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Abstract
Data-drivenapproache® machinetranslation(MT) achievestate-of-the-antesults Many syntax-awar@pproachesuchasExample-
BasedMT andData-Orientedlranslationmakeuseof tree pairsalignedat sub-sententialevel. Obtainingsub-sententiahlignments
manuallyis time-consumin@nderrorprone,andrequiresexpertknowledgeof both sourceandtargetlanguagesWe proposea novel,
languagepairindependenalgorithm which automaticallyinducesalignmentsbetweenphrase-structurérees.We evaluatethe align-
mentsthemselvesgainsta manuallyalignedgold standardand performan extrinsicevaluationby usingthe aligneddatato train and
testaDOT systemOur resultsshowthattranslationaccuracyis comparabldo thatof the sametranslationsystemtrainedon manually

aligned data, and coverage improves.

1. Intr oduction

Themajority of approacheto data-driverMachineTrans
lation (MT) focus on string-to-stringmodels,despitethe
fact that tree-to-treemodels achieve promising results
(Hearne& Way, 2006;Nessoret al., 2006). Sometree-to-
tree models, such as Data-OrientedTranslation (DOT)
(Poutsma,2003; Hearne & Way, 2003, 2006), require
source and target tree pairs that are aligned at sub-
sententiallevel. In mostpreviousexperimentswvith DOT
systemsthe training tree pairs were aligned manually
However sucha taskis time-consumingand errorprone,
andrequiresconsiderablesxpertisein both the sourceand
tamgetlanguagesandsothereis anobviousneedto induce
the alignments automatically

A considerableamountof researchhasbeencarriedout
on the subjectof sub-sententiahlignmentbetweenstruc
turedrepresentationsf sentenceairs. However manyof
the solutionspresenteghareone or both of the following
characteristicsi) the alignmentprocesss tightly coupled
with the intendedapplication,to the extentthatit is difp-
cult to seehow to generalisehe alignmentmethodology
sothatthe outputcould be usedfor otherapplicationsfii)
the alignmentstrategyedits the sourceand/ortamget lin-
guistic representationsuch that the original linguistic
structures cannot be retrieved.

We presenta novel, languagepairindependenandtask-
independentalgorithm whose output may be useful in
many applications.The algorithminducesalignmentsbe-
tweenpairedlinguistic structuredfrom which the constitu
ent surface word order can be determined.lt handles
complex,non-isomorphicstructuresin a fast and consis
tent manner and the resulting output can be ported to
many othertranslationtaskssuchas Phrase-Base8tatis
tical MT, Example-Based/T, DOT and translationtem:
plate extraction.

We describeexperimentavherewe apply our algorithm
to context-fregphrase-structurree pairs.We evaluatethe
alignmentsthemselvesagainsta manually aligned gold-
standard and also perform an extrinsic evaluationby us-
ing the aligneddatato train andtesta DOT system.Our
results show that translationaccuracyis comparableto
that of the sametranslationsystemtrained on manually

aligned data from English to French,and coverageim-
proves signibcantly

Theremainderof this paperis organisedasfollows: See
tion 2 detailsrelatedwork andin Section3 we presenbur
novel alignmentalgorithm. Section4 describesour ex-
perimentsincluding the MT systemused,and Pnally in
Sections5 and 6 we concludeand discussavenuesfor
further research.

2. RelatedWork

Previous approacheso automatic sub-sententialalign-
ment can be loosely groupedaccordingto whetherthey
focus on aligning dependencystructures or phrase-
structuretrees.Many approacheslo not view alignment
asanindependentask,but ratherasa meango achieving
anothergoal suchas solving parseambiguitiesor acquir
ing translationtemplates.Some such approaches/iew
factorslike non-isomorphismas obstaclesand alter the
trees as part of the alignment process.

Other relatedwork in the areaof alignmentin general
viewsthe useof treestructuresasa negativeaspectwhich
may resultin the lossof generalisatiorability (Wellington
et al., 2006). However we choseto align pre-determined
treestructureswithout editingthem;our motivationis that
the structuraland translationaldivergencesthat exist be-
tweensourceandtarget structuresshouldbe captureddur-
ing the alignmentsprocessatherthan smoothedaway in
orderto allow for higherrecall, cf. (Hearneet al., 2007).
We do notview the parsetreesasconstraintsbut ratheras
accuratesyntacticrepresentation®f the text which can
help to guide the alignment process.

2.1. Dependency Structues

We are particularlyinterestedn aligning phrase-structure
trees,but solutionswhich havebeenappliedto the align-
ment of dependency structures are also relevant.

Ding et al. (2003) present a strategy for inducing word
alignments over dependency structures. However, depend-
ency analyses contain only lexicaly headed phrases, and
we want to capture links between non-lexically headed
phrases not described in dependency representations.

Matsumotoet al. (1993) induce alignmentsin depend
ency structuresput with the intention of usingthe align-



mentsto resolveparseambiguities.Their algorithm only
aligns simple sentencesalignmentof complexsentences
is done by Prst segmentingthe sentenceinto smaller
chunksand then aligning thosechunks,and the original
tree structures are not retrievable.

Eisner(2003)developsa tree-mappinglgorithmfor use
on dependencgtructureswvhich he claimsis adaptabldor
use on phrase-structurdgrees. However the alignment
processis heavily linked to the translation strategy of
which it forms part. We preferalignmentto be a separate
ofBine processwhich canthen be appliedto numerous
different tasks.

2.2. Phrase-structure Trees

Groveset al. (2004) presenta rule-basedaligner which
builds upon automatically induced word alignments.
While their algorithm is in theory language pair
independent,in later experimentsit performed poorly
whenevaluatedn languagepairsotherthanthoseusedin
development.

Gildea (2003) proposesa method for aligning non-
isomorphicphrase-structuréreesusing a stochastictree-
substitutiongrammar(STSG).This approachinvolvesthe
altering of the tree structurein order to imposeisomor

phism, which impacts on its portability to other domains.

Lu etal. (2001)describea stochastidnversiontransdue
tion grammay basedon (Wu, 1995),which usesa monoc
lingual grammarto parsethe sourcesentenceandbuilds a
target languageparsebasedon this, while simultaneously
inducing alignments Thesealignmentsare then extracted
and convertedinto translationtemplates.Imposition of
sourcelanguagestructureonto the target languageis not
alwaysdesirable Neverthelesson the evidencepresented
here, tree-to-stringalignmentmodelswarrant further in-
vestigation.

Wang et al. (2002) develop an interestingmethod for
structuralalignmentwhich they call ObilinguakhunkingO.
Given a pair of phrase-structur&rees,they performword
alignmenton the surfaceforms and then extractchunks
from both treessimultaneously The chunkingis guided
by the tree structureand constraintswhich ensureword
alignmentsdo not cross chunks. The chunks are then
POS-taggedusing an HMM tagger Again, the original
tree structures are lost during the alignment process.

While the methodsoutlined aboveall achievecompeti
tive results,thosepresentedy Lu etal. (2001)andWang

et al. (2002) are most closely aligned with our objectives.

3. Our Sub-TreeAlignment Algorithm

The novel algorithm we presenthereis designedto dis-
coveran optimal setof alignmentsbetweenthe tree pairs
in a bilingual treebankwhile adheringto the following
principles:

(i) independencewith respectto languagepair and

constituent labelling schema;

(i) preservation of the given tree structures;

(iii) minimal external resources required;

(iv) word-level alignments not bxedpriori.

The algorithm makesuse of a single externalresource,
namelytarget-to-sourceandsource-to-tagetword transla

tion probabilitiesgeneratedy runningan automaticword
aligner over the sentencepairs encodedin the bilingual
treebankThe algorithmdoesnot, however bx a priori on
a single word-alignmentbetweenthe sourceand tamget
terminalsof eachsentencepair. Rather word-levelalign
mentdecisionscanbeinfBuencedy links madehigherup
in the tree pair. The alignmentalgorithm doesnot edit or
transformthe sourceand target treesin any way; signip
cantstructuralandtranslationaldivegencesareto be ex-
pectedand the alignedtree pair should encodethesedi-
vergences(Hearneet al., 2007). Finally, the algorithm
accessesno language-specibénformation beyond the
(automaticallyinduced)word-alignmentprobabilitiesand
does not make use of the node labels in the tree pairs.

3.1. Alignment Well-Formedness Criteria

Links areinducedbetweentree pairs suchthat they meet
the following well-formedness criteria:
() anode can only be linked once;
(i) descendantsf a sourcelinked nodemay only link
to descendants of its gt linked counterpart;
(i) ancestorof a sourcelinked nodemay only link to
ancestors of its tget linked counterpart. i
Thesecriteria are akin to the Ocrossingonstraints@e-
scribedin (Wu, 1997) which forbid alignmentsbetween
constituentghat crosseachother Our criteria differ from
thoseof Wu becauseve imposethem on a pair of fully
monolingually parsedtrees, thus our criteria are more
strict. The constraintsin (Wu, 1997), on the other hand,
are imposedinherently during the bilingual parsingand
alignment process.
In what follows, a hypothesisedlignmentis ill-formed
with respecto the existingalignmentsdf it violatesany of
these criteria.

3.2. Algorithm

In this sectionwe describehow our algorithm scoresand
selectslinks. In someinstanceswe presentalternative
methodshy which a decisioncanbe taken,andat theend
of the sectionwe summarisehe correspondingetof pos

sible aligner conbgurations.

3.2.1. Selecting Links
For a given tree pair (S, T), the alignmentprocessis ini-
tialised by proposingall links (s, t) betweennodesin S
andT ashypothesesndassigningscoresy({s, t)) to them.
All zero-scorechypothesesare blocked before the algo-
rithm proceeds.The selectionprocedurethen iteratively
Pxeson the highest-scorindink, blocking all hypotheses
that contradictthis link and the link itself, until no non-
blockedhypothesesemain.Theseinitialisationandselee
tion procedures are given Algorithm 1 basic

Figure 1 illustratesthe Algorithm 1 basic procedure.
The constituentsin the source and target tree pair are
numberedThe numbersdown the left maigin of the grid
correspondo the sourceconstituentswhile the numbers
acrossthe top correspondo the target constituentsand
eachcell in the grid correspondgo a scoredhypothesis.
Within eachcell, circlesdenoteselectedinks andbrackets
denoteblockedlinks. The numberinsidea givencell indi-
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Figure 1: lllustration of howAlgorithm 1 basicinduces links for the tree-pair on the left.

catesthe iteration during which its link/block decision
was made,with zeroesindicating hypotheseswvith score
zero. For example,hypothesis(1, 1) was linked during
iteration 1, and hypothesig2, 1) wasblocked,hypothesis
(5, 8) waslinked during iteration2 andhypotheseg5, 6),
(6, 7) and(9, 8) wereblocked,andso on. Therewere7
iterationsin total, andthe lastiterationlinked the remain
ing non-zero hypothesi{g, 11).

Algorithm 1 basic

Initialisation
for each s ource non-terminal
for each target non-terminal
generate scored hypothesis
end for
end for
block all zero-scored hypotheses

Selectionunderspecibed
while non-blocked hypotheses remain
link and block the highest-scoring hypothesis
block all contradicting hypotheses
end while

s do
t do

v({s, t)

do

Hypotheseswith equalscored The selectionprocedure
givenin Algorithm 1 basicis incompleteasit doesnot

specify how to proceedif two or more hypotheseshare
the samehighestscore.We proposetwo alternativesolu-

tionsto this problem.Firstly, we cansimply skip overtied

hypotheseauntil we bnd the highest-scoringhypothesis
with no competitorsof the samescore,asgiven by Algo-

rithm 2 Selectionskipl

Algorithm 2 Selectionskipl

while at least one non-blocked hypothesis with
no tied competitors remains do
while the highest-scoring hypothesis has
tied competitors do
skip
end while
link and block the highest-scoring
non-skipped hypothesis
block all contradicting hypotheses
re-enable all non-blocked skipped hypotheses
end while

The skippedhypothesesvill, of course still be available
duringthe nextiteration,assuminghattheyhavenot been
ruled out by the newly-selectedink. If all but one of the
tied hypothesesave beenruled out, the remainingone
will be selectedn the nextiteration.If all remainingnon-

zero-scorechypothesishavetied competitorshenno fur-
ther links can be induced.

A secondalternativeis to skip overtied hypothesesintil
we Pndthe highest-scorindiypothesigs, t) with no com
petitorsof the samescoreand whee neithers nor t has
been skippedas given irAlgorithm 3 Selectionskip2

Algorithm 3 Selectionskip2

while at least one non-blocked hypothesis with
no tied competitors remains do
if the highest-scoring hypothesis has
tied competitors then
mark the constituents of all competitors
as skipped
end if
while the highest-scoring hypothesis has
a skipped constituent do
skip
end while
link and block highest-scoring
non-skipped hypothesis
block all contradicting hypotheses
re-enable all non-blocked skipped hypotheses
end while

This alternativeis proposedn orderto avoid the situa
tion in which a low-scoring hypothesisfor a given con
stituentis selectedn the sameiterationas higherscoring
hypothesegor the sameconstituentvereskipped,thereby
preventingone of the competinghigherscoringhypothe
sesfrom beingselectedandresultingin anundesiredink.
The issueis illustratedin Figure 2, asfollows. The best-
scoring hypothesespf which there are several,involve
sourceconstituenD-21 andincludethe correcthypothesis
(D-21, D-16). The skip1 solution simply selectsthe best
non-tied hypothesis(D-21, D-4), which is clearly incor
rect. The skip2 solution,however skipsover all hypothe
sesinvolving skippedconstituentD-21 and selects(D-16,
D-4) asthe besthypothesisOn the next iteration, all hy-
pothesesfor sourceconstituentD-21 are again skipped,
and hypothesis(PP-18 PP-13 is selected.This selection
blocksall but one hypothesisnvolving sourceconstituent
D-21, the correcthypothesigD-21, D-16), and so this link
is selected on the following iteration.

Delaying span-lalignmentd It is frequently the case
that the highest-scorindhypothesesre at the word level,
i.e. havespanl on the sourceand/ortarget sides.How-
ever selectinglinks betweenfrequentlyoccurringlexical
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Figure 2:This example illustrates the fiifing efects of theSelectionskiplandSelectionskip2strategies:
with skip1the solid link is induced whereas wihkip2the dashed links are induced.

items at an early stageis intuitively unappealing.Con
sider for instance the situationwhere sourceterminal x
mostlikely translatego targetterminaly butthereis more
than one occurrenceof both x andy in a single sentence
pair. It may be betterto postponehe decisionasto which
instanceof x corresponds$o which instanceof y until links
higherup in the tree pair havebeenestablishedas given
in Algorithm 4 Selectionspani(wherespan-1lhypothe
seshavespanl on the sourceand/ortarget sidesandnon-
span-1 refers to all other hypotheses).

Algorithm 4 Selectionspanl

while non-blocked non-lexical hypotheses remain
do
link and block the highest-scoring hypothesis
block all contradicting hypotheses
if no non-blocked non-lexical hypotheses
remain then
while non-blocked lexical hypotheses remain
do
link and block the highest-scoring
hypothesis
block all contradicting hypotheses
end while
end if
end while

The effectsof the Selectionspanlstrategyareillustrated
by the examplegivenin Figure3: without spanl nodeD-
8 is immediatelylinked to D-13 ratherthanD-4 and D-17
to D-4 ratherthan D-13. Not only are thesealignments
incorrect, but their presencemeansthat the remaining
desirablehypothesesreno longerwell-formed.However
the correctalignmentsare inducedby brstallowing NP-7
to link to NP-3andNP-16to NP-12
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3.2.2. Computing Hypothesis Scoes
Insertinga link betweentwo nodesin a treepair indicates
that (i) the substringsdominatedby thosenodesaretrans
lationally equivalentand (ii) all meaningcarried by the
remainderof the sourcesentenceds encapsulatedn the
remainderof the tamget sentenceThe scoringmethodwe
propose accounts for these indications.
Giventreepair (S, T) and hypothesig(s, t), we compute
the following strings:

5, =SB s5;_15,44E S,
t_l:TlE tj—ltjy+lE Tn

A :SiE Six
n=tEt,

where SE sx and tE ty denotethe terminal sequences
dominatedby s andt respectivelyandSiE Sy andT:E T,
denotethe terminal sequenceslominatedby SandT re-
spectively These string computationsare illustrated in
Figure 4.

- T - T = Xy
Lo 0 2y ) 5 = a
‘ \ \ \ t = wz
b c X y

Figure 4.Values fors, t;, § andf given a tree pair
and a link hypothesis.

The scorefor the given hypothesis(s, t) is computed
according to (1).

) (s t)) =" (st #"(tls 4" (SIE)#' (Bls)

Individual string-correspondencgcoresa(x]y) are com
puted using word-alignmentprobabilities given by the
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Figure 3:This example illustrates thefe€ts of theSelectionspanistrategy:
without spanlthe solid links are induced whereas switchingpanlresults in the dashed alignments.



Moses decodef (Koehn et al., 2007). To improve the
quality of the word-alignmentswe induce them from a
lowercasedversion of the parallel corpus,but our algo
rithm does not change the case of the data.

Two alternativescoring functions are given in (2) and
(3). They differ in that scoe?2 divides the sum over the
probabilitiesthat x; correspondgo eachy; by the number
of wordsin y. The intendedeffect of this is againto re-
duceany biasin favour of aligning shorterspanconstitu
ents over constituents of longer span.

vl |
(2) Scorescoel !(le):# . Pxi;)
lyl
M "]_ P(xly;)
Ixy) =H# "
(3) Scorescoe2 bay) = M

3.3. Aligner Conbgurations

Whenconbguringhealigner we mustchooseeitherskipl
or skip2 and we must chooseeither scoel or scoe2
spanlis optional,andso canbe switchedeitheron or off.
The eight possible conbgurations are as follows:

! skipl_scoel! skipl_scoel spanl
! skipl_scoe2 skipl_scoe2_spanl
! skip2_scoel! skip2_scoel spanl
! skip2_scoe2 skip2_scoe2_spanl
4. Evaluation

We performanintrinsic evaluationby comparingthe links
inducedby the alignmentalgorithm againsta manually-
aligned gold standard.We also perform an extrinsic
evaluationby using thesealignmentsto train a DOT sys
tem and then measuring translation quality

We evaluatethe performanceof our sub-treealignment
algorithmon the English-Frenctsectionof theHomeCen
tre corpus,which contains810 parsed,sentence-aligned
translationpairs? This corpuscomprisesa Xerox printer
manual,which was translatedby professionalranslators
and sentence-alignednd annotatedat Xerox PARC. As
one would expect,the translationsit containsare of ex-
tremely high quality

We ranthe unlinkedtreepairsthroughthe eightconbgu
rationsof our alignmentalgorithm given in Section3.3.
The manualalignmentswvereprovidedby a singleannota
tor, who is a native English speakemwith probciencyin
French (Hearne, 2005).

4.1. Intrinsic Evaluation

In this section,we evaluateprecisionandrecallof induced
alignmentsover the 810 English-Frenchtree pairs de-

scribedabove usingthe manuallylinked versionasa gold

standard.

Givenatreepair T, its automatically-alignedriersionTa
andits manually-alignedversionTw, precisionandrecall
are computed as given in (4) and (5).

|
Precision= [Ta! T
4) | Tal
I
Recall= M
(5) | T

In additionto calculatingthe precisionandrecalloverall
links, we alsocalculatescoresover non-lexicallinks only,
where a non-lexical link aligns constituentswhich both
spanmorethanoneword. We do soin orderto determine
how successfulour algorithm is at inducing alignments
beyondthe word level. Table 1 gives the resultsof this
evaluation for the diérent conbgurations of the aligner

Conbgurations .a.ll links nor.l-l.exical links

Precisior Recall | Precisior Recall
skipl_scoel 0.6096 0.7723| 0.8424 0.7394
skipl_scoe2 0.6192 0.7869| 0.8107 0.7756
skip2_scoel 0.6162 0.7783| 0.8394 0.7486
skip2_scoe2 0.6215 0.7867| 0.8107 0.7756
skipl_scoel_span] 0.6229 0.8101| 0.8137 0.7998
skipl_scoe2_span] 0.6220 0.7963| 0.8027 0.7871
skip2_scoel_span] 0.6256 0.8100| 0.8139 0.8002
skip2_scoe2_span] 0.6245 0.7962| 0.8031 0.7871

Table 1: Evaluation of the automatic alignments
against the manual alignments.

Looking brstlyto the all links column,it is immediately
apparentthat recall is signibcantlyhigher than precision
for all conbgurationsin fact, we have noted that all
alignervariationsconsistentlyinducemore links thanex-
ist in the manual version, with the averagenumber of
links per tree pair rangingbetween10.3 and 11.0 for the
automaticalignmentsversus8.3 links pertree pair for the
manualversion.Regardinghe differencedn performance
betweenthe alignervariants,we observethat all versions
which include spanloutperformall versionswhich ex-
cludeit. Whenspanlis excludedscore?2 performsbetter
thanscorl, butthisis reversecncespanlis introduced.
No clear differenceis shown betweenskipl and skip2 b
skip2performs maginally better tharskipl

Looking now to the non-lexical links column, we ob-
servethat the balancebetweenprecisionandrecall is re-
versedand that precisionis now higherthanrecallin all
casesThis indicateghatthosephrase-levehlignmentsve
induce are reasonablyaccurateand suggeststhat, con
versely the accuracyof our lexical-level alignmentsis
relatively poor. Regardingthe differencesn performance
betweenthe aligner variants, we note that both highest

1 Although our method of scoring is similar to IBodel1, and Moses runs GIZA++ trained on IBM model 4, we found that using
the Moses word-alignment probabilities yielded better results than those output directly by GIZA++.

2The average numbers of English and French words per sentence are 8.83 and 10.05 respettivelgverage numbers of English

and French nodes per tree are 15.33 and 17.52 respectively

3The aligner takes approx. 0.01 seconds per tree pair App@ MacBook Pro with a 2.33GHz Intel Core 2 Duo processor and 2GB

of RAM; time variations over aligner conbgurations are insignibcant.



precision and lowest recall are achieved using
skipl_scoelandskip2_scoel However the bestbalance
betweenprecisionandrecall is againachievedwhen the
spanloption is used.

Anotheroptionfor intrinsic evaluationcould havebeena
comparison with a state-of-the-artword- or phrase-
alignmentsystemWe decidedagainstsuchan evaluation,
becauseof the inherentdifferencesin the way suchsys
temsinducealignmentscomparedto our algorithm. This
will be further discussedn section4.2.2.Often, for such
alignmentsthereare no correspondingonstituentsn the
syntactic treesthat could be linked by the aligner pre-
sentedhere.Although, as mentionedin section2, we do
not seethis as a drawback,this impedesdirect compari
son. Our experimentsshow that only 83.6% of the sen
tencepairsin the HomeCentrecorpushavephrasealign-
mentsthatrepresentonstituentsn the syntactictreesand
amongthosethereare only 3.4 suchalignmentsper sen
tencepair on average Our algorithm createdinks match
ing on averager0-80%of the phrasealignmentsthat are
constituentglependingpn the conbgurationbut we do not
regardtheseresultsas an indication of the quality of the
aligner A comparisonto a word-alignerwould be even
less indicative, because the many-to-many word-
alignmentssucha systemproducesonly rarely represent
constituents in a phrase-structure tree.

Further evaluationcarried out in (Hearneet al., 2007)
discusseghe performanceof the aligner with respectto
capturingtranslationaldivergencesbetweenthe treebank
languages.

4.2. Extrinsic Evaluation

In this section,we train andtesta DOT systemusingthe
manuallyaligneddataintroducedabove,andwe evaluate
the outputtranslationgo give us baselinescoresWe then
train the systemon the automaticallyaligned data and
repeatthe sametests,suchthat the only differenceacross
runs is the alignments.

4.2.1. The MT System
Data-OrientedTranslation (DOT) (e.g. (Poutsma,2003;
Hearne& Way, 2006)), which is basedon Data-Oriented
Parsing(DOP) (e.g. (Bod et al., 2003)), combinesexant
ples, linguistic information and a statistical translation
model. Tree-DOT assumedraining datain the form of

Sim =

aligned source-taget context-free phrase-structureree
pairs,suchasthe onegivenin Figure5(a), from whichi it
learnsa generativemodelof translation.This modeltakes
the form of a synchronousstochastictree-substitution
grammar(S-STSG)whereby pairs of linked generalised
subtreesare extractedrom thelinked tree pairscontained
in the training data via root and frontier operations.

¥ givena copy of treepair(S T) called(S;, T¢), selecta

linked nodepair (Sy, Tn) in (&, Tc) to be root nodes
and deleteall exceptthesenodes,the subtreesthey
dominate and the links between them, and

¥ selecta setof linked nodepairsin (&, Tc) to be fron-

tier nodes and delete the subtrees they dominate.

Thus, every fragment(fs, f) is extractedsuch that the
root nodesof fs andf; arelinked, and every non-terminal
frontier nodein fs is linked to exactly one non-terminal
frontier node in fi and vice versa. Some fragmentsex-
tracted from Figure 5(a) are given in Figure 5(b).

During translation, fragmentsare meiged in order to
form a representationf the sourcestring within which a
tamgettranslationis embeddedThe compositionoperation
(1) is aleftmost substitutionoperation:wherea fragment
has more than one open substitution site, compaosition
musttake placeat the leftmost site on the sourcesubtree
of the fragment.Furthermorethe synchronougarget sub
stitution musttake placeat the site linked to the leftmost
open sourcesubstitutionsite. This ensures(i) that each
derivationis unique and (ii) that eachtranslationbuilt
adheresto the translationalequivalencesncodedin the
examplebase An examplecompositionsequencés given
in Figure 5(c).

Many different representationsind translationscan be
generatedor a giveninput string, andthe alternativesare
rankedusing a probability model. In the systemusedfor
these experiments,fragment probabilities are estimated
using relative frequenciesand derivation probabilities
computedby multiplying the probabilities of the frag-
mentsusedto build them.For eachinput string,the n-best
derivationsare generatecand then reducedto the m-best
translationswherethe probability of translationt is com
putedby summingover the probabilitiesof thosederiva
tions that yield it. Whereno derivationspanningthe full
input string canbe generatedthe n-bestsequencesf par
tial derivationsare generatednsteadand the translations
rankedas above.Unknownwords are simply left in their

VP VP i NP NP

’ ’ \ \ L//\’/ \ \ ‘ . 1 \ \ ‘ ‘
@ N‘P V‘P N‘P VP ) NP VP NP VP left Aux V NP VP NP VP John John
\ \ \ \
John left John Aux v John John est parti
|
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. o o S .. .S
S S NP NP VP VP NP VP NP VP
(© TN | | I | | |
NP VP NP VP ! John John ! left Aux V = John left John Aux \Y

est parti est parti

Figure 5: Data-Oriente@iranslation: (a) gives an example representation, (b) gives a subset of the possible
fragments of (a) and (c) gives an example composition sequence yielding a bilingual representation.



sourceform in thetargetstring. Thus,everyinput stringis
translatedbut the systemoutput indicateswhich strings
achieved full coverage.

4.2.2. Experiments and Results

We againused9 versionsof the HomeCentredatasetpne
alignedmanuallyandthe othersusingthe alignerconbgu
rations specibedin Section 3.3. We also generated6
training/testsplits for the datasetat randomsuchthat (i)
all test words also appearedn the training set, (i) all
splits have English as the sourcelanguageand Frenchas
the target languageand (iii) eachtestsetcontains80 test
sentencesachtraining set contains 730 tree pairs. We
thenappliedthe 6 splits to eachof the 9 versionsof the
datasettrainedthe MT systemon eachtraining setand
testedon eachcorrespondingest set. We evaluatedthe
translationoutput using three automaticevaluationmet
rics, BLEU (Papineniet al., 2002), NIST (Doddington,
2002)andMETEOR (Banerjee% Lavie, 2005),averaging
the resultsoverthe 6 splitsin orderto gaina singlescore
for eachof the 9 variantsof the aligneddatasetWe also
measured coverage for each variant.

These scores are presented in Table 2. We note that most
of the automatically aligned runs outperform the manua
scores for the BLEU and METEOR metric and that the
NIST scores for the automatic alignments are very competi-
tive. Furthermore, al the automatically aligned datasets
achieve higher coverage than the manually aigned run.

Conbgurations BLEU NIST METEOR Coverage
manual 0.5222 6.8931 71.8531% 68.5417%
skipl_scoel 0.5038 6.8673 71.3805% 71.8750%
skipl_scoe2 0.5296 6.8557 72.7302% 72.5000%
skip2_scoel 0.5091 6.9145 71.7764% 71.8750%
skip2_scoe2 0.5333 6.8855 72.9615% 72.5000%

6.9004 72.5916% 72.5000%
6.8452 73.0014% 72.5000%
6.9384 72.7157% 72.5000%
6.8762 72.8765% 72.5000%

skipl_scoel_spani 0.5258
skipl_scoe2_spani 0.5285
skip2_scoel_spani 0.5273
skip2_scoe2_spani 0.5290

Table 2:Translation scores for
the various aligner conbgurations.

We can make the following observations:
¥ the use of the score2 scoring function gives better
translationscoresfor the BLEU and METEOR met
rics;
¥ switching on the selection spanl alignmentfeature
gives better METEOR scores;
¥ selection skip2 results in better BLEU and NIST
scores versuskipl
Unexpectedlythe resultsof the extrinsic evaluationdo
not strictly follow the trendswe found in the intrinsic
evaluationFurtheranalysisof the datarevealedhatdirect
comparisorof the manualandautomaticalignmentss not
appropriate, especially with regards to the word-
alignments.The manualalignmentswere producedwith
anaimto maximiseprecisionwhereasve havefoundthat

our coverage-basealignmentdeadto highertranslations.

scores.This leadsto having many fewer manualword-
alignmentsthan automaticones, which in turn explains
the low precisionscoresin the intrinsic evaluation.From
this we concludethat the improvementof the automatic
alignershouldnot be aimedat bettermatchingthe manual
alignments,but rather at improving the quality of the
translations produced using the automatic alignments.

5. Conclusions

Regardingaligner conbgurationsall evaluationsindicate
that including spanlmakesthe most differenceto align-
mentquality andthat there§little to choosebetweenthe
otherconbguratiorpossibilities.Still, we do not haveevi-
dence that any particular conbgurationof the aligner
should be preferred and recent experimentshave not
shown any signibcant @#rences.

Despitethe clear differenceshetweenthe automaticand
manualalignmentshighlightedin the evaluationof align-
mentquality givenin Section4.1, we haveshownthatthe
translation scoresfor the automatically induced align-
mentsare very competitiveand coveragescoresactually
improve over the manual alignments.

It is perhapssomewhatsurprising that the translation
scoresdo not re3ectthe indicationgiven by the alignment
evaluationthat word-level alignment precisionis lower
than phrase-leveprecision.The explanationfor this may
lie in howthe MT systemworks: becausédOT displaysa
preferencdor usinglargerfragmentsvhenbuilding trans
lations whereverpossible,the impact of inconsistencies
amongstsmallerfragments(i.e. word-levelalignments)is
minimised.

Neverthelessthe evaluationsve havepresentedndicate
that our algorithm performswell and providesa viable
solution to the challenge of inducing sub-tree alignments.

6. Futur e Work

Application of our alignmentalgorithmto parsedsections
of the EnglishBSpanistand EnglishbGermarEuroParl
corpora(Koehn, 2005) is currently underway We intend
to replicatethe evaluationgpresentedherefor thesedata

setsin orderto (i) gain a clearerpicture of differencesn

performancebetweenaligner conbgurationsand (ii) to

demonstratethe language-independenbhature of the
alignment strategy We are also currently investigating
otherusesof the automaticallyaligneddata.Onesuchuse
is the extractionof the alignedphrasegor usein a phrase-
based SMTsystem.

In additionto our currentuse of word-translationprob
ability tables, we expectthat factoring in phrase-table
probabilities when either scoring or selecting hypothe
sised links will lead to increased accuracy

Anotheravenuefor further work centresaroundthe ad
aptationof our existing algorithmto the tasksof tree-to-
string, string-to-treeand string-to-stringalignment,where
phrase-structurevill be constructedo accommodatehe
links thataremade.We alsoplanto investigatethe option
of using n-bestparsedor the sentencesnd allowing our
algorithmto selectthe bestparseaccordingto the links
being induced.
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