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Abstract

We presenta novel generative model for natural languagetree struc-
turesin whichsemantic(lexical dependency) andsyntacticstructuresare
scoredwith separatemodels.Thisfactorizationprovidesconceptualsim-
plicity, straightforwardopportunitiesfor separatelyimproving the com-
ponentmodels,anda level of performancealreadycloseto thatof simi-
lar, non-factoredmodels.Most importantly, unlikeothermodernparsing
models,thefactoredmodeladmitsanextremelyeffectiveA

�
parsingal-

gorithm,which makesefficient,exactinferencefeasible.

1 Introduction

Syntacticstructurehasstandardlybeendescribedin termsof categories(phrasalandword
classlabels),with little mentionof particularwords. This is possible,since,with the ex-
ceptionof certaincommonfunction words, the acceptablesyntacticconfigurationsof a
languageare largely independentof the particularwords that fill out a sentence.Con-
versely, for resolvingthe importantattachmentambiguitiesof modifiersandarguments,
lexical preferencesareknown to be very effective. But equally, methodsbasedonly on
key lexical dependencieshave beenshown to be very effective in resolvingambiguities
betweenvalid syntacticforms [1]. Modernstatisticalparsers[2, 3] standardlyusecom-
plex joint modelsof thesetwo notions,where“everythingis conditionedon everything”
to the extent possiblewithin the limits of datasparsenessand finite computermemory.
For example,theprobability thata verbphrasewill take a nounphraseobjectdependson
the headword of the verb phrase.A VP headedby acquired will likely take an object,
while a VP headedby agreedwill likely not. Therearecertainlystatisticalinteractions
betweensyntacticandsemanticstructure,and,if deeperunderlyingvariablesof commu-
nicationarenot modeled,everythingtendsto bedependenton everythingelsein langauge
[4]. However, theabove considerationssuggestthat theremight be considerablevaluein
a factoredmodel,which providesseparatemodelsof syntacticconfigurationsandlexical
depencies,andthencombinesthemto determineoptimalparses.For example,underthis
view, wemayknow thatacquiredtakesright dependentsheadedby nounssuchascompany
or division, while agreedtakesno nounright dependentsat all. If so, thereis no needto
explicitly model the phrasalselectionon top of the lexical selection. We will show that
sucha modelcanindeedproducea high performanceparser, thoughwe focusparticularly
on how the factoredmodelpermitsefficient exact inference,ratherthanthe approximate
heuristicinferencenormallyusedin largestatisticalparsers.
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Figure1: Threekindsof parsestructures.

2 A Factored Model

Generativemodelsfor parsingtypically modeloneof thekindsof structuresshown in fig-
ure1. Figure1ais a plain phrase-structuretree

�
, which primarily modelssyntacticunits,

figure1b is a dependency tree � , which primarily modelsword-to-wordselectionalaffini-
ties [5], andfigure1c is a lexicalizedphrase-structuretree � , which carriesbothcategory
andheadword andits part-of-speechinformationateachnode.

Lexicalizedtreescanbeviewedasapair ���	� ��
 �
� of onephrasestructuretree
�

andone
dependency tree.In thisview, generativemodelsover lexicalizedtrees,of thesortstandard
in lexicalizedPCFGparsing[2, 3] canthenberegardedasassigningmass��� ��
 �
� to such
pairs.To theextentthatdependency andphrasestructureneednot bemodeledjointly, we
canfactorourmodelas ��� ��
 ��������� � ��������� : thisapproachis thebasisof ourproposed
models,andits useis, to our knowledge,new. This factorization,of course,assignsmass
to pairs which are incompatible,either becausethey do not generatethe sameterminal
string or do not embodycompatiblebracketings. Therefore,the total massassignedto
valid structureswill belessthanone.We couldimaginefixing this by renormalizing.For
example,this situationfits into the product-of-expertsframework [6], with onesemantic
expertandonesyntacticexpertthatmustagreeonasinglestructure.However, sinceweare
presentlyonly interestedin findingmost-likely parses,noglobalrenormalizationconstants
needto becalculated.

Given the factorization��� ��
 �
������� � ��������� , ratherthanengineeringa complex joint
model,we caninsteadbuild two simplermodels.We show that the combinationof even
quitesimple“off theshelf” implementationsof thetwo half-modelsprovidesdecentpars-
ing performance.Further, the factorizationmakesit mucheasierto extendandoptimize
the individual components.We illustratethis by building somewhat improvedversionsof
bothmodels,but believe thatthereis considerableroomfor furtheroptimization.

Concretely, we usedthe following two half-models. For the basicmodel of ��� � � , we
usedthe raw treebankgrammar, taken directly from the training trees[7]. In this model,
nodesrewrite atomically, in a top-down manner, in only thewaysobservedin thetraining
data. Eachtreenode’s label (excluding preterminalsand terminals)wasannotatedwith
both its parent’s label and its grandparent’s label, sinceit is now well known that such
parentannotationimprovestheaccuracy of PCFGparsingby weakeningthePCFGinde-
pendenceassumptions[8]. For example,the NP in figure 1a would actuallyhave been
labeledNPˆSˆROOT. Sincethecountswerenot fragmentedby headword or headtag,we
wereableto directlyusetheMLE parameters,withoutsmoothing.1 Formally, theprobabil-
ity of a rule � beinggeneratedfrom a node� is conditionedon thetwo dominatingnodes:������� � 
 ��� � 
 ���"!#� . For the datausedin section4, the nodeNPˆSˆROOT occurs40238
times,1346timeswith theexpansionNN NNS,sothatrewrite hasprobability1346/40238.

Thedependency model �����
� dealswith taggedwords:pairs $�% 
'&'( . First thehead$�%�) 
'& ) (
of aconstituentis generated,thensuccessive right dependents$�%�* 
'& * ( until aSTOPtoken

1This is not to saythat smoothingwould not improve performance,but to underscorehow the
factoredmodelencounterslesssparsityproblemsthana joint model.



+ is generated,thensuccessiveleft dependentsuntil + is generated.Forexample,in figure1,
first we choosefell-VBD astheheadof thesentence.Then,we generatein-IN to theright,
which thengeneratesSeptemberto the right, which generates+ on bothsidesin turn. At
this point,we returnup to in-IN andgenerate+ to theright, andsoon.

The dependency model requiressmoothing,as the word-word dependency datais very
sparse.In our basicmodel,we generatea dependent,conditionalonly on theheadanddi-
rection,asfollows.Thereis atop-levelmixtureof two dependentgenerationmethods:head
selectionof specificwords,andheadselectionof tags.For headselectionof words,there
is a prior distribution over dependentstakenby a head’s tag, for example,left dependents
takenbyapasttenseverbVBD: ,�-�.�/10'2'/43 2'5608719;:=<?>�@BADC�EGFH-�.�/D082'/10'2'5608719I:=<KJL@MA1C�EGFH-�2'5�0K7D9;:=< .
Observationsof bilexical pairsaretakenagainstthisprior, with someprior strengthNPO :

,�-�.�/G082'/13 .�56082'5�0K7D9;:=<?> @MADC6E1FQ-�.�/10'2'/10'.�560'2'5608719;:L<SRTN O ,�-�.�/D082'/43 2'5608719;:L<
@BADC�EGFQ-�. 5 0'2 5 08719I:=<URVNPO

This model is meantto capturebilexical selection,suchasthe affinity betweenpayrolls
andfell. Alternately, thedependentcanhaveonly its tagselected,thentheword generated
independently: ,�-�.�/G0'2'/G3 .�5W0'2'5608719;:=<X>Y,�-�.Z/43 2'/Q<�,�-�2'/43 .�5�082'5�0K7D9;:=< . The estimatesfor,�-�2'/43 .�5�082'5�0K7D9;:=< aresimilar to theabove,andtheunsmoothedML estimatefor ,�-�.Z/43 2'/Q<
is used.Thesetwo mixturecomponentsarethenlinearly interpolated,giving just two prior
strengthsandamixing weightto beestimatedonheld-out-data.Wediscusselaborationsto
bothmodelsin section4.

At this point,onemightwonderwhathasbeengained.By factoringthesemanticandsyn-
tacticmodels,wehavesimplifiedboth(andfragmentedthedataless),but therearealways
simplermodels,andresearchershaveadoptedcomplex onesbecauseof theirparsingaccu-
racy. In theremainderof thepaperwedemonstratethethreeprimarybenefitsof ourmodel:
it allows a fast,exactparsingalgorithm,it empiricallyparsescomparablyto non-factored
models,andits modularitymakesit easilyextensible.

To demonstrateextension,we also evaluatea first attemptat extendingthe component
models. The enhancedPCFGmodeladdsmarking infinitival VPs, spliting the preposi-
tion tag into sententialand non-sententialoccurences,splitting the conjunctiontag into
contrastive and other occurrences,andaddingspelling features(last two charactersand
capitalization)to theunknown word model(in thebasicPCFGwe simply usetheMLE of,�-[F]\=^_3 C6E�`4E�ALaZE6< with ML estimatesfor the reservedmassper tag). In theenhancedde-
pendency model,weconditionnotonly ondirection,but alsoondistanceandvalence.The
decisionof whetherto generate+ is conditionedon oneof five valuesof distancebetween
theheadandthegenerationpoint: zero,one,2–5,6–10,and11+. If we decideto generate
a non-+ dependent,theactualdependentdependsonly on whetherthe distanceis zeroor
not. That is, we modelonly zero/non-zerovalence.Note that this is (intentionally)very
similar to thegenerativemodelof [2] in broadstructure,but substantiallylesscomplex.

3 An A b Parser

In this section,we outlineanefficient algorithmfor finding theViterbi, or mostprobable,
parsefor a giventerminalsequencein our factoredlexicalizedmodel.Thenaiveapproach
to lexicalizedPCFGparsingis simply to act as if the lexicalizedPCFGhadmany more
symbolsthanits basicPCFGbackbone.For example,while thebasicPCFGmight have a
symbolNP, thelexicalizedonehasa symbolNP-c for everypossibleheadc in thevocab-
ulary. Further, ruleslike S d NP VP becomea family of rulesS-c
d NP-e VP-c . Within
a dynamicprogram,thecoreparseitem in this caseis theedge, shown in figure2, which
is specifiedby its start,end,root symbol,andheadposition.2 Adjacentedgescombineto

2Theheadpositionvariableoften,asin ourcase,alsospecifiesthehead’s tag.
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Figure2: Itemsandselectedschematafor a tabular parser:(top) an
f -�g hH< naive imple-

mentationand(bottom)the
f -�g_jQ< versionfrom [9].

form largeredges,asin thetop of figure2.Thereare
f -�g kH< edges,andtwo edgesarepo-

tentiallycompatiblewhenevertheleft oneendswheretheright onestarts.Therefore,there
are

f -�g hH< suchcombinationsto check,giving an
f -�g hH< algorithm.

EisnerandSatta[9] proposeaclever
f -�g_jQ< modificationwhichseparatesthis processinto

two stepsby introducinganintermediatestructure,asshown in thebottompartof figure2.
In additionto edges,whichencapsulateaheadedconstituent,they addwhatwecall hooks,
which encapsulatea headedconstituent,formedby a certainrule type,with theheadedge
unincorporated,andabstractover the non-headedge’s label andhead. Thereare again
cubicly many of eachitem,but thewin is thatedgescombinewith hooks,not otheredges.
For an edgeanda hook to be compatible,they mustnot only be adjacent,but the head
of the edgemustmatchthe headof the hook,giving a total of

f -�g_jL< work. For details,
see[9]. Nonethess,eventhe

f -�g_jQ< formulationis impracticalfor exhaustiveparsingwith
broad-coverage,lexicalized treebankgrammars. Thereare several reasonsfor this: the
constantfactordue to the grammaris huge(often containingtensof thousandsof rules
oncebinarized),and larger sentencesaremorelikely to containstructureswhich unlock
increasinglylargeregionsof thegrammar.3

Thecoreof our parsingalgorithmis a tabular agenda-basedparser, usingthe
f -�g_jL< sche-

mataabove. The novelty is in the choiceof agendapriority, wherewe exploit the rapid
parsingalgorithmsavailablefor thesub-modelsto speeduptheotherwideimpracticalcom-
binedparser, but maintainthat the first parsediscoveredwill be theactualmost-probable
parse.Otherparserswith comparablemodelsaccelerateparsingin waysthatdestroy this
correctnessguarantee.Thetop-level procedureis givenin figure3. First,weparseexhaus-
tively with thetwo sub-models,not to find completeparses,but to find bestoutsidescores
for eachedge l . An outsidescoreis the scoreof the bestparsestructurewhich startsat
thegoalandincludesl , thewordsbeforeit, andthewordsafter it, asdepictedin figure3.
Outsidescoresare the Viterbi versionof the standardoutsideprobabilitiesgiven by the
inside-outsidealgorithm[11]. The syntacticcomponent,,�-�mn< , is a standardPCFG,and
well-known cubic insideparsingalgorithmsareeasilyadaptedto alsofind outsidescores.
For the semanticcomponent,,�-po
< , thereareseveral presentationsof cubic algorithms,
including[9] and[12]. Thesecanalsobeadaptedto produceoutsidescoresin cubictime,
thoughsincetheir basicdatastructuresarenot organizedaroundedges,thereis somesub-
tlety. For spacereasons,we omit thedetailsof thesephases.

3[10] describeshow this canleadto empiricalgrowth far fasterthanthepredictedboundsasthe
sentencelengthleaksinto constantshiddenin theworst-casebounds,leadingto implementationsthat
seemfastfor shortsentencesbut bogdown for longerones.
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Figure3: Thetop-level algorithmandapictureof anoutsidescore� andaninsidescore� .

An agenda-basedparsertracksall items(edgesandhooksin our case)thathavebeencon-
structedto date.Whenanitem is first constructed,it is put on anagenda,which is a heap
indexedby somescorefor thatnode. The agendais a holdingareafor itemswhich have
beenbuilt in at leastoneway, but which have not yet beenusedto build otheritems. The
corecycleof theparseris to removethehighest-scoreditemfrom theagenda,andacton it
accordingto therelevantschemata,combiningit with any appropriatepreviously removed
items.This muchis commonto many parsers;suchparsersprimarily differ in their choice
of agendapriority. If thepriority is thebestknown insidescorefor anitem,thentheparser
will be correctin that eachitem’s scoreestimateis actuallyits true bestscorewhenit is
removedform the agenda.In particular, the first goalparsefound will be the exact most
likely parse.Theproof is ageneralizationof theproofof Dijsktra’salgorithm,andis omit-
tedfor spacereasons(but see[13] for aproof). However, removing edgesby insidescoreis
not feasible,becauseall smalledgesendup having betterscoresthanany largeedges;see
section4 for anempiricaldemonstration.Luckily, thecorrectnessof thealgorithmremains
if, ratherthanremoving itemsfrom the heapby their bestscores,we addto thosescores
any optimistic (admissable)estimateof thecostto completea parseusingthat item. The
proof of this is a generalizationof theproof of thecorrectnessof A

�
search.

To ourknowledge,nowayof generatingeffective,admissibleA
�

estimatesfor this taskhas
beenpreviously proposed.4 However, becauseof thefactoredstructureof our model,we
canusetheresultsof theindividualmodels’parsesto giveusquitesharpA

�
estimates.Say

we want to know theoutsidescoreof anedgel . Thatscorewill be thescoreof a certain
structure-�m�08o
< outsideof l , wherem and o arecompatible.Now, from theinitial phases,
we know thebest m�� andthebest o�� which canoccuroutsideof l . It maywell bethat mn�
and o�� arenot compatible.However, �H�M�Q:Ll4-�mn<����H�M�Q:Ll4-�m���< and �H�M�Q:Ll4-�o�<����H�M�Q:Ll4-�o
��< ,
andso �#�B�Q:Ql4-�m�08o
<�>��H�M�Q:Ll4-�mn<�R��H�M�Q:Ll4-�o
<��	�H�M�Q:Ll4-�m���<�R��H�M�Q:LlG-po��[< . Therefore,we
canusethe individual models’outsidescoresto synthesizean outsidescorefor the joint
modelwhich is not lessthat the true joint outsidescore. It is reasonableto assumethat
the two modelswill be broadlycompatible,andwill generallyprefersimilar structures,
creatinga sharpA

�
estimate,andgreatlyreducingthework neededto find thegoalparse.

We giveempiricalevidenceof this in section4.

4 Empirical Performance

In thissection,wedemonstratethat(i) thefactoredmodel’sparsingperformanceis compa-
rableto non-factoredmodelswhich usesimilar features,(ii) thereis anadvantageto exact

4The basicideaof changingedgepriorities to moreeffectively guideparserwork is standardly
used,andotherauthorshave madevery effective useof inadmissableestimates.[2] usesextensive
probabilisticpruning– this amountsto giving prunededgesinfinitely low priority. Absolutepruning
can,anddoes,preventthetruemaximuma posterioriparsefrom beingreturnedat all. [14] removes
edgesin orderof estimatesof theircorrecteness.Thismayresultin thefirst parsefoundnotbeingthe
truemaximumparse,andhasanothermoresubtledrawback:we mayholdbackanedge� for a very
long time,finally remove it from theagenda,andthendiscover a betterway of constructinganother
edge� using � . If � hasalreadybeenusedto constructlargeredges,wemustpropagateits new score
upwards,whichmaytriggeryet furtherpropagation.



PCFGModel Precision Recall F� ExactMatch
Basic 81.2 80.5 80.8 19.0

Enhanced 82.7 82.2 82.4 20.8

Dependency Model Dependency Acc
Basic 78.9

Enhanced 84.0

(a)ThePCFGModel (b) TheDependency Model

Figure4: Performanceof thesub-modelsalone.

PCFGModel Dependency Model Precision Recall F� ExactMatch Dependency Acc
Basic Basic 83.5 84.1 83.8 23.4 88.6
Basic Enhanced 85.0 85.8 85.4 24.5 89.9

Enhanced Basic 84.3 85.1 84.7 25.5 89.0
Enhanced Enhanced 85.6 86.6 86.0 26.4 90.2

PCFGModel Dependency Model Thresholded? F� ExactMatch Dependency Acc
Basic Basic No 83.5 23.4 88.6

Yes 83.8 23.0 88.3
Enhanced Enhanced No 86.0 26.4 90.2

Yes 85.6 25.7 89.9

Figure5: Thecombinedmodel,with varioussub-models,andwith/without thresholding.

inference,and(iii) theA � savingsaresubstantial.First,wegiveparsingfiguresonthestan-
dardPenntreebankparsingtask. We trainedthe two sub-models,separately, on sections
02–21of theWSJsectionof thetreebank.Thenumbersreportedherearetheresultof then
testingon section23 (length � 40). Thetreebankonly suppliesnodelabels(like NP),and
doesnot containheadinformation. Headswerecalculatedfor eachnodeaccordingto the
deterministicrulesgivenin [2]. Theserulesarebroadlycorrect,but not perfect.

We effectively have three parsers: the PCFGparseralone, which producesnonlexical
phrasestructureslike figure1a,thedependency parser, which producesdependency struc-
tureslikefigure1b,andthecombinationparserwith produceslexicalizedphrasestructure,
like figure1c. Theoutputof thecombinationparsercanalsobeprojecteddown to either
nonlexical phrasestructureor dependency structure.We scoretheoutputof our parsersin
two ways.First,thephrasestructureof thePCFGandcombinationparserscanbecompared
to thetreebankparses.Theparsingmeasuresstandardlyusedfor this taskarelabeledpre-
cisionandrecall.5 We alsoreportF � , theharmonicmeanof thesetwo quantities.Second,
for thedepenendency andcombinationparsers,wecanscorethedependency structures.A
dependency structure� is viewed asa setof head-dependentpairs �I� �K�G  , with an extra
dependency ��¡L¢L¢Q£¤�'¥P  where ¡Q¢L¢Q£ is a specialsymboland ¥ is the headof the sentence.
Although the dependency modelgeneratespart-of-speechtagsaswell, theseareignored
for dependency accuracy. Punctuationis not scored.Sinceall dependency structuresover¦ non-punctuationterminalscontain¦ dependencies( ¦�§V¨ plustherootdependency), we
reportonly accuracy, which is identicalto bothprecisionandrecall. It shouldbestressed
that the“correct” dependency structures,thoughgenerallycorrect,aregeneratedfrom the
PCFGstructuresby linguisticallymotivated,but automaticandonly heuristicrules.

Figure4 shows therespectivescoresfor thePCFGanddependency half-parsers.For each,
we givefiguresfor boththebasicmodelandtheenhancedmodel,with theenhancedmod-
els improving the componentmodels’ F � performanceby 1.6% and 4.1%, respectively.
The combinationparser’s performanceis given in figure 5. As eachindividual model is
improved,thecombinationis improvedon all measures,with a top F � of 86.0%.For that
setting,figure6 shows the relative F � of the combinationparserto the PCFGcomponent
alone,showing theunsurpisingtrendthattheadditionof thedependency modelhelpsmore

5A tree © is viewed asa setof constituentsªH«�©�¬ . Constituentsin thecorrectandthe proposed
treemusthave thesamestart,end,andlabelto beconsideredidentical.For this measure,thelexical
headsof nodesare irrelevant. The actualmeasuresusedare detailedin [15], and involve minor
normalizationslike theremoval of punctuationin thecomparison.
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for longersentences,which, on average,containmoreattachmentambiguity. An FO of
86.0is greaterthanthatof the lexicalizedparserspresentedin [15, 16], but lessthanthat
of the newer, morecomplex, parserspresentedin [3, 2], which reachashigh as90.1%
FO . However, it is worth pointingout that thesehigher-accuracy parsersincorporatemany
finely wroughtenhancementswhich couldpresumablybeextractedandappliedto benefit
our individualmodels.6

Theprimarygoalof thispaperis notto presentamaximallytunedparser, but todemonstrate
a methodfor fast, exact inferenceusablein parsing. Given the impracticality of exact
inferencefor standardparsers,a commonstrategy is to take thePCFGbackbone,extracta
setof topparses,eitherthetop ® or all parseswithin ascorethresholdof thetopparse,and
rerankthem[3, 17]. Thispruningis donefor efficiency; thequestionis whetherit is hurting
accuracy. Thatis,wouldexactinferencebepreferable?Figure5 showstheresultof parsing
with ourcombinedmodelwheretheA

�
estimateswerealteredto blockparseswhosePCFG

scorewasfurther thana threshold̄°>²± in log-probabilityfrom thebestPCFGparse,for
both the top- and bottom-performingversionsof our parser. With the basicmodel, FO
performanceactuallyincreaseswith pruning.But, in bothcases,dependency accuracy and
exactmatchscoresdrop.

While pruningtypically buysspeedat theexpenseof someaccuracy, theobservationthat
pruningcanactuallyimproveFO hasbeenmadebefore:Charniaketal. [14] find thatprun-
ing basedonestimatesfor ,�-pl43 �Q< , thatis, thefractionof parsesof a sentence� whichcon-
tainacertainedgel , raisesaccuracy slightly, for anon-lexicalizedPCFG.As they note,this
increaseseemsto bedueto thefactthatthispruningmetricmimicsGoodman’smaximum-
constituentsparsing[18], which maximizesthe expectednumberof correctnodesrather
thanthelikelihoodof theentireparse.Thetrade-off betweenFO , exactmatch,dependency
accuracy, andparsingspeedis certainlyavaluejudgment.However, it is worthpointingout
thatif, asis common,parsingis meantto beapreludeto semanticprocessing,theaccuracy
of the dependency structureis likely to be of primary concern,andthe presentevidence
suggeststhat this accuracy is hurt by naive pruning. In any case,we seeit asvaluableto
haveanexactparserwith which thesetypesof questionscanbeinvestigatedat all.

Weconcludewith dataontheeffectivenessof theA
�

method.Figure6bshowstheaverage
numberof itemsextractedfrom the agendaassentencelength increases.Numbersboth
with andwithout the A

�
estimatesareshown. Clearly, the best-firstversionof theparser

is dramaticallylessefficient; by sentencelength10 it processes1.2M items,while even
at length40 the A

�
heuristicsareso effective that only around50K itemsareprocessed.

At length10, thefractionof itemssupressedis 99.997%,andfurtherapproaches100%as

6For example,thedependency distancefunctionof [2] registerspunctuationandverbcounts,and
bothvariouslyaddfurthernodeannotation,suchasadistinctionbetweenfiniteandnon-finiteSnodes,
andMarkovizedrules,which couldimprove thePCFGgrammar. In addition,theeasyintelligibility
of our factoredmodelssuggeststo usa numberof otherthingswemight try.



lengthincreases.To explain thiseffectiveness,wesuggestthatthecombinedparsingphase
is really only figuring out how to reconcilethe two models. To supportthis claim, fig-
ure6c shows theaveragenumberof itemsprocessedversusthebinneddifferencebetween
a parse’s joint bestscoreandseparatebestscore. This amountis the width of the area
exploredby theA

�
search,andempiricallywork increasedwith thatdifference.Average

width variedby model,but generallyaveragedlessthan3. As a result,the A
�

estimates
wereso effective that even with our object-heavy Java implementationof the combined
parser, totalparsetime wasdominatedby thearray-basedinitial PCFGphase.7

5 Conclusion

Thefactoredmodelframework over lexicalizedtreeshasseveraladvantages.It is concep-
tually simple,andmodularizesthe modeldesignandestimationproblems.The concrete
modelpresentedperformscomparablytoother, morecomplex, non-exactmodelsproposed,
andcanbeeasilyextendedin thesamewaysthatotherparsermodelshavebeen.Most im-
portantly, it admitsa novel A

�
parsingapproachwhich allows fast,exact inferenceof the

mostprobableparse.
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