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1. Introduction

Oneof thebiggestconcernsthathasbeenraisedover thefeasibilityof usinglarge-scaleLTAGsin NLP is the
amountof redundancy within a grammar’s elementarytreeset. This hasled to variousproposalson how bestto
representgrammarsin a way thatmakesthemcompactandeasilymaintained(Vijay-ShankerandSchabes,1992;
Becker, 1993;Becker, 1994;Evans,GazdarandWeir, 1995;Candito,1996). Unfortunately, while this work can
helpto makethestorageof grammarsmoreefficient, it doesnothingto preventtheproblemreappearingwhenthe
grammaris processedby aparserandthecompletesetof treesis reproduced.In this paperweareconcernedwith
anapproachthataddressesthis problemof computationalredundancy in thetrees,andevaluateits effectiveness.

2. LTAG parsing

LTAG parsinginvolves(at least)thefollowing two steps.Eachword in theinput sentenceis associatedwith
thatsetof (elementary)trees(alsocalledsupertags)from thegrammarthatit cananchor. In large-scalegrammars
suchastheXTAG grammar(XTAG-Group,1999)andtheLEXSYSgrammar(Carrolletal., 1998b),dueto lexical
ambiguity, thereareusuallya greatmany treesthatcananchoreachword. Onceall of theseelementarytreesor
supertagshave beenfound,theparsermustexplorewaysin which they canbecomposed—usingsubstitutionand
adjunction—toproducecompleteparsesof theinputstring.

In variousexperimentsusinga large,automaticallyproducedLTAG, Sarkar, Xia andJoshi(2000)measured
the time to derive a setof sharedderivation forestsrepresentingall derivationsfor eachsentence.They useda
grammarwith 6,789treetemplatesand2,250sentencesof length21wordsor less,andconcludedthattheamount
of syntacticlexical ambiguityandthenumberof clausesin a sentencearemoresignificantfactorsin determining
thetime takento computea parseforestthansentencelength.

To date,themostpopularway of addressingthecomputationalproblemof lexical ambiguityin LTAG pars-
ing involvessupertagfiltering, whereanotherstepis includedin the parsingprocesses(betweenthe two phases
describedabove) which involvesfiltering out someof thepossiblesupertagsfor wordsin thesentence(Joshiand
Bangalore,1994; Bangalore,1997a;Bangalore,1997b;Chen,BangaloreandVijay-Shanker, 1999). This can
dramaticallyreducethetime it takesto find all waysin which supertagscanbecombinedtogetherinto complete
parses.Sarkaretal.demonstratethepotentialbenefit:parsingtheir2,250sentenceswith all supertagstook548,000
seconds,but this reducedto 21,000secondswhenthemaximumnumberof supertagsperwordwaslimited to 60,
andto a mere31.2secondswhenlexical ambiguitywascompletelyeliminated.

However, adrawbackof thisapproachis that,sincesupertagfilteringcannotbe100%accurate,aproportionof
desirablesupertagsarefilteredout, resultingin someparsesbeinglost. For examplein Sarkaret al.’s experiment,
a limit of 60supertagsperword resultedin over 40%of thesentencesreceiving noparseatall.

3. Elementary computation sharing

Thereis an alternative approachto the problemof lexical ambiguity in parsingthat removes someof the
computationalredundancy that resultsfrom lexical ambiguity1. Givensomeparsingalgorithm,eachelementary
�
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tree can be viewed as invoking somefragmentof computation(an elementarycomputation). EvansandWeir
(1998)showedthatelementarycomputationscorrespondingto bottom-upparsingcanbeexpressedasfinite state
automata(FSA). All elementarycomputationsfor the supertagsassociatedwith a word can be combinedinto
a single FSA. By minimizing this automaton(using standardminimizationalgorithms)sharingof elementary
computationis achieved.Thehopeis thatthiswill leadto significantreductionsin parsingtime.

To date,this proposalhasonly received limited evaluation. Carroll et al. (1998a)demonstratedthat for a
largehand-craftedgrammarthenumberof stateswassignificantlyreducedby merging andminimizing theFSA
associatedwith a word. For example,thenumbersof statesin theautomatonfor theword come(associatedwith
133supertags)wasreducedfrom 898to 50,for breakfrom 1240to 68,andgive from 2494to 83.

Thispaperimprovesonthisevaluationin two ways:firstly, thegrammarusedis automaticallyacquired,sowe
arenotopento thechargethatit wasdesignedto makethistechniquework particularlywell; secondly, wemeasure
parsetime,not justnumbersof statesfor individualwords.Evenwhenthenumberof statesis significantlyreduced
it is not clearthatparsetime (asopposedto recognitiontime) will drop. This is becausein orderthatparsetrees
be recoverablefrom the parsetable,a considerableamountof book-keepingis requiredwhenthe tableis being
completed.This increasesbothspaceandtimerequirements.

4. Experimental evaluation

We useda grammarthatwasautomaticallyinducedby Fei Xia (1999)from sections00–24of theWall Street
JournalPennTreebankII corpus(Marcus,SantoriniandMarcinkiewicz,1993).Thisis verysimilarto thegrammar
usedby Sarkar, Xia andJoshi(2000)andSarkar(2000),thoughslightly larger, containingaroundaround7,500
elementarytrees.

We implementedthealgorithmdescribedby EvansandWeir (1997)andEvansandWeir (1998),the details
of whicharenot repeatedhere.Prior to parsing,thegrammaris precompiledasfollows.For eachword,thesetof
treesthatit cananchoris determined.This resultsin a totalof 11,035distincttreesets.For eachof thesetreesets
wefirst build whatwe referto asanunmergedFSA.Thisautomatoncontainsaseparateprogressionof transitions
for eachof thetreesin theset;usingtheseautomatafor parsinggivesaconventionalLTAG parsingalgorithmwhich
weusedto giveabaselinefor ourevaluation.To evaluatetheapproachof EvansandWeirweimplementedaparser
thatusedminimizedversionsof theautomatonwith sharingof commonelementarycomputationfragments.

Thereare80,538non-minimizedautomata(involving 488,421states).Thusthereis a total of 80,538occur-
rencesof oneof thegrammar’s elementarytreesin the11,035treesets.Whenthesenonminimizedautomataare
minimizedwehaveoneautomatonfor eachof the11,035treesets;theseautomatacontainatotalof 153,022states.
Thus,minimizationgivesanoverallcompactionof a factorof 3.19.In orderto determinethecomputationalbenefit
of elementarycomputationsharingwe ranboththemergedandunmergedparsersonasetof 14,272testsentences
of lengths1–45wordstakenfrom sections00–24of thePennTreebankcorpus.Theresultsareshown in Table12.
It is clearthatnumbersof itemsandCPUtimearesmallerfor themergedparser, andthatthesavingsincreasewith
longersentences.

Givena tokenizedsentenceto beparsed,the time shown includestime to makea chartcorrespondingto the
sentencelength,look updefinitionsfor eachwordandseedthechartwith them,andthenfill thechart.Theresults
show thattheparsetime for themergedparseris around����� thatof theumergedparser, andthatthis ratio is fairly
consistentasthelengthof sentenceincreases.This is shown in Figure1.

5. Discussion

We have presentedan empirical evaluationof the automaton-basedLTAG parsingalgorithmpresentedby
EvansandWeir (1998).We useda grammarautomaticallygeneratedfrom PennTreebanktreeswith two parsers:
onein which elementarytreeswereprocessedindividually, andonein which overlappingelementarycomputa-
tions wereshared.The resultsshow that merging elementarycomputationsresultsin a significant,thoughnot
spectacular, reductionin parsetime, despitethe increasedamountof book-keepingrequiredto makerecovery of
parsetreespossible.In futurework weplanto determineexactly how muchthis book-keepingaddsto parsetime
by implementinga versionof themergedparserin whichbook-keepingis omitted.

2. Weranbothparserson one750MHzprocessorof aunloadedSunBlade1000workstationwith 1.5GBmemory.
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Onerathersignificantdrawbackof this evaluationis that theamountof lexical ambiguityin this grammaris
far lessthanis foundin large-scalewide-coveragegrammarssuchastheXTAG grammar(XTAG-Group,1999).
Althoughthetree-bankincludesexamplesof awidevarietyof syntacticconstructions,for any individualword,the
numberof syntacticcontexts (correspondingto alternativesupertagpossibilitiesfor thatword) thatactuallyoccur
in thePennTreeBankis generallyfar lessthanthosethatwould beincludedin thelexical entryfor thatword in
a wide-coveragegrammar. This is particularlytruefor wordswith low frequency. In futurework we planto look
into waysof obtainingmorecompletemappingfrom alexical itemto thesetof supertagsit cananchor.
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Sentence # items # items meantime meantime
length unmerged merged unmerged merged

1 3 1 0.0 0.0
2 19 5 0.0 0.0
3 104 17 0.0 0.0
4 327 52 0.0 0.0
5 681 121 0.0 0.0
6 1256 235 0.0 0.0
7 2298 473 0.0 0.0
8 3923 864 0.1 0.0
9 5844 1347 0.1 0.1

10 9022 2180 0.2 0.1
11 12674 3203 0.2 0.2
12 18000 4649 0.4 0.2
13 26110 6928 0.5 0.4
14 34074 9165 0.7 0.5
15 47564 12969 1.0 0.8
16 62771 17481 1.3 1.0
17 80515 22809 1.8 1.4
18 99121 27909 2.3 1.7
19 128028 36790 3.3 2.5
20 163347 47322 4.1 2.9
21 193701 56268 5.1 5.2
22 277740 80430 5.1 3.1
23 274474 81562 5.0 3.1
24 354912 101143 6.8 4.1
25 427291 124919 8.5 5.3
26 532109 154792 10.9 6.7
27 683355 195608 14.5 8.9
28 731932 208338 15.9 9.3
29 855873 253130 18.8 11.6
30 873492 258383 19.7 12.3
31 1089989 314794 25.2 15.1
32 1291749 371601 30.8 18.6
33 1838306 556519 47.2 30.2
34 1917227 574944 51.1 31.6
35 2364987 710872 62.1 38.9
36 2487632 651374 67.1 36.1
37 3381691 982343 98.6 57.4
38 2864371 780416 82.0 44.7
39 3290281 979203 93.4 57.1
40 3755657 1106993 109.5 65.1
41 4993534 1467100 164.2 96.4
42 4843654 1380099 154.3 90.0
43 7071346 1983426 238.5 132.1
44 7655510 2282781 266.5 155.3
45 7772779 2317031 274.3 174.3

Table1: Meannumbersof itemsandparsetimes(CPUseconds)persentence,for sentencesof length1–45words.


