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Abstract

We presenta novel generatie model for naturallanguagetree struc-
turesin which semantiqlexical dependenyg) andsyntacticstructuresare
scoredwith separatenodels.Thisfactorizationprovidesconceptuasim-
plicity, straightforward opportunitiesfor separatelymproving the com-
ponentmodels,anda level of performancelreadycloseto thatof simi-
lar, non-factoredmodels.Mostimportantly unlike othermodernparsing
models thefactoredmodeladmitsanextremelyeffective A* parsingal-
gorithm,which makesefficient, exactinferencefeasible.

1 Introduction

Syntacticstructurehasstandardiybeendescribedn termsof cateyories(phrasalandword
classlabels),with little mentionof particularwords. This is possible since,with the ex-
ceptionof certaincommonfunction words, the acceptablesyntacticconfigurationsof a
languageare largely independentf the particularwords that fill out a sentence.Con-
versely for resolvingthe importantattachmentmbiguitiesof modifiersand arguments,
lexical preferencesre known to be very effective. But equally methodsbasedonly on
key lexical dependenciebave beenshowvn to be very effective in resolvingambiguities
betweenvalid syntacticforms [1]. Modernstatisticalparserq2, 3] standardlyusecom-
plex joint modelsof thesetwo notions,where“everythingis conditionedon everything”
to the extent possiblewithin the limits of datasparsenesand finite computermemory
For example,the probability thata verb phrasewill 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. Thereare certainly statisticalinteractions
betweensyntacticand semanticstructure,and,if deepemnderlyingvariablesof commu-
nicationarenot modeled everythingtendsto be dependenbn everythingelsein langauge
[4]. However, the above considerationsuggesthat theremight be considerablezaluein
a factoredmodel, which providesseparatanodelsof syntacticconfigurationsandlexical
depenciesandthencombineshemto determineoptimal parses.For example,underthis
view, we mayknow thatacquiredtakesright dependentieadedy nounssuchascompany
or division, while agreedtakesno nounright dependentsatall. If so,thereis no needto
explicitly modelthe phrasalselectionon top of the lexical selection. We will showv that
sucha modelcanindeedproducea high performanceparseythoughwe focusparticularly
on how the factoredmodel permitsefficient exactinference ratherthanthe approximate
heuristicinferencenormallyusedin large statisticalparsers.
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Figurel: Threekindsof parsestructures.

2 A Factored Model

Generatre modelsfor parsingtypically modeloneof the kinds of structureshawn in fig-
ure 1. Figurelais aplain phrase-structurereeT’, which primarily modelssyntacticunits,
figure 1bis adependengtree D, which primarily modelsword-to-word selectionakffini-
ties[5], andfigure 1cis alexicalizedphrase-structurgree L, which carriesboth category
andheadword andits part-of-speeclnformationat eachnode.

Lexicalizedtreescanbeviewedasapair L = (T, D) of onephrasestructurereeT andone
dependengtree.In this view, generatre modelsoverlexicalizedtrees of the sortstandard
in lexicalizedPCFGparsing[2, 3] canthenberegardedasassigningnassP (7', D) to such
pairs. To the extentthatdependeng andphrasestructureneednot be modeledjointly, we
canfactorourmodelasP(T, D) = P(T)P(D): thisapproachs thebasisof our proposed
models,andits useis, to our knowledge,new. This factorization,of course assignanass
to pairs which are incompatible,either becauseghey do not generatehe sameterminal
string or do not embodycompatiblebracletings. Therefore,the total massassignedo
valid structureswill belessthanone. We couldimaginefixing this by renormalizing.For
example, this situationfits into the product-of-epertsframeawvork [6], with one semantic
expertandonesyntacticexpertthatmustagreeon asinglestructure However, sincewe are
presentlyonly interestedn finding most-likely parsesno globalrenormalizatiorconstants
needto becalculated.

Giventhe factorizationP(T', D) = P(T)P(D), ratherthanengineeringa comple joint
model,we caninsteadbuild two simplermodels. We shav thatthe combinationof even
quitesimple“off the shelf” implementation®f thetwo half-modelsprovidesdecentpars-
ing performance.Further the factorizationmakesit mucheasierto extendandoptimize
theindividual componentsWe illustratethis by building somavhatimprovedversionsof
bothmodels but believe thatthereis considerableoomfor furtheroptimization.

Concretely we usedthe following two half-models. For the basicmodelof P(T'), we
usedthe raw treebankgrammay taken directly from the training trees[7]. In this model,
nodesrewrite atomically in atop-davn mannerin only thewaysobsenedin thetraining
data. Eachtree nodes label (excluding preterminalsand terminals)was annotatedwith
bothits parents label andits grandparens label, sinceit is now well known that such
parentannotationmprovesthe accurag of PCFGparsingby wealeningthe PCFGinde-
pendenceassumptiong8]. For example,the NP in figure 1a would actually have been
labeledNP"S"ROOT. Sincethe countswerenot fragmentedoy headword or headtag, we
wereableto directly usethe MLE parametersyithoutsmoothing! Formally, the probabil-
ity of aruler beinggeneratedrom a noden is conditionedon the two dominatingnodes:
P(rln,n_1,n_5). For the datausedin section4, the nodeNP"S"ROOT occurs40238
times,1346timeswith theexpansiorNN NNS, sothatrewrite hasprobability1346/40238.

Thedependengmodel P(D) dealswith taggedwvords: pairs(w, t). Firstthehead(wy,, t5)
of aconstituents generatedthensuccessie right dependent$wg, t4) until a STOPtoken

1This is not to saythat smoothingwould not improve performancebut to underscoréhow the
factoredmodelencountersesssparsityproblemsthanajoint model.



o isgeneratecthensuccessie left dependentantil ¢ is generatedrFor example,in figurel,
first we choosefell-vBD asthe headof the sentenceThen,we generatén-IN to theright,
which thengenerate$eptembeto theright, which generates on both sidesin turn. At
this point, we returnup to in-IN andgenerate> to theright, andsoon.

The dependeng model requiressmoothing,as the word-word dependeng datais very
sparseln our basicmodel,we generatea dependentgonditionalonly on the headanddi-
rection,asfollows. Thereis atop-level mixtureof two dependengeneratioomethodshead
selectionof specificwords,andheadselectionof tags. For headselectionof words,there
is a prior distribution over dependentsaken by a heads tag, for example,left dependents
takenby apasttenseverbvBD: P(wg,tqty, dir) = count(wg, tq, tn, dir) /count(ty, dir).
Obsenationsof bilexical pairsaretakenagainsthis prior, with someprior strengthl; :

count(wgq, tq, Wh, th, dir) + A\ P(wgq, tq|tn, dir)
count(wp,, tp, dir) + A

P(wq, tg|wn, tp, dir) =

This modelis meantto capturebilexical selection,suchasthe affinity betweenpaymlls
andfell. Alternately the dependentanhave only its tag selectedthentheword generated
independently: P(wgq, tg|wp, th, dir) = P(wg|tq)P(ta|wp,ts,dir). The estimatesfor
P(tq|wp, tn, dir) aresimilar to theabove, andthe unsmoothedL estimatefor P(wgq|tq)
is used.Thesewo mixture componentgrethenlinearly interpolatedgiving justtwo prior
strengthsanda mixing weightto be estimatedn held-out-dataWe discusselaborationgo
bothmodelsin sectior4.

At this point, onemight wonderwhathasbeengained.By factoringthe semanticandsyn-
tacticmodelswe have simplified both (andfragmentedhe dataless),but therearealways
simplermodelsandresearchersave adopteccomplex onesbecausef their parsingaccu-
ragy. In theremaindeof the papemwe demonstrat¢éhethreeprimarybenefitsof ourmodel:
it allows a fast,exact parsingalgorithm, it empirically parsescomparablyto non-factored
models,andits modularitymalesit easilyextensible.

To demonstratextension,we also evaluatea first attemptat extendingthe component
models. The enhanced®CFG modeladdsmarkinginfinitival VPs, spliting the preposi-
tion tag into sententialand non-sententiabccurencessplitting the conjunctiontag into
contrastve and other occurrencesand addingspelling features(last two charactersaand
capitalization)to the unknavn word model(in the basicPCFGwe simply usethe MLE of
P(tag|unknown) with ML estimatedor the resened masspertag). In the enhancedie-
pendeng model,we conditionnotonly ondirection,but alsoon distanceandvalence . The
decisionof whetherto generate> is conditionedon oneof five valuesof distancebetween
the headandthe generatiorpoint: zero,one,2-5,6-10,and11+. If we decideto generate
a non- dependentthe actualdependentiependsonly on whetherthe distances zeroor
not. Thatis, we modelonly zero/non-zerozalence. Note that this is (intentionally) very
similar to thegeneratie modelof [2] in broadstructure put substantialljlesscomplex.

3 An A* Parser

In this section,we outline an efficient algorithmfor finding the Viterbi, or mostprobable,
parsefor a giventerminalsequencén our factoredexicalizedmodel. The naive approach
to lexicalized PCFGparsingis simply to actasif the lexicalized PCFGhad mary more
symbolsthanits basicPCFGbackbone For example,while the basicPCFGmight have a
symbolNP, thelexicalizedonehasa symbolNP- for every possibleheadz in thevocab-
ulary. Further ruleslike S— NP VP becomeafamily of rulesS« — NPy VP-z. Within
a dynamicprogram,the core parseitem in this caseis the edge, showvn in figure 2, which
is specifiedby its start,end,root symbol,andheadposition? Adjacentedgescombineto

2Theheadpositionvariableoften,asin our case alsospecifieghe heads tag.
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Figure2: Itemsand selectedschematdor a takular parser:(top) an O(n®) naive imple-
mentationand(bottom)the O (n*) versionfrom [9].

form largeredgesasin thetop of figure 2. Thereare O(n?) edgesandtwo edgesarepo-
tentially compatiblevhenevertheleft oneendswheretheright onestarts. Thereforethere
areO(n®) suchcombinationgo check,giving anO(n?) algorithm.

EisnerandSatta[9] proposeaclever O(n*) modificationwhich separatethis processnto
two stepsby introducinganintermediatestructure asshown in thebottompartof figure 2.
In additionto edgeswhich encapsulata headedonstituentthey addwhatwe call hooks
which encapsulata headectonstituentformedby a certainrule type, with the headedge
unincorporatedand abstractover the non-headedges label and head. Thereare again
cubicly mary of eachitem, but thewin is thatedgescombinewith hooks,not otheredges.
For an edgeand a hook to be compatible,they mustnot only be adjacentbut the head
of the edgemustmatchthe headof the hook, giving a total of O(n*) work. For details,
see[9]. Nonethesseventhe O(n?) formulationis impracticalfor exhaustve parsingwith
broad-caerage lexicalized treebankgrammars. There are several reasondor this: the
constantfactor dueto the grammaris huge (often containingtensof thousandf rules
oncebinarized),andlarger sentencesare morelikely to containstructureswvhich unlock
increasinglylargeregionsof thegrammar

Thecoreof our parsingalgorithmis a takular agenda-basepiarseyusingthe O(n*) sche-
mataabove. The novelty is in the choiceof agendapriority, wherewe exploit the rapid
parsingalgorithmsavailablefor thesub-model$o speeduptheotherwideimpracticalcom-
bined parser but maintainthatthe first parsediscoseredwill be the actualmost-probable
parse.Otherparsersvith comparablemodelsacceleratgarsingin waysthatdestry this
correctnesguaranteeThetop-level proceduras givenin figure 3. First, we parseexhaus-
tively with thetwo sub-modelsnot to find completeparseshut to find bestoutsidescoles
for eachedgee. An outsidescoreis the scoreof the bestparsestructurewhich startsat
thegoalandincludese, the wordsbeforeit, andthe wordsafterit, asdepictedin figure 3.
Outsidescoresare the Viterbi versionof the standardoutsideprobabilitiesgiven by the
inside-outsidealgorithm[11]. The syntacticcomponent,P(T'), is a standardPCFG,and
well-known cubicinside parsingalgorithmsare easilyadaptedo alsofind outsidescores.
For the semanticcomponent,P(D), thereare several presentationsf cubic algorithms,
including[9] and[12]. Thesecanalsobeadaptedo produceoutsidescoresn cubictime,
thoughsincetheir basicdatastructuresarenot organizedaroundedgesthereis somesub-
tlety. For spacereasonswe omit the detailsof thesephases.

3[10] describeshow this canleadto empiricalgrowth far fasterthanthe predictedboundsasthe
sentencéengthleaksinto constant$iiddenin theworst-casdounds)eadingto implementationshat
seenfastfor shortsentencebut bogdown for longerones.
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Figure3: Thetop-level algorithmanda pictureof anoutsidescorea andaninsidescoreg.

An agenda-baseplarsettracksall items(edgesandhooksin our casethathave beencon-
structedto date. Whenanitem s first constructedit is put on anagendawhichis a heap
indexed by somescorefor that node. The agendas a holding areafor itemswhich have
beenbuilt in atleastoneway, but which have not yet beenusedto build otheritems. The
corecycle of the parseiis to remove the highest-scoretem from theagendaandacton it
accordingto therelevantschematagombiningit with any appropriatereviously removed
items. This muchis commonto mary parserssuchparsergprimarily differ in their choice
of agendariority. If the priority is thebestknown insidescorefor anitem, thenthe parser
will be correctin thateachitem’s scoreestimateis actuallyits true bestscorewhenit is
removed form the agenda.In particular the first goal parsefound will be the exact most
likely parse.Theproofis ageneralizatiorof the proof of Dijsktra’s algorithm,andis omit-
tedfor spacaeasongbut seg[13] for aproof). However, removing edgesy insidescoreis
notfeasible becausall smalledgessndup having betterscoreghanary largeedgessee
sectiord for anempiricaldemonstrationLuckily, thecorrectnessf thealgorithmremains
if, ratherthanremoving itemsfrom the heapby their bestscoreswe addto thosescores
ary optimistic (admissablestimateof the costto completea parseusingthatitem. The
proof of thisis a generalizatiorof the proof of the correctnessf A* search.

To ourknowledge ,noway of generatingffective,admissibleA* estimatedor thistaskhas
beenpreviously proposed? However, becausef the factoredstructureof our model,we
canusetheresultsof theindividualmodels’parsego give usquitesharpA* estimatesSay
we wantto know the outsidescoreof anedgee. Thatscorewill bethe scoreof a certain
structure(T, D) outsideof e, whereT and D arecompatible Now, from theinitial phases,
we know the bestT” andthe bestD’ which canoccuroutsideof e. It maywell bethat7T"”
andD' arenotcompatible However, score(T) < score(T") andscore(D) < score(D'),
andsoscore(T, D) = score(T) + score(D) < score(T") + score(D'). Thereforewe
canusethe individual models’ outsidescoresto synthesizean outsidescorefor the joint
modelwhich is not lessthat the true joint outsidescore. It is reasonabléo assumehat
the two modelswill be broadly compatible,andwill generallyprefer similar structures,
creatinga sharpA* estimate andgreatlyreducingthe work neededo find the goal parse.
We give empiricalevidenceof thisin sectiond.

4 Empirical Performance

In this sectionwe demonstratéhat(i) thefactoredmodel’s parsingperformances compa-
rableto non-factoredmodelswhich usesimilar features(ii) thereis anadwantageto exact

“The basicideaof changingedgepriorities to more effectively guide parserwork is standardly
used,and otherauthorshave madevery effective useof inadmissablestimates[2] usesextensive
probabilisticpruning— this amountgo giving prunededgednfinitely low priority. Absolutepruning
can,anddoes preventthe true maximuma posterioriparsefrom beingreturnedatall. [14] removes
edgesdn orderof estimate®f their correctenessThis mayresultin thefirst parsefoundnotbeingthe
true maximumparse andhasanothemoresubtledravback: we mayhold backanedgee for avery
long time, finally remove it from the agendaandthendiscover a betterway of constructinganother
edgef usinge. If f hasalreadybeenusedto constructargeredgesye mustpropagatéts new score
upwards,which maytriggeryet furtherpropagation.



PCFGModel | Precision Recall F, ExactMatch DependengModel | Dependeng Acc |
Basic 81.2 80.5 80.8 19.0 Basic 78.9
Enhanced 82.7 822 824 20.8 Enhanced 84.0
(&) The PCFGModel (b) The Dependeng Model
Figure4: Performancef the sub-modelslone.
PCFGModel DependengModel | Precision Recall F; ExactMatch | Dependeng Acc
Basic Basic 835 841 838 234 88.6
Basic Enhanced 85.0 858 854 24.5 89.9
Enhanced Basic 84.3 85.1 847 25.5 89.0
Enhanced Enhanced 85.6 86.6 86.0 26.4 90.2
PCFGModel DependengModel | Thresholded? F,  ExactMatch | DependengAcc
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-modelsandwith/without thresholding.

inferenceand(iii) the A* savingsaresubstantialFirst,we give parsingfiguresonthestan-
dard Penntreebankparsingtask. We trainedthe two sub-modelsseparatelyon sections
02-21of theWSJsectionof thetreebank Thenumbergeportecherearetheresultof then
testingon section23 (length< 40). Thetreebankonly suppliesnodelabels(like NP),and
doesnot containheadinformation. Headswere calculatedfor eachnodeaccordingto the
deterministicqulesgivenin [2]. Theserulesarebroadlycorrect,but not perfect.

We effectively have three parsers:the PCFG parseralone, which producesnonlexical
phrasestructuredik e figure 1a,the dependeng parserwhich producesdependeng struc-
tureslik e figure 1b, andthe combinationparsemith producedexicalizedphrasestructure,
like figure 1c. The outputof the combinationparsercanalsobe projecteddown to either
nonlexical phrasestructureor dependeng structure.We scorethe outputof our parsersn
two ways. First,thephrasestructureof the PCFGandcombinatiorparserg€anbecompared
to thetreebankparsesThe parsingmeasurestandardlyusedfor this taskarelabeledpre-
cisionandrecall® We alsoreportF; , the harmonicmeanof thesetwo quantities.Second,
for thedepenendencandcombinationparserswe canscorethe dependengstructuresA
dependeng structureD is viewed asa setof head-dependemairs (h, d), with an extra
dependeng (root, ) whereroot is a specialsymbolandz is the headof the sentence.
Although the dependeng model generatepart-of-speectiagsaswell, theseareignored
for dependengaccurag. Punctuations not scored.Sinceall dependeng structuresover
n non-punctuationerminalscontainn dependencie@ — 1 plustherootdependeny), we
reportonly accuray, which is identicalto both precisionandrecall. It shouldbe stressed
thatthe “correct” dependeng structuresthoughgenerallycorrect,aregeneratedrom the
PCFGstructuredy linguistically motivated,but automaticandonly heuristicrules.

Figure4 shavs therespectie scoredor the PCFGanddependenghalf-parsersFor each,
we give figuresfor boththe basicmodelandthe enhancednodel,with the enhancednod-
elsimproving the componentmodels’ F; performanceby 1.6% and 4.1%, respectiely.
The combinationparsers performancds givenin figure 5. As eachindividual modelis
improved,the combinationis improvedon all measureswith atop F; of 86.0%. For that
setting,figure 6 shavs the relative F; of the combinationparserto the PCFGcomponent
alone,shaving theunsurpisingrendthatthe additionof thedependengmodelhelpsmore

°A treeT is viewed asa setof constituents:(T)). Constituentsn the correctandthe proposed
treemusthave the samestart,end,andlabelto be considereddentical. For this measurethe lexical
headsof nodesare irrelevant. The actualmeasuresisedare detailedin [15], andinvolve minor
normalizationdik e theremoval of punctuationin the comparison.
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for longer sentenceswhich, on average,containmore attachmeneambiguity An F; of
86.0is greaterthanthat of the lexicalizedparsergresentedn [15, 16], but lessthanthat
of the newer, more comple, parserspresentedn [3, 2], which reachas high as90.1%
F;. However, it is worth pointing out thatthesehigheraccurag parsersncorporatemary
finely wroughtenhancementshich could presumablybe extractedandappliedto benefit
ourindividual models®

Theprimarygoalof this paperlis notto presenamaximallytunedparserbutto demonstrate
a methodfor fast, exact inferenceusablein parsing. Given the impracticality of exact
inferencefor standargarsersa commonstratayy is to take the PCFGbackbonegxtracta
setof top parseseitherthetop & or all parseswithin ascorethresholdof thetop parseand
rerankthem[3, 17]. Thispruningis donefor efficiency; thequestioris whetherit is hurting
accuray. Thatis, would exactinferencebe preferableFigure5 shovstheresultof parsing
with ourcombinednodelwherethe A* estimatesverealteredto block parseswvhosePCFG
scorewasfurtherthanathresholdd = 2 in log-probabilityfrom the bestPCFGparse for
both the top- and bottom-performingversionsof our parser With the basicmodel, F,
performancectuallyincreasesvith pruning.But, in bothcasesgdependengaccuray and
exactmatchscoredrop.

While pruningtypically buys speedat the expenseof someaccurag, the obsenationthat
pruningcanactuallyimprove F; hasbeenmadebefore:Charniaketal. [14] find thatprun-
ing basedn estimatedor P(e|s), thatis, thefractionof parsef a sentence which con-
tainacertainedgee, raisesaccuray slightly, for anon-lexicalizedPCFG.As they note, this

increaseseemgo be dueto thefactthatthis pruningmetricmimics Goodmans maximum-
constituentgarsing[18], which maximizesthe expectednumberof correctnodesrather
thanthelik elihoodof the entireparse.Thetrade-of betweerF; , exactmatch,dependeng
accurag, andparsingspeeds certainlyavaluejudgment.However, it is worth pointingout
thatif, asis common parsingis meantto beapreludeto semantigrocessingtheaccurayg

of the dependeng structureis likely to be of primary concern,andthe presentevidence
suggestshatthis accurag is hurt by naive pruning. In ary case,we seeit asvaluableto

have anexactparsemwith which thesetypesof questionsanbeinvestigatedatall.

We concludewith dataonthe effectivenesof the A* method.Figure6b shavstheaverage
numberof items extractedfrom the agendaas sentencdengthincreases.Numbershoth
with andwithout the A* estimatesareshavn. Clearly, the best-firstversionof the parser
is dramaticallylessefficient; by sentencdength 10 it processed.2M items, while even
atlength40 the A* heuristicsare so effective that only around50K itemsare processed.
At length10, thefraction of itemssupresseds 99.997% andfurtherapproache400%as

SFor example the dependengcdistanceunctionof [2] registerspunctuatiorandverbcounts,and
bothvariouslyaddfurthernodeannotationsuchasadistinctionbetweerfinite andnon-finiteS nodes,
andMarkovizedrules,which couldimprave the PCFGgrammar In addition,the easyintelligibility
of ourfactoredmodelssuggestso usa numberof otherthingswe mighttry.



lengthincreasesTo explainthis effectivenesswe suggesthatthecombinedparsingphase
is really only figuring out how to reconcilethe two models. To supportthis claim, fig-
ure 6¢ shovs the averagenumberof itemsprocessedersusthe binneddifferencebetween
a parses joint bestscoreand separatébestscore. This amountis the width of the area
exploredby the A* searchandempirically work increasedwith that difference.Average
width variedby model, but generallyaveragedessthan3. As aresult,the A* estimates
were so effective that even with our object-heay Java implementationof the combined
parseytotal parsetime wasdominatecdby the array-basedhitial PCFGphas¢’

5 Conclusion

Thefactoredmodelframenork over lexicalizedtreeshasseveral advantageslt is concep-
tually simple,and modularizeghe modeldesignand estimationproblems. The concrete
modelpresentegerformscomparablyto other morecomplex, non-exactmodelsproposed,
andcanbeeasilyextendedn the samewaysthatotherparsemodelshave been.Mostim-
portantly it admitsa novel A* parsingapproachwhich allows fast,exactinferenceof the
mostprobableparse.
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"The averagetime to parsea sentenceon a 750Mhz Pentiumlll with 2GB RAM was: for 20
words,PCFG8 sec,dependencieB.5 sec,combination0.5 sec;40 words,PCFG70 sec,dependen-
cies14 sec,combination? sec.



