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Abstract

We presentimprovementsto a greedydecod-
ing algorithmfor statisticalmachinetranslation
that reduceits time complexity from at least
cubic (

���������

when appliednä�vely) to prac-
tically linear time1 without sacri�cing trans-
lation quality. We achieve this by integrat-
ing hypothesisevaluationinto hypothesiscre-
ation, tiling improvementsover the translation
hypothesisat the endof eachsearchiteration,
andby imposingrestrictionson theamountof
word reorderingduringdecoding.

1 Intr oduction

Mostof thecurrentwork in statisticalmachinetranslation
builds onword replacementmodelsdevelopedat IBM in
theearly1990s(Brown et al., 1990,1993;Bergeret al.,
1994, 1996). Basedon the conventionsestablishedin
Brown etal. (1993),thesemodelsarecommonlyreferred
to asthe(IBM) Models1-5.

Oneof the big challengesin building actualMT sys-
temswithin this framework is that of decoding: �nding
thetranslationcandidate	 thatmaximizesthetranslation
probability 


�

	�� 


�

for the given input 
 . Knight (1999)
hasshown theproblemto beNP-complete.

Due to the complexity of the task,practicalMT sys-
tems usually do not employ optimal decoders(that is,
decodersthat areguaranteedto �nd an optimal solution
within theconstraintsof theframework), but rely on ap-
proximativealgorithmsinstead.Empiricalevidencesug-
geststhat suchalgorithmscan perform resonablywell.
For example,Berger et al. (1994),attribute only 5% of
thetranslationerrorsof theirCandidesystem,whichuses

1Technically, the complexity is still ��������� . However, the
quadraticcomponenthassucha small coef�cient that it does
not have any noticableeffect on the translationspeedfor all
reasonableinputs.

arestrictedstacksearch,to searcherrors.Usingthesame
evaluationmetric (but different evaluationdata),Wang
andWaibel (1997)reportsearcherror ratesof 7.9%and
9.3%,respectively, for their decoders.

Ochet al. (2001)andGermannet al. (2001)both im-
plementedoptimal decodersandbenchmarked approxi-
mative algorithmsagainstthem. Och et al. reportword
errorratesof 68.68%for optimalsearch(basedonavari-
ant of the A* algorithm), and 69.65%for the most re-
strictedversionof a decoderthatcombinesdynamicpro-
grammingwith abeamsearch(TillmannandNey, 2000).

Germannet al. (2001)comparetranslationsobtained
by a multi-stackdecoderanda greedyhill-climbing al-
gorithm againstthoseproducedby an optimal integer
programmingdecoderthat treatsdecodingas a variant
of the traveling-salesmanproblem (cf. Knight, 1999).
Their overall performancemetric is the sentenceerror
rate(SER).For decodingwith IBM Model 3, they report
SERsof about57%(6-wordsentences)and76%(8-word
sentences)for optimaldecoding,58%and75%for stack
decoding,and60%and75%for greedydecoding,which
is thefocusof this paper.

All thesenumberssuggestthat approximative algo-
rithmsarea feasiblechoicefor practicalapplications.

Thepurposeof thispaperis to describespeedimprove-
mentsto thegreedydecodermentionedabove. While ac-
ceptablyfastfor thekind of evaluationusedin Germann
et al. (2001), namelysentencesof up to 20 words, its
speedbecomesan issuefor more realisticapplications.
Brute force translationof the 100 shortnews articlesin
Chinesefrom the TIDES MT evaluation in June2002
(878 segments;ca. 25k tokens) requires,without any
of the improvementsdescribedin this paper, over 440
CPUhours,usingthesimpler, “f aster”algorithm ��� (de-
scribedbelow). We will show that this time canbe re-
ducedto ca. 40 minuteswithout sacri�cing translation
quality.

In thefollowing, we �rst describetheunderlyingIBM



initial string: I do not understand the logic of these people .

pick fertilities: I notnotunderstand the logic of these people .

replacewords: Je ne pas comprends la logique de ces gens .

reorder: Je ne comprendspas la logique de ces gens .

insertspuriouswords: Je ne comprendspas la logique de ces gens -l �a .

Figure1: How theIBM modelsmodelthetranslationprocess.This is a hypotheticalexampleandnot takenfrom any
actualtrainingor decodinglogs.

model(s)of machinetranslation(Section2) andour hill-
climbing algorithm(Section3). In Section4, we discuss
improvementsto the algorithm and its implementation,
andtheeffectof restrictionsonword reordering.

2 The IBM Translation Models

Brown et al. (1993)andBergeret al. (1994,1996)view
theproblemof translationasthatof decodinga message
thathasbeendistortedin anoisychannel.

ExploitingBayes'theorem
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they recastthe problemof �nding the besttranslation �	

for agiveninput 
 as
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is constantfor any giveninput andcantherefore
be ignored. 
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�

is typically calculatedusingann-gram
languagemodel. For the sake of simplicity, we assume
hereandeverywhereelsein the paperthat the ultimate
taskis to translatefrom a foreignlanguageinto English.

The modelpicturesthe conversionfrom English to a
foreignlanguageroughlyasfollows(cf. Fig. 1; notethat
becauseof the noisy channelapproach,the modelingis
“backwards”).

� For eachEnglishword 	�� , a fertility
�

� (with
�

������� )
is chosen.

�

� is calledthefertility of 	
� .

� Eachword 	
� is replacedby

�

� foreignwords.

� After that, the linear orderof the foreign words is
rearranged.

� Finally, a certainnumber
�

� of so-calledspurious
words(wordsthathave no counterpartin theorigi-
nal English)areinsertedinto the foreign text. The
probabilityof thevalueof

�

� dependson thelength
�

of theoriginalEnglishstring.

As aresult,eachforeignwordis linked,byvirtueof the
derivationhistory, to eithernothing(theimaginaryNULL
word), or exactly one word of the English sourcesen-
tence.
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is calleda sentencealignment. For all pairs
�B@�!�9)(

suchthat
& ��9 ���C@

, we saythat 	
� is alignedwith



6 , and 
46 with 	
� , respectively.

Sinceeachof thechangesoccurswith a certainprob-
ability, we cancalculatethe translationmodelprobabil-
ity of � asthe productof the individual probabilitiesof
eachof thechanges.Theproductof thetranslationmodel
probability and the languagemodel probability of

�

is
calledthealignmentprobabilityof � .

Detailed formulas for the calculation of alignment
probabilities according to the various models can be
found in Brown et al. (1993). It shouldbe notedhere
that the calculationof the alignmentprobability of an
entire alignment(

�ED�FHG�IKJ�F

) has linear complexity. Well
will show below that by re-evaluatingonly fractionsof
analignment(

�EFHG�LMJ�F

), we canreducetheevaluationcost
to a constanttime factor.

3 Decoding

3.1 DecodingAlgorithm

The taskof the decoderis to revert the processjust de-
scribed.In thissubsectionwerecapitulatethegreedyhill-
climbing algorithmpresentedin Germannet al. (2001).
In contrastto all other decodersmentionedin Sec. 1,
this algorithmdoesnot processthe input oneword at a
time to incrementallybuild upa full translationhypothe-
sis. Instead,it startsoutwith acompleteglossof theinput
sentence,aligningeachinputword 
 with theword 	 that
maximizesthe inverse (with respectto the noisy chan-
nel approach)translationprobability N

�

	 � 


�

. (Note that
for thecalculationof thealignmentprobability, N

�


 � 	

�

is
used.)

Thedecoderthensystematicallytriesoutvarioustypes
of changesto thealignment:changingthetranslationof a
word,insertingextrawords,reorderingwords,etc.These



changeoperationsaredescribedin moredetailbelow. In
eachsearch iteration, the algorithm makes a complete
passover thealignment,evaluatingall possiblechanges.
Thesimpler, “f aster”version��� of thealgorithmconsid-
ersonly oneoperationatatime. A morethoroughvariant

��� appliesup to two word translationchanges,or inserts
onezerofertility word in additionto a word translation
changebeforetheeffectof thesechangesis evaluated.

At theendof theiteration,thedecoderpermanentlyap-
pliesthatchange,or, in thecaseof ��� , changecombina-
tion, that leadsto thebiggestimprovementin alignment
probability, andthenstartsthenext iteration. This cycle
is repeateduntil nomoreimprovementscanbefound.

Thechangesto thealignmentthat thedecoderconsid-
ersareasfollows.

CHANGE the translationof a word: For a givenfor-
eign word 
 , changethe Englishword 	 that is aligned
with 
 . If 	 hasa fertility of 1, replaceit with the new
word 	�� ; if it hasa fertility of morethanone, insert the
new word 	�� in thepositionthatoptimizesthealignment
probability. The list of candidatesfor 	�� is derivedfrom
the inversetranslationtable( N

�

	�� 


�

). Typically, the top
tenwordson that list areconsidered,that is, for aninput
of length

�

, �1>

�

possiblechangeoperationsareevaluated
duringeachCHANGE iteration.

In theory, asingleCHANGEiterationin ��� hasacom-
plexity of

������� �

: for eachword 
 , thereis acertainprob-
ability that changingthe word translationof 
 requires
a passover the completeEnglishhypothesisin orderto
�nd the bestinsertionpoint. This is the casewhen 
 is
currentlyeitherspurious(that is, alignedwith theNULL
word), or alignedwith a word with a fertility of more
thanone. Theprobabilityof this happening,however, is
fairly small, so thatwe canassumefor all practicalpur-
posesthataCHANGEiterationin ��� hasacomplexity of

��� � �

. Since ��� allows up to two CHANGE operations
at a time, the respective complexities for ��� are

��� ��� �

in theory and
������� �

in practice. We will arguebelow
thatby exploiting thenotionof changedependencies,the
complexity for CHANGE canbe reducedto practically

��� � �

for ��� decodingaswell, albeitwith a fairly large
coef�cient.

INSERT aso-calledzero fertility word (i.e.,anEnglish
word thatis notalignedto any foreignword) into theEn-
glish string. Sinceall possiblepositionsin the English
hypothesishave to be considered,	 ��


����
 � ��� � �

,
assuminga linear correlationbetweeninput length and
hypothesislength.

ERASE azerofertility word.
���

��


� � ��� � �

.
JOIN two Englishwords.This is anasymmetricalop-

eration:oneword, 	��

J��

��� , stayswhereit is, theotherone,
	

�

G$G��

��� , is removed from the English hypothesis. All
foreign words originally alignedwith 	

�

G$G��

��� are then
alignedwith 	

�

J��

��� .

Even though a JOIN iteration has a complexity of
��� ��� �

,2 empiricaldataindicatesthat its actualtime con-
sumptionis very small (cf. Fig. 6). This is because
the chancesof successof a join operationcanbe deter-
minedvery cheaplywithout actuallyperformingtheop-
eration. Supposefor thesake of simplicity that 	

�

G�G��

���

is alignedwith only oneword 
 . If thetranslationproba-
bility N

�


 � 	 �

J��

���

�

is zero(which is truemostof thetime),
the resultingalignmentprobability will be zero. There-
fore,we cansafelyskipsuchoperations.

SWAP any two non-overlappingregions 	 �
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in the Englishstring. The numberof possible
swapoperationsin a stringof length

�

is
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However, if welimit thesizeof theswappedregionsto

aconstant1 andtheirdistanceto a constant2 , wecanre-
ducethenumberof swapsperformedto a linearfunction
of the input length. For eachstart position (de�ned as
the �rst word of the �rst swapregion), thereareat most

2�1

�

swapsthatcanbeperformedwithin theselimitations.
Therefore,
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.
It is obviousthatthebaselineversionof thisalgorithm

is very inef�cient. In the following subsection,we dis-
cussthealgorithm'scomplexity in moredetail. In Sec.4,
we show how thedecodingcomplexity canbereduced.

3.2 DecodingComplexity

Thetotal decodingcomplexity of thesearchalgorithmis
the numberof searchiterations(I) times the numberof
searchstepspersearchiteration(S) timestheevaluation
costpersearchstep(E): ���

� � �




�

	

0

We now show that the original implementationof the
algorithmhasacomplexity of (practically)

�����43 �

for ���

decoding,and
��� �

�
�

for ��� decoding,if swap opera-
tionsarerestricted.With unrestrictedswapping,thecom-
plexity is

������� �

. Sinceour argumentis basedon some
assumptionsthat cannotbe proved formally, we cannot
providea formalcomplexity proof.

� � ��� � �

. In theoriginal implementationof thealgo-
rithm, theentirealignmentis evaluatedaftereachsearch
step(global evaluation,or

�
D�FHG�I�J8F

). Therefore,theeval-
uationcostriseslinearly with the lengthof thehypothe-
sizedalignment:Theevaluationrequirestwo passesover
theEnglishhypothesis(n-gramsfor thelanguagemodel;
fertility probabilities)andtwo passesovertheinputstring
(translationand distortion probabilities). We assumea
high correlationbetweeninput lengthandthehypothesis
length.Thus,

�ED�F G$IKJ�F � ��� � �

.
2Thereare �����6587 � possiblejoin operationsfor anEnglish

stringconsistingof � non-zero-fertilitywords.
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Figure2: Runtimesfor sentencesof length10–80. The
graphshows the averageruntimes( ��� ) of 10 different
samplesentencesof the respective lengthwith swapop-
erationsrestrictedto a maximumswapsegmentsizeof 5
andamaximumswapdistanceof 2.

	

� ����� �

. Theoriginalalgorithmpursuesahighly in-
ef�cient searchstrategy. At theendof eachiteration,only
thesinglebestimprovementis executed;all others,even
whenindependent,arediscarded.In otherwords,theal-
gorithmneedsonesearchiterationperimprovement.We
assumethat there is a linear correlationbetweeninput
lengthandthe numberof improvements— an assump-
tion that is supportedby the empirical data in Fig. 4.
Therefore,	

� ��� � �

.




� ����� �

( ��� , restrictedswapping)



� ������� �

( ��� , restrictedswapping)



� �����
�

�

(no restrictionsonswapping).

Thenumberof searchstepsper iterationis thesumof
thenumberof searchstepsfor CHANGE,SWAP, JOIN,
INSERT, andERASE.Thehighestordertermin thissum
is unrestrictedSWAP with

��� �
�

�

.

With restrictedswapping,Shasa theoreticalcomplex-
ity of

������� �

(dueto JOIN) in ��� decoding,but thecon-
tribution of theJOIN operationto overall time consump-
tion is sosmallthatit canbeignoredfor all practicalpur-
poses.Therefore,theaveragecomplexity of 
 in practice
is

����� �

, andthetotal complexity of ��� in practiceis
���

-��

�/.

-

�

L

.

���

���

J

���

�

�

D
� ��� � ��� ��� � ��� ��� � �.� ������3 �50

In ��� decoding,whichcombinesup to two CHANGE
operationsor oneCHANGE operationandoneINSERT
operation,
 hasapracticalcomplexity of

���

�

� �

, sothat
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.
We discussbelow how 
 can be reducedto practically
lineartime for ��� decodingaswell.

4 Reducting DecoderComplexity

Every changeto thealignmentaffectsonly a few of the
individual probabilitiesthat make up the overall align-
ment score: the n-gramcontexts of thoseplacesin the
English hypothesiswherea changeoccurs,plus a few
translationmodelprobabilities.We call the— notneces-
sarily contiguous— areaof analignmentthat is affected
by achangethechange's local context.

With respectto an ef�cient implementationof the
greedysearch,we can exploit the notion of local con-
texts in two ways. First, we canlimit probability recal-
culationsto the local context (that is, thoseprobabilities
thatactuallyare affectedby the respective change),and
secondly, wecandevelopthenotionof changedependen-
cies: Two changesareindependentif their local contexts
do not overlap. As we will explain below, we can use
this notion to devise a schemeof improvementcaching
andtiling (ICT) thatgreatlyreducesthe total numberof
alignmentsconsideredduringthesearch.

Ourargumentis thatlocalprobabilitycalculationsand
ICT each reducethecomplexity of thealgorithmby prac-
tically

��� � �

, thatis, from
��� ��� �

to
��� ���

�

/

�

with �	� � .
Thus, the complexity for ��� decreasesfrom

��� �43 �

to
��� � �

. If we limit thesearchspacefor the secondoper-
ation (CHANGE or INSERT) in ��� decodingto its lo-
calcontext, ��� decoding,too,haspracticallylinearcom-
plexity, even thoughwith a muchhighercoef�cient (cf
Fig. 6).

4.1 Local Probability Calculations

The complexity of calculatingthe alignmentprobabil-
ity globally (that is, over the entirealignment)is

��� � �

.
However, sincethereis a constantupperbound3 on the
sizeof localcontexts,

�ED�FHG�IKJ�F

needsto beperformedonly
oncefor the initial gloss,therafter, recalculationof only
thoseprobabilitiesaffected by eachchange(

� FHG�LMJ�F �

���

�

�

) suf�ces. This reducesthe overall decodingcom-
plexity from

��� �

�

�

to
��� �

�

�

/

�

with �
� � .
Eventhoughprofoundlytrivial, this improvementsig-

ni�cantly reducestranslationtimes,especiallywhenim-
provementsarenot tiled (cf. below andFig. 2).

4.2 Impr ovementCachingand Tiling 4 (ICT)

Basedonthenotionsof localcontextsandchangedepen-
dencies,we devised the following schemeof improve-
ment caching and tiling (ICT): During the search,we
keeptrackof thebestpossiblechangeaffectingeachlocal
context. (In practice,we maintaina mapthatmapsfrom

3In practice,16 with a trigram languagemodel: a swap of
two largesegmentsover a large distanceaffectsfour pointsin
the Englishhypothesis,resultingin �
����� 7�� trigrams,plus
four individual distortionprobabilities.

4Thanksto DanielMarcufor alertingusto this termin this
context.



initial gloss us localitiescomputersystemsuffer computervirus attack andrefusedserviceattack and
there varioussecurityloopholesinstanceeverywhere

alignmentschecked:1430
possibleimprovements: 28
improvementsapplied: 5

u.s. localitiescomputersystem opposedcomputervirus attack and rejecting service

attack and there are varioussecurityloopholesinstanceeverywhere .

alignmentschecked:1541
possibleimprovements: 3
improvementsapplied: 3

u.s. citizens computersystemopposedthe computervirus attack andrejectingservice

attack andthere are varioussecurityloopholes publicize everywhere.

alignmentschecked:768
possibleimprovements: 1
improvementsapplied: 1

u.s.citizenscomputersystemopposedto thecomputervirusattack andrejectingservice
attack andthere are varioussecurityloopholespublicizeeverywhere .

alignmentschecked:364
possibleimprovements: 1
improvementsapplied: 1

u.s. citizenscomputersystem is opposedto the computervirus attack and rejecting
serviceattack andthere are varioussecurityloopholespublicizeeverywhere .

alignmentschecked:343
possibleimprovements: 0
improvementsapplied: 0

u.s.citizenscomputersystemis opposedto thecomputervirusattack andrejectingservice
attack andthere are varioussecurityloopholespublicizeeverywhere .

Figure3: A decodingtraceusingimprovementcachingandtiling (ICT). Thesearchin thesecondandlateriterationsis
limited to areaswhereachangehasbeenapplied(markedin boldprint) — notethatthenumberof alignmentchecked
goesdown over time. Thehighernumberof alignmentschecked in theseconditerationis dueto the insertionof an
additionalword,which increasesthenumberof possibleswapandinsertionoperations.Decodingwithout ICT results
in thesametranslationbut requires11iterationsandchecksatotalof 17701alignmentsasopposedto 5 iterationswith
a totalof 4464alignmentswith caching.

thelocalcontext of eachchangethathasbeenconsidered
to thebestchangepossiblethataffectsexactly this con-
text.) At the end of the searchiteration

@

, we apply a
very restrictedstacksearchto �nd a goodtiling of non-
overlappingchanges,all of which areapplied. Thegoal
of this stacksearchis to �nd a tiling thatmaximizesthe
overal gain in alignmentprobability. Possibleimprove-
mentsthatoverlapwith higher-scoringonesareignored.
In the following searchiteration

@ $

� , we restrict the
searchto changesthatoverlapwith changesjust applied.
We cansafelyassumethat thereareno improvementsto
be found that areindependentof the changesappliedat
theendof iteration

@

: If thereweresuchimprovements,
they wouldhavebeenfoundin andappliedafteriteration

@

. Figure3 illustratestheprocedure.

We assumethat improvementsare,on average,evenly
distributedover the input text. Therefore,we canexpect
thenumberof placeswhereimprovementscanbeapplied
to grow with theinput lengthat thesamerateasthenum-
ber of improvements.Without ICT, the numberof iter-
ationsgrows linearly with the input length,asshown in
Fig. 4. With ICT, we canparallelizethe improvement
processandthusreducethenumberof iterationsfor each
searchto a constantupperbound,which will be deter-
minedby the average`improvementdensity' of the do-
main. Oneexceptionto this rule shouldbe noted:since
the expectednumberof spuriouswords(wordswith no
counterpartin English) in the input is a function of the

input length, and sinceall changesin word translation
thatinvolve theNULL word aremutuallydependent,we
shouldexpect to �nd a very weak effect of this on the
numberof searchiterations.Indeed,thescatterdiagram
in Fig.4suggestsa slight increasein thenumberof itera-
tionsastheinput lengthincreases.5

At thesametime,however, thenumberof changescon-
sideredduringeachsearchiterationeventuallydecreases,
becausesubsequentsearchiterationsarelimited to areas
whereachangewaspreviouslyperformed.Empiricalev-
idenceasplottedon theright in Fig. 4 suggeststhat this
effect “neutralizes” the increasein iterationsin depen-
denceof the input length: the total numberof changes
consideredindeedappearsto grow linearly with the in-
put length. It shouldbe notedthat ICT, while it does
changethe courseof the search,primarily avoids re-
dundantsearchsteps— it doesnot necessarilysearcha
smallersearchspace,but searchesit only once. The to-
tal numberof improvementsfound is roughly the same
(15,299with ICT, 14,879without for theentiretestcor-
puswith a maximumswapdistanceof 2 andamaximum
swapsegmentsizeof 5).

5Anotherpossibleexplanationfor thisincrease,especiallyat
theleft end,is that“improvementclusters”occurrarelyenough
not to occuratall in shortersentences.
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Figure4: Numberof searchiterations(left) andtotalnumberof alignmentsconsidered(right) duringsearchin depen-
denceof input length.Thedatais takenfrom thetranslationof theChinesetestsetfrom theTIDES MT evaluationin
June2002.Translationswereperformedwith amaximumswapdistanceof 2 andamaximumswapsegmentsizeof 5.

4.3 Restrictionson Word Reordering

With
�����

�
�

, unlimitedswappingswappingis by far the
biggestconsumerof processingtime during decoding.
Whentranslatingthe Chinesetestcorpusfrom the2002
TIDESMT evaluation6 without any limitationsonswap-
ping, swappingoperationsaccountfor over 98% of the
total searchstepsbut for lessthan 5% of the improve-
ments;the total translationtime (with ICT) is about34
CPUhours.For comparison,translatingwith amaximum
swapsegmentsizeof 5 andamaximumswapdistanceof
2 takesca. 40 minutesunderotherwiseunchangedcir-
cumstances.

It shouldbementionedthat in practice,it is generally
not a goodideato run the decoderwith without restric-
tions on swapping. In order to copewith hardwareand
timelimitations,thesentencesin thetrainingdataaretyp-
ically limited in length.For example,themodelsusedfor
theexperimentsreportedhereweretrainedon datawith
a sentencelengthlimit of 40. Sentencepairswhereone
of thesentencesexceededthis limit wereignoredin train-
ing. Therefore,any swapthatinvolvesadistortiongreater
thanthat limit will resultin theminimal (smoothed)dis-
tortionprobabilityandmostlikelynotleadto animprove-
ment. Thequestionis: How muchswappingis enough?
Is thereany bene�t to it atall? Thisis aninterestingques-
tion sincevirtually all ef�cient MT decoders(e.g. Till-
mannandNey, 2000;Bergeret al., 1994;Alshawi et al.,
2000;Vidal, 1997)imposelimits onword reordering.

In orderto determinetheeffectof swaprestrictionson
decoderperformance,we translatedtheChinesetestcor-
pus 101 times with restrictionson the maximumswap

6100 short news texts; 878 text segments; ca. 25K to-
kens/words.
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Figure5: BLEUscoresfor the Chinesetestset ( ��� de-
coding) in dependenceof maximumswap distanceand
maximumswapsegmentsize.

distance(MSD) and the maximum swap segment size
(MSSS)rangingfrom 0 to 10 andevaluatedthe transla-
tionswith theBLEU7 metric(Papineniet al., 2002).The
resultsareplottedin Fig. 5.

On theonehand,theplot seemsto painta prettyclear
pictureon thelow end:scoreimprovementsarecompar-
atively large initially but level off quickly. Furthermore,
the slight slopesuggestsslow but continuousimprove-
mentsas swap restrictionsare eased. For the Arabic
testdatafrom the sameevaluation,we obtaineda sim-
ilar shape(althoughwith a roughly level plateau). On
theotherhand,the `bumpiness'of thesurfaceraisesthe
questionasto which of thesedifferencesarestatistically

7In anutshell,theBLEU scoremeasuresthen-gramoverlap
betweensystem-producedtesttranslationsanda setof human
referencetranslations.



Table1: DecoderperformanceontheJune2002TIDESMT evluationtestsetwith multiplesearchesfrom randomized
startingpoints(MSD=2,MSSS=5).

default bestof
2 searches

bestof
3 searches

bestof
4 searches

bestof
5 searches

bestof
6 searches

bestof
7 searches

bestof
8 searches

bestof
9 searches

bestof
10searches

bestof
11searches

G1
BLEU 0.143 0.145 0.146 0.148 0.148 0.150 0.150 0.150 0.150 0.150 0.151
RSER* 93.7% 91.8% 89.8% 87.7% 86.1% 85.2% 83.9% 82.1% 81.2% 80.1% 77.9%

G2
BLEU 0.145 0.150 0.151 0.151 0.154 0.154 0.154 0.154 0.154 0.155 0.156
RSER 77.2% 69.1% 61.2% 55.0% 48.3% 42.5% 36.6% 30.5% 23.9% 20.0% 13.6%

* RSER= relative searcherrorrate;percentageoutputsentenceswith suboptimalalignmentprobability

signi�cant.
We areawareof severalwaysto determinethestatisti-

cal signi�canceof BLEU scoredifferences.Oneis boot-
strapresampling(Efron andTibshirani,1993)8 to deter-
mine con�denceintervals, anotheronesplitting the test
corpusinto a certainnumberof subcorpora(e.g.30) and
thenusingthe t-test to comparethe averagescoresover
thesesubcorpora(cf. Papineniet al., 2001). Bootstrap
resamplingfor the varioussystemoutputsleadsto very
similar con�denceintervals of about0.006to 0.007for
a one-sidedtest at a con�dence level of .95. With the
t-scoremethod,differencesin scoreof 0.008or higher
seemto be signi�cant at the samelevel of con�dence.
Accordingto thesemetrics,noneof thedifferencesin the
plot aresigni�cant, althoughthe shapeof the plot sug-
geststhatmoderateswappingprobablyis a goodidea.

In additionto limitationsof theaccuracy of theBLEU
methoditself, variancein thedecodersperformancecan
blur the picture. A third methodto determinea con�-
dencecorridor is thereforeto perform several random-
ized searchesand comparetheir performance.Follow-
ing a suggestionby FranzJosefOch (personalcommu-
nications),we ran the decodermultiple timesfrom ran-
domizedstartingglossesfor eachsentenceandthenused
the highestscoringoneas the “of �cial” systemoutput.
This givesusa lower boundon theprice in performance
that we pay for searcherrors. The resultsfor up to ten
searchesfrom randomizedstartingpoints in addition to
the baselineglossare given in Tab. 1. Startingpoints
wererandomizedby randomlypicking oneof thetop 10
translationcandidates(insteadof the top candidate)for
eachinput word, andperforminga (small) randomnum-
ber of SWAP andINSERT operationsbeforethe actual
searchstarted. In order to insureconsistency acrossre-
peatedruns,we useda pseudorandomfunction. In our
experiments,we did not mix ��� and ��� decoding.The
practicalreasonfor this is that ��� decodingtakesmore
thantentimesaslongas ��� decoding.As thetableillus-
trates,runningmultiple searchesin ��� from randomized
startingpoints is more ef�cient that running ��� once.

8Thanksto FranzJosefOch for pointing this option out to
us.

Choosingthebestsentencesfrom all decoderrunsresults
in a BLEU scoreof 0.157. Interestingly, the decoding
time from the default startingpoint is muchlower (G1:
ca.40min. vs. ca.1 hour;G2: ca.9.5hoursvs. ca.11.3
hours),and the score,on average,is higher than when
searchingfrom a randomstartingpoint (G1: 0.143vs.
0.127(average);G2: 0.145vs. 0.139(average)). This
indicatesthatthedefault seedingstrategy is agoodone.

From the resultsof our experimentswe concludethe
following.

First, Tab. 1 suggeststhat there is a good correla-
tion betweenIBM Model 4 scoresand the BLEU met-
ric. Higheralignmentprobabilitiesleadto higherBLEU
scores. Even though hardly any of the score differ-
encesarestatisticallysigni�cant (seecon�denceintervals
above),thereseemsto bea trend.

Secondly, from theswappingexperimentwe conclude
that except for very local word reorderings,neitherthe
IBM modelsnor theBLEU metricareableto recognize
long distancedependencies(such as, for example, ac-
countingfor fundamentalword order differenceswhen
translatingfrom a SOV languageinto a SVO language).
This is hardlysurprising,sinceboth the languagemodel
for decodingandtheBLEU metricrely exclusively onn-
grams.This explainswhy swappinghelpssolittle. For a
differentapproachthatis basedondependency treetrans-
formations,seeAlshawi et al. (2000).

Thirdly, the resultsof our experimentswith random-
ized searchesshow that greedydecodingdoesnot per-
form aswell on longersentencesasonemight conclude
from the�ndings in Germannet al. (2001). At thesame
time, the speedimprovementspresentedin this paper
make multiple searchesfeasible,allowing for an overall
fasterandbetterdecoder.

5 Conclusions

In this paper, we have analyzedthe complexity of the
greedydecodingalgorithmoriginally presentedin Ger-
mannetal. (2001)andpresentedimprovementsthatdras-
tically reducethe decoder's complexity and speedto
practicallylineartime.

Experimentaldatasuggestsagoodcorrelationbetween



10 20 30 40 50 60 70 80

sentence length

0

1

2

3

4

5

6

7

8

9

10

11

av
er

ag
e 

tim
e 

co
ns

um
pt

io
n 

(in
 s

ec
.)

G1 decoding

SWAP

CHANGE

INSERT

JOIN

10 20 30 40 50 60 70 80

sentence length

0

10

20

30

40

50

60

70

80

90

100

110

120

130

140

150

160

170

av
er

ag
e 

tim
e 

co
ns

um
pt

io
n 

(in
 s

ec
.)

G2 decoding

SWAP

CHANGE

INSERT

G1 total
decoding
time

Figure6: Time consumptionof the variouschangetypesin
�

7 and
�

� decoding(with 10 translationsperinput word con-
sidered,a list of 498candidatesfor INSERT, a maximumswap
distanceof 2 andamaximumswapsegmentsizeof 5). Thepro-
�les shown arecumulative,sothatthetopcurvere�ectsthetotal
decodingtime. To put thetimesfor

�

� decodingin perspective,
thedashedline in thelowerplot re�ects thetotaldecodingtime
in

�

7 decoding.Operationsnotincludedin the�gures consume
so little time that their plotscannotbediscernedin thegraphs.
Thetimesshown areaveragesof 100sentenceseachfor length
10,20, ����� , 80.

IBM Model 4 scoresand the BLEU metric. The speed
improvementsdiscussedin thispapermakemultiple ran-
domized searchesper sentencefeasible, leading to a
fasterand better decoderfor machinetranslationwith
IBM Model4.
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