partially explore the searchspace. The
numberof hypotheseslependdocally onthe numberhy-
pothesesvhosescoreis closeto thetop scoringhypothe-
sis: this setof hypothesess calledthebeam.

The translationmodel usedin 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 shavsanArabic-
Englishtranslationexamplethat uses5 blocks. During
decoding,we view translationas a block segmentation
processwherethe input sentencés segmentedrom left
to right andthetargetsentencés generatedrom bottom
to top, oneblock at atime. In practice,a largely mono-
toneblock sequencés generatedxceptfor the possibil-
ity to swap someneighborblocks. During decodingwe
try to minimizethe scores,, (b7) of ablock sequencé?
undertherestrictionthatthe concatenatedourcephrases
of the blocksb; yield a sggmentationof the input sen-
tence:

n

Z C(bifl, bz) = Z’LUT 'f(bifla bL) (1)
i=1

i=1

Sw (b?)

Here, f(b;—1,b;) is 7-dimensionalfeature vector with
real-valuedfeaturesand w is the correspondingveight
vectoras describedn Section5. The fact that a given
block coverssomesourcenterval [j/, j] isimplicit in this
notation.

1 Themulti-beamdecodeis similarto thedecodepresented
in (Koehn,2004)which is a standarcddecoderusedin phrase-
basedSMT. A multi-beamdecodeiis alsousedin (Al-Onaizan
etal.,2004)and(Bergeretal., 1996).

2In thatwork, thereis adistinctionbetweernwithin-word and
between-wrd search,which is not relevant for phrase-based
decodingwhereonly exactphrasenatchesaresearched.
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Figure2: An Arabic-Englishblock translationexample,
wherethe Arabic wordsareromanized A sequencef 5
blocksis generated.

This paperis structuredas follows: Section?2 intro-
ducesthe multi-beamandthe single-beanDP-basedle-
coders. Section3 presentsan analysisof all the graph-
basedshortest-pattinding algorithm mentionedabove:
a searchalgorithm for a directedacyclic graph (dag).
Section4 shaws anefficient phrasalalignmentalgorithm
thatgivesanalgorithmicjustificationfor learningblocks
from word-alignedtraining. Finally, Section5 presents
anevaluationof the beam-searctecodersn anArabic-
Englishdecodingtask.

2 Beam-Seach DecodingAlgorithms

In this sectionwe introducetwo beam-searchlgorithms
for SMT: a multi-beamalgorithmandsingle-beanalgo-
rithm. Themulti-beamsearchalgorithmis presentedirst,
sinceit is conceptuallysimpler

2.1 Multi-Beam Decoder

For the multi-beamdecodemakes use of searchstates
thatare3-tuplesof thefollowing type:
[C, h;d]. )
h is thestatehistory, thatdepend®ntheblock generation
model.In our caseh = ([, '], [u, v]), where([j, j']) is
theinterval wherethe mostrecentblock matchedhein-
put sentenceand [u, v] arethe final two targetwords of
thepartialtranslatiorproducedhusfar. C is theso-called
coveragevectorthatensureshataconsistenblockalign-
mentis obtainedduring decodingandthat the decoding



Table 1: Multi-beam (M -Beam) decodingalgorithm,
whichis similarto (Koehn,2004). Thedecodergliffer in

their pruningstrateyy: here,eachstatelist I'.. is pruned
only once, whereaghe decodeiin (Koehn,2004)prunes
a statelist everytime a new hypothesiss entered.

input: sourcesentencevith words f1,---, f
[p:={op}andl’y :=0for k=1,---,J
for eachc=0,1,---,.Jdo
PrunestatesetI’,
for eachstates in T, do
matcher: foreacho’ : 0 — 1 o/
updateo’ for I' .y (o)
end
end

output: translationfrom lowestcoststatein I ;

canbecarriedoutefficiently. It keepgrackof thealready
processednput sentencepositions. d is the costof the

shortestpath (distance)from someinitial statec, to the

currentstates. The baselinedecodemaintains/ + 1

statelists with entriesof the above type, whereJ is the

numberof input words. The statesare storedin lists or

stacksthat supportlookup operationgo checkwhethera

given statetupleis alreadypresentn a list andwhat its

scored is.

The useof a coveragevector(C is relatedto a DP-based
solutionfor thetraveling salesmarproblemasillustrated
in Fig. 1. The algorithm keepstrack of setsof visited

citiesalongwith theidentity of thelastvisitedcity. Cities

correspondo sourcesentencepositions;. The vertexes
in this graphcorrespondo setof alreadyvisited cities.

Sincethetraveling salesmamproblem(andalsothetrans-
lation model) usesonly local costs,the orderin which

the sourcepositionshave beenprocessedanbeignored.
Conceptually the re-orderingproblemis linearized by

searchinga paththroughthesetinclusiongraphin Fig. 1.

Phrase-basedecodingis handleby an almostidentical
algorithm: the last visited position j is replacedby an

interval [57, 7).

The statesare storedin lists or stacksthat support
lookup operationgo checkwhethera givenstatetupleis
alreadypresentn alist andwhatits scored is. Extending
the partial block translationthatis representety a state
o with a singleblock &’ generates new states’. Here,
[k, k'] is the sourceinterval whereblock &’ matcheshe
input sentenceThe statetransitionis definedasfollows:

[C., h;d] c", n';d]. (3)

The ¢’ statefields are updatedon a component-by-
componenbasis.C’ = C U [k, k] is the coveragevec-
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Table2: Single-bean{S-Beam) decodingalgorithm(re-
latedto (LowerreandReddy 1980)).

input: sourcesentencavith words fy,---, f
I:= {O’Q}
for eachc =0,1,---,J do

I = {0}

for eachstates in I" do
if CLOSED?(o) then
matcher:  foreacho’ : 0 — s o’
else
scanner: forsingles’ : 0 —g o’
update ¢’ for I
end
PrunestatesetI”
SwapT', I
end
end

output: translationfrom lowestcoststatein I"

tor obtainedby addingall the positionsfrom the inter-
val [k, k']. The new statehistory is definedash’ =
([k, k'], [u’,']) wherew’ and v’ are the final two tar-
get words of the target phraseT” of . Somespecial
casesg.g. whereT” haslessthantwo targetwords, are
takeninto account.The pathcostd’ is computedasd’ =
d+ d(o, o), wherethetransitioncostd(o, o’) := ¢(b, V)
is computedrom the history » andthe matchingblock ¢’
asdefinedin Section5.

Thedecodeiin Tablel fills J + 1 statesetsI'y, : k =
{0,---, J}. All thecoveragevector<C for statesn theset
I';, cover the samenumberof sourcepositionsk. When
a statesetl’;, is processedthe decodehasfinishedpro-
cessingall statesn the setsl’; wherel < k. Beforeex-
pandingastateset,thedecodeprunesastatesetbasecn
its coveragevectorandthe pathcostsonly: two different
pruning strat@iesare usedthat have beenintroducedin
(Tillmann andNey, 2003): 1) coveragepruning prunes
statesthat sharethe samecoveragevectorC, 2) cardi-
nality pruning prunesstatesaccordingto the cardinal-
ity ¢(C) of coveredpositions: all statesin the beamare
comparedwith eachother Sincethe statesare keptin
J + 1 separatdists, which are prunedindependentlyof
eachothers,this decoderversionis called multi-beam
decoder Thedecodeusesa matcher functionwhenex-
pandingastate:for astateo it looksfor uncoveredsource
positionsto find sourcephrasematchedor blocks. Up-
dating a statein Table1 includesaddingthe stateif it is
notyet presenor updatingits shortespathcostd: if the



stateis alreadyin I'.. only the statewith the lower path
costd is kept. This inserting/updatingperationis also
called recombination or relaxation in the context of a
dagsearchalgorithm(cf. Section3). The update proce-
durealsostoresfor eachstates’ its predecessatatein a
so-calledback-pointerarray(Ney etal., 1992). Thefinal
block alignmentandtarget translationcan be recovered
from this back-pointerarray oncethe final statesetI";
hasbeencomputed.i(c’) is the sourcephraselength of
the matchingblock & whengoingfrom o to ¢’. Thisal-
gorithmis similarto thebeam-searchlgorithmpresented
in (Koehn,2004): it allows statesto be addedto a stack
thatis notthestackfor thesuccessocardinality o is the
initial decodesstate whereno sourcepositionis covered:
C = (. Forthefinal statesin I'; all sourcepositionsare
covered.

2.2 Single-Beamimplementation

Thesecondmplementatiorusegwo liststo keepasingle
beamof active statesThis correspond$o abeam-search
decoderin speechrecognition, where path hypotheses
correspondingo word sequenceareprocesseth atime-
synchronousvay andat a giventime steponly hypothe-
seswithin somepercentageof the besthypothesisare
kept (Lowerre and Reddy 1980). The single-beande-
coderprocessefiypothesegardinality-synchronously,
i.e. the statesat stagek generatenew statesat position
k + 1. In orderto make the useof asinglebeampossible,
we slightly modify the statetransitionsin Eq. 3:

[C.,1,h;d ', U, h;d,
C. . h;d c'. U=k, K;d.

(4)
(®)

Here,Eq.5 correspondso thematcheefinitionin Eq. 3.
We addan additionalfield thatis a pointerkeepingtrack
of how muchof therecentsourcephrasematchhasbeen
covered. In Eq. 5, whena block is matchedo theinput
sentencethis pointeris setto positionk wherethe most
recentblock matchstarts.We usea dot - to indicatethat
when a block is matched,the matchingposition of the
predecessostatecanbeignored. While the pointer! is
not yet equalto the endpositionof the matchk’, it is in-
creased’ := [ + 1 asshavn in Eqg. 4. The pathcostd
isset:d = d + A, whereA is the statetransitioncost
d(c,c") divided by the sourcephraseengthof block v':
we evenly spreadhecostof generating’ overall source
positionsbeing matched. The new coveragevector C’
is obtainedfrom C by adding the scannedposition I’
C" = CuU{l'}. Thealgorithmthatmakesuseof theabove
definitionsis shovn in Table2. The statesare storedin
only two statesetsI" andT”: T' containsthe mostprob-
able hypotheseshatwerekeptin the last beampruning
stepall of which cover k sourcepositions.I' containsall
thehypothesem thecurrentbeamthatcover k+1 source
positions. The single-beandecodelin Table2 usestwo

S
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proceduresthe scannerandthe matcher correspondo
thestatetransitionsn Eq.4 andEq.5. Here,thematcher
simply matchesa block to an uncoveredportion of the
input sentence After the matcherhasmatcheda block,
thatblockis processedh a cardinality-synchronousay
using the scannerprocedureas describedabore. The
predicateCLOSED?(0) is usedto switchbetweermatch-
ing and scanningstates. The predicateCLOSED? (o) is
true if the pointer! is equalto the matchend position
k" (this is storedin A’). At this point, the position-by-
positionmatchof the sourcephrases completecandwe
cansearchor additionalblock matches.

3 DP ShortestPath Algorithm for dag

This sectionanalyzeghe relationshipbetweerthe block
decodingalgorithmsin this paperand a single-source
shortestpath finding algorithm for a directed agyclic
graphg(dag). We closelyfollow the presentatiorn (Cor-
menet al., 2001) and only sketchthe algorithmhere: a
dagG = (V, E) is aweightedgraphfor which atopolog-
ical sortof its vertex setV exists: all the vertexescanbe
enumeratedn linear order For sucha weightedgraph,
the shortestpath from a single sourcecan be computed
in O(|V| + |E|) time, where|V| is the numberof ver-
texesand | E| numberof edgesin the graph. The dag
searchalgorithmrunsover all vertexeso in topological
order Assuminganadjacency-listrepresentationf the
dag, for eachvertex o, we loop over all successower-
texeso’, whereeachvertex o with its adjaceng-list is
processeaxactly once. During the searchwe maintain
for eachvertex ¢’ an attribute d[o’], which is an upper
boundon the shortestpathcostfrom the sourcevertex s
to the vertex ¢’. This shortestpath estimateis updated
or relaxedeachtime the vertex ¢’ occursin someadja-
ceng list. Ignoringthe pruning,the M-Beamdecoding
algorithmin Table1 andthe dagsearchalgorithmcanbe
comparedasfollows: statescorrespondo dagvertexes
andstatetransitionscorrespondo dagedges.Usingtwo
loopsfor the multi-beamdecodemwhile generatingstates
in stageds justaway of generatinga topologicalsort of
thesearchstatesonthefly: alinearorderof searctstates
is generatedy appendingthe searchstatesin the state
listsT'g, I'1, etc..

The analysisin termsof a dag shortestpath algorithm
canbe usedfor a simplecompleity analysisof the pro-
posedalgorithms. Local statetransitionscorrespondo
an adjaceng-list traversalin the dag searchalgorithm.
Theseinvolve costly lookup operationse.g. language,
distortionandtranslatiormodelprobabilitylookup. Typ-
ically the computatiortime for updateoperationon lists
I" is nggligible comparedto theseprobability lookups.
So, the searchalgorithmcompleity is simply computed
asthe numberof edgesin the searchgraph: O(|V| +
|E|) ~ O(|E]|) (this analysisis implicit in (Tillmann,



2001)). Without proof, for the searchalgorithmin Sec-
tion 2.1we obsere thatthe numberof stateds finite and
that all the statesare actually reachablefrom the start
stateogy. This way for the single-word basedsearchin
(Tillmann andNey, 2003),acompleity of O(|Vz|? - J? -
27) is shawvn, where |V | is the size of the target vo-
cahulary and J is the length of the input sentence.The
compleity is dominatedby the exponentialnumberof
coveragevectorsC thatoccurin the searchandthecom-
plexity of phrase-basedecodingis higheryet sinceits
hypothesestoreasourceinterval [, j] ratherthanasin-
gle sourceposition j. In the generalcase,no efficient
searchalgorithm exists to searchall word or phrasere-
orderinggKnight, 1999). Efficient searchalgorithmscan
be derivedby therestrictingthe allowable coveragevec-
tors (Tillmann, 2001)to local word re-orderingonly. An
efficientphrasalignmentmethodthatdoesnot make use
of re-orderingestrictionis demonstrateth thefollowing
section.

4 Efficient Block Alignment Algorithm

A commonapproachto phrase-base®MT is to learn
phrasalranslationpairsfrom word-alignedtraining data
(Och and Ney, 2004). Here, a word alignmentA is a
subsebf the Cartesiarproductof sourceandtargetposi-
tions:

A - {17*1} X {17*‘]}

Here, I is thetargetsentencdengthand.J is the source
sentencdength. The phraselearningapproachin (Och
andNey, 2004)takestwo alignments:a source-to-taget
alignmentA; anda target-to-sourcalignmentA;. The
intersectionof thesetwo alignmentsis computedto ob-

tain a high-precisionword alignment.Here,we notethat
if the intersectioncoversall sourceand target positions
(asshavn in Fig. 4), it constitutesa bijection between
sourceandtarget sentencepositions,sincethe intersect-
ing alignmentsarefunctionsaccordingto their definition
in (Brown etal.,1993)3. In this paperanalgorithmicjus-

tification for restrictingblocksbasednword alignments
is given. We assumehat sourceandtarget sentencere
given,andthetaskis to computethelowestscoringblock
alignment.Suchanalgorithmmightbeimportantin some
discriminatie training procedurethatrelieson decoding
thetraining dataefficiently.

To restrict the block selectionbasedon word aligned
training data,interval projectionfunctionsaredefinedas
follows #: S is a sourceinterval andT is antargetinter-

3(Tillmann, 2003)reportsanintersectiorcoverageof about
65 % for Arabic-Englishparallel data,and a coverageof 40
% for Chinese-Englistdata. In the caseof uncompletecov-
erage,the currentalgorithm can be extendedas describedin
Sectior4.1.

4(Och and Ney, 2004) definesthe notion of consisteng
for the setof phrasaltranslationghat are learnedfrom word-
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Figure 3: Following the definitionin Eq. 6, the left pic-
ture shavs threeadmissible block links while the right
pictureshows threenon-admissibleblock links.

val. proj(S) is thesetof targetpositions: suchthatthe
alignmentpoint (¢, j) occursin thealignmentset.4 and;
is coveredby the sourceintenal S. projg(T) is defined
accordingly Formally, the definitionslook lik e this:

{i](i,j) e Aandj € S}
{jl(i,j) € Aandie T}

projr(S)

projs(T) =
In orderto obtaina particularly simpleblock alignment
algorithm, the allowed block links (.S, T") are restricted
by anADMISSIBILITY restrictionwhichis definedasfol-
lows:

(T, S) is admissibleff
projg(T) C S andproj(S) C T

(6)

Admissibility is relatedto theword re-orderingproblem:
for thesourcepositionsin aninterval S andfor thetarget
positionsin aninterval T', all word re-orderinginvolving
thesepositionshasto take placewithin theblock defined
by S andT. Without an underlyingalignment.4 each
pair of sourceandtargetintervals would definea possi-
ble block link: the admissibility reducesthe numberof
block links drastically Examplesof admissibleandnon-
admissibleblocksareshavnin Fig. 3.

If thealignmentA is abijection,by definitioneachtar-
getposition: is alignedto exactly one sourceposition j
and vice versaand sourceand target sentenceéhave the
samelength. Becauseof the admissibility definition, a
targetinterval clumping aloneis sufficient to determine
the sourceinterval clumping and the clump alignment.
In Fig. 4, a bijectionword alignmentfor a sentencepair
thatconsistsof J = 4 sourceand/ = 4 targetwordsis
shawvn, wherethe alignmentlinks thatyield a bijection
are shavn as solid dots. Four admissibleblock align-
mentsareshavn aswell. An admissibleblock alignment
is always guaranteedo exist: the block that coversall
sourceandtargetpositionis admissibleby definition. The
underlyingword alignmentandthe admissibility restric-
tion play togetherto reducethe numberof block align-
ments: out of all eight possibletarget clumpings,only

alignedtrainingdatawhichis equialent.



Table 3: Efficient DP-basedlock alignmentalgorithm
using an underlyingword alignment.A. For simplicity
reasonsthe block scorec(b’) is computedbasedon the
blockidentity b’ only.

input: Parallelsentenceair andalignmentA.
initialization: Q(0) = 0; Q(¢) = oo; (i,1") = oo;
fori,i’ =1,---,1.
foreachi =1,2,--.,1do
Q@) = Hgn'y(i, i') + Q(i'), where
~(i,4") = ¢(b’) if blockd’ resultsfrom admissible
blocklink (T, S), whereT = [i' + 1,1]
traceback:
- find bestendhypothesisQ (1)
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Figure4: Four admissibleblock alignmentsin casethe
word alignmentintersectionis a bijection. The block
alignmentwhich coversthe whole sentencepair with a
singleblockis not shawn.

five yield sgmentationsvith admissibleblock links.

The DP-basedhlgorithmto computethe block sequence
with thehighestscoreQ(7) is shavnin Table3. Here,the
following auxiliary quantityis used:

Qi) =

scoreof the bestpartial sggmentation
thatcoversthetamgetintenval [1, i].

Targetintervals are processedrom bottomto top. A
targetinterval T = [i’,4] is projectedusing the word
alignmentA, whereagiventargetinterval mightnotyield
anadmissibleblock. For theinitialization, we setQ (i) =
oo andthefinal scoreis obtainedasQ pina = Q(I). The
compleity of the algorithmis O(7?) wherethe time to
computethe coste(b’) andthetime to computetheinter
val projectionsareignored.Usingthealignmentinks A,
the segmentationproblemis essentiallylinearized: the
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Figure5: An examplefor a block alignmentinvolving
a non-alignedcolumn. The right-mostalignmentis not

allowedby the closurerestriction.

target clumping is generatedsequentiallyfrom bottom-
to-top andit inducessomesourceclumpingin anorder
whichis definedby theword alignment.

4.1 Incomplete Bijection 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 canbe coupledwith differentsource
intervalsto form admissibléblocklinks, e.g.in Fig. 5, the
targetinterval [0, 1] is linkedto two sourceintervalsand
bothresultingblock links do notviolatethe admissibility
restriction. The minimum scoreblock translationcanbe
computedusing either the one-beanor the multi-beam
algorithmpresentecaarlier The searctstatedefinitionin
Eq. 2 is modifiedto keeptrack of the currenttargetposi-
tion ¢ the sameway asthe recursve quantity () does
thisin thealgorithmin Table3:
[C,h,isd]. (7)
Additionally, acomple«blockhistoryh asdefinedn Sec-
tion 2 canbeused.Beforethesearclis carriedout, theset
of admissibleblock links for eachtargetintenal is pre-
computedand storedin a table wherea simplelook-up
for eachtargetinterval [i', ] is carriedout during align-
ment. The efficiency of the block alignmentalgorithm
depend®nthealignmentintersectiorcoverage.

5 Beam-Seach Results

In this section,we presentresultsfor the beam-search
algorithmsintroducedin Section2. The MT03 Arabic-
EnglishNIST evaluationtestset consistingof 663 sen-
tenceswith 16 278 Arabic wordsis usedfor the experi-
ments.Translatiorresultsin termsof uncase®LEU us-
ing 4 referencetranslationsarereportedin Table 4 and
Table 5 for the single-beam(S-Beam) and the multi-
beam(M-Beam) searchalgorithm. For all re-ordering
experiments,the notion of skipsis used(Tillmann and
Ney, 2003)to restrictthe phrasere-ordering:the number
of skipsrestrictsthenumberof holesin thecoveragevec-
tor for a left-to-right traversalof the input sentence All



Table4: Effect of the skip parametefor the two search
stratgies.t. = 2.5, t¢ = 1.0 andwindow width w = 6.

Table5: Effect of the coveragepruningthresholdt: on
BLEU andthe overall CPU time [secs]. To restrictthe
overall searchspacethe cardinalitypruningis setto ¢, =

Skip BLEU CPU BLEU CPU 10.0 andthe cardinalityhistogranpruningis setto 2500.
S-Beam | [secs]|| M-Beam | [secs]

0 40.7+1.4 | 108 || 40.9+1.5| 116 te BLEU CPU BLEU CPU
1 44.1+1.5 | 729 | 44.1+1.6 | 2459 S-Beam | [secs]| M-Beam | [secs]

2 44.3+ 1.6 | 4408 || 44.4+ 1.6 | 8437 0.001| 37.5+1.4 | 106 | 40.5+1.5 198

3 44.3+ 1.6 | 7467 || 44.5+£ 1.6 | 10048 0.01 [383+14| 109 | 41.0+1.5 | 213

0.05 | 40.7x1.5 139 || 43.24+1.6 | 301

_ , , _ 01 [426=+15]| 215 |[442+1.6 | 508
re-orderingtakesplacein awindow of sizew = 6, such 025 | 441+16 1 1018 | 44416 | 1977
thatonly Iocal_blockre—ordgrmgs handled.. 05 1131161 4527 | 44416 | 6289
The fo_llowmg/] blqck bigram scoring is used: a 10 1131161 6623 | 44516 | 8092
block pair (i), b) vl\nth correspondingsource phrase 55 1131161 6797 445116 | 8187
matcheq[j, j'], [k, k']) is representedsa feature-ector 50 11351161 6810 445116 | 8191

f(b;¥') € R”. The feature-ector componentsare
the negative logarithm of someprobabilitiesas well as
a word-penaltyfeature. The real-valued featuresin-

clude the following: a block translationscorederived

from phraseoccurrencestatistics(1), atrigramlanguage
modelto predicttargetwords (2 — 3), a lexical weight-

ing scorefor the block internal words (4), a distortion
model(5 — 6) aswell asthe negative targetphrasdength
(7). The transitioncostis computedasc(b , V') =

wT - f(b; V'), wherew € R” is aweightvectorthatsums
upto 1.0: Zzzlwi = 1.0. Theweightsaretrainedus-

ing a proceduresimilar to (Och, 2003) on held-outtest
data. A block setof 9.5 million blocks, which are not

filteredaccordingto ary particulartestsetis usedwhich

hasbeengeneratedy a phrase-paiselectionalgorithm
similarto (Al-Onaizanetal., 2004). The training datais

sentence-alignedonsistingof 3.3 million training sen-
tencepairs.

Beam-searchresults are presentedin terms of two
pruning thresholds: the coveragepruning threshold¢,
and the cardinality pruning thresholdt. (Tillmann and
Ney, 2003). To carry out the pruning,the minimum cost
with respecto eachcoveragesetC andcardinalityc are
computedfor a statesetI’. For the coveragepruning,
statesare distinguishedaccordingto the subsetof cov-
eredpositionsC. The minimum costQr(C) is defined
asQr(C) = ming{d| [C, h;d] € T'}. For thecardinality
pruning, statesare distinguishedaccordingto the cardi-
nality ¢(C) of subset< of coveredpositions. The min-
imum costQr(c) is definedfor all hypothesesvith the
samecardinalityc(C) = ¢: Qr(c) = min_ e Qr(0).

Statess in T" areprunedf theshortespathcostd(o) is
greatethantheminimumcostplusthepruningthreshold:

d(o) > te+Qr(C)
d(o) > te+Qr(c)

Thesamestatesetpruningis usedfor the S-Beamand
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the M-Beamsearchalgorithms. Table 4 shaws the ef-
fect of the skip sizeon the translationperformance The
pruningthresholdsaresetto conseratively large values:
t. = 2.5 andtc = 1.0. Only if no block re-ordering
is allowed (skip = 0), performancedropssignificantly
The S-Beamsearchis consistentlyfasterthan M/-Beam
searchalgorithm. Table5 demonstratethe effect of the
coveragepruningthreshold.Here,a conseratively large
cardinality pruning thresholdof ¢, = 10.0 andthe so-
called histogram pruningto restrictthe overall number
of statesin the beamto a maximum numberof 2500
are usedto restrict the overall searchspace. The S-
Beamsearchalgorithmis consistentlyffasterthanthe M -
Beamsearchalgorithmfor the samepruningthreshold,
but performancdn termsof BLEU scoredropssignifi-
cantlyfor lower coveragepruningthresholdg¢ < 0.5 as
a smallerportion of the overall searchspaceis searched
which leadsto searcherrors. For larger pruningthresh-
oldstes > 0.5, wherethe performanceof the two algo-
rithms in termsof BLEU scoreis nearly identical, the
S-Beamalgorithmrunssignificantlyfaster For a cover-
agethresholdof ¢t = 0.1, the S-Beamalgorithmis as
fastasthe M -Beamalgorithmatt. = 0.01, but obtainsa
significantlyhigherBLEU scoreof 42.6 versus41.0 for
the M-Beamalgorithm. Theresultsin this sectionshov
thatthe S-Beamalgorithmgenerallyrunsfastersincethe
beamsearchpruning is appliedto all statessimultane-
ously makingmoreefficient useof the beamsearchcon-
cept.

6 Discussion

The decodingalgorithm shovn hereis most similar to
the decodingalgorithmspresentedn (Koehn,2004)and
(OchandNey, 2004),the later beingusedfor the Align-
ment TemplateModel for SMT. Thesealgorithmsalso



include an estimateof the path completioncost which
caneasilybeincludedinto this work aswell ((Tillmann,
2001)). (Knight, 1999)shows thatthe decodingproblem
for SMT aswell as somebilingual tiling problemsare
NP-completesono efficient algorithmexistsin the gen-
eral case. But using DP-basedoptimizationtechniques
and appropriaterestrictionsleadsto efficient DP-based
decodingalgorithmsasshawn in this paper

Theefficientblock alignmentalgorithmin Sectiord is
relatedo theinversiontransductiogrammarmapproacho
bilingual parsingdescribedn (Wu, 1997):in both cases
the numberof alignmentsis drasticallyreducedby in-
troducingappropriatere-orderingrestrictions. The list-
baseddecodingalgorithmscan also be comparedo an
Earley-style parsingalgorithmthatprocessesst of parse
statesn asingleleft-to-rightrun overtheinputsentence.
For this algorithm,thecomparisonn termsof a shortest-
pathalgorithmis lessobvious: in the so-calledcomple-
tion stepthe parserre-visitsstatesn previousstacks.But
it is interestingto notethatthereis no multiple lists vari-
antof that parser In phrase-basedecoding,a multiple
list decodeis feasibleonly becausexactphrasematches
occut A block decodingalgorithmthatwould allow for
a’fuzzy’ matchof sourcephrasese.g.insertionsor dele-
tions of somesourcephrasewords are allowed, would
needto carryoutits computationsisingtwo stackssince
thematchendof ablockis unknavn.
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