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1. Introduction

Oneof thebiggestconcernghathasbeenraisedover thefeasibility of usinglarge-scald TAGsin NLP is the
amountof redundang within a grammars elementanytreeset. This hasled to variousproposalson how bestto
represengrammarsn away thatmakesthemcompactandeasilymaintainedVijay-ShankeilandSchabes]992;
Becker 1993;Becker 1994; Evans,GazdarandWeir, 1995; Candito,1996). Unfortunately while this work can
helpto makethe storageof grammarsnoreefficient, it doesnothingto preventthe problemreappearingvhenthe
grammaiis processetby a parserandthecompletesetof treesis reproducedin this papermwe areconcernedvith
anapproactihataddressethis problemof computationatedundany in thetrees andevaluateits effectiveness.

2. LTAG parsing

LTAG parsinginvolves(at least)the following two steps.Eachword in theinput sentences associateavith
thatsetof (elementaryjrees(alsocalledsupertagsfrom thegrammarhatit cananchor In large-scalggrammars
suchasthe XTAG grammai(XTAG-Group,1999)andthe LEXSY S grammarCarrolletal., 1998b),dueto lexical
ambiguity thereareusuallya greatmary treesthat cananchoreachword. Onceall of theseelementarntreesor
supertagave beenfound,the parsemustexplorewaysin which they canbe composed—usingubstitutionand
adjunction—toproducecompleteparsef theinputstring.

In variousexperimentsusinga large, automaticallyproduced_TAG, Sarkar Xia and Joshi(2000)measured
the time to derive a setof sharedderivation forestsrepresentingll derivationsfor eachsentence.They useda
grammawith 6,789treetemplatesand2,250sentencesf length21 wordsor less,andconcludedhattheamount
of syntacticlexical ambiguityandthe numberof clausesn a sentencearemoresignificantfactorsin determining
thetime takento computea parseforestthansentencéength.

To date,the mostpopularway of addressinghe computationaproblemof lexical ambiguityin LTAG pars-
ing involvessupertadiltering, whereanotherstepis includedin the parsingprocessegbetweerthe two phases
describedabore) which involvesfiltering out someof the possiblesupertagdor wordsin the sentencg¢Joshiand
Bangalore,1994; Bangalore,1997a;Bangalore,1997b; Chen, Bangaloreand Vijay-Shanker 1999). This can
dramaticallyreducethetime it takesto find all waysin which supertagganbe combinedtogetherinto complete
parsesSarkaretal. demonstratéhepotentialbenefit:parsingtheir2,250sentencewith all supertagsook 548,000
secondsbut this reducedo 21,000secondavhenthe maximumnumberof supertagperword waslimited to 60,
andto amere31.2secondsvhenlexical ambiguitywascompletelyeliminated.

However, adravbackof thisapproachs that,sincesupertadiltering cannotoe 100%accuratea proportionof
desirablesupertagsrefiltered out, resultingin someparsedeinglost. For examplein Sarkaretal’s experiment,
alimit of 60 supertagperword resultedn over 40%of the sentenceseceving no parseatall.

3. Elementary computation sharing

Thereis an alternative approachto the problemof lexical ambiguityin parsingthat remoses someof the
computationatedundang that resultsfrom lexical ambiguity*. Givensomeparsingalgorithm,eachelementary

*  We areextremelygratefulto Fei Xia for providing us with the grammarusedin theseexperimentsandto Fei Xia and
Anoop Sarkarfor thehelpandadvicethey have given.
1. Notethattheapproachdescribedn this sectioncouldbe combinedwith supertadiltering.
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tree can be viewed as invoking somefragmentof computation(an elementarycomputation). Evansand Weir
(1998)shavedthatelementarycomputationgorrespondingo bottom-upparsingcanbe expressedasfinite state
automata(FSA). All elementarycomputationdor the supertagsassociatedvith a word can be combinedinto
a single FSA. By minimizing this automaton(using standardminimization algorithms)sharingof elementary
computatioris achieved. The hopeis thatthiswill leadto significantreductiongn parsingtime.

To date, this proposalhasonly receved limited evaluation. Carroll et al. (1998a)demonstratedhat for a
large hand-craftedyrammarthe numberof stateswassignificantlyreducedoy meiging andminimizing the FSA
associateavith aword. For example,the number=f statesn the automatorfor the word come(associatedvith
133 supertagsyvasreducedrom 898to 50, for breakfrom 1240to 68, andgive from 2494to 83.

This paperimprovesonthis evaluationin two ways:firstly, thegrammaruseds automaticallyacquired sowe
arenotopento thechagethatit wasdesignedo makethistechniquevork particularlywell; secondlywe measure
parsetime, notjustnumbersf statedor individualwords.Evenwhenthenumberof stateds significantlyreduced
it is not clearthat parsetime (asopposedo recognitiontime) will drop. This is becausén orderthatparsetrees
be recorerablefrom the parsetable, a considerableamountof book-keepings requiredwhenthetableis being
completedThis increasedothspaceandtime requirements.

4. Experimental evaluation

We useda grammarhatwasautomaticallyinducedby Fei Xia (1999)from sections00—24of the Wall Street
JournalPennTreebankl corpugMarcus,SantoriniandMarcinkiewicz, 1993).Thisis very similarto thegrammar
usedby Sarkar Xia andJoshi(2000)and Sarkar(2000),thoughslightly larger, containingaroundaround7,500
elementaryrees.

We implementedhe algorithmdescribedoy EvansandWeir (1997) and EvansandWeir (1998),the details
of which arenotrepeatedere.Prior to parsing the grammaiis precompilecasfollows. For eachword, the setof
treesthatit cananchoris determinedThis resultsin atotal of 11,035distincttreesets.For eachof thesetreesets
we first build whatwe referto asanunmegedFSA. This automatorcontainsa separat@rogressiorof transitions
for eachof thetreedn theset;usingtheseautomatdor parsinggivesacorventionalLTAG parsingalgorithmwhich
we usedto give abaselindor our evaluation.To evaluatetheapproactof EvansandWeir we implemented parser
thatusedminimizedversionsof the automatorwith sharingof commonelementarcomputatiorfragments.

Thereare 80,538non-minimizedautomatginvolving 488,421states).Thusthereis atotal of 80,5380ccur
rencesf oneof the grammars elementantreesin the 11,035treesets. Whenthesenonminimizedautomataare
minimizedwe have oneautomatorior eachof the11,035treesetstheseautomataontainatotal of 153,02tates.
Thus,minimizationgivesanoverall compactiorof afactorof 3.19.1n orderto determinghe computationabenefit
of elementancomputatiorsharingwe ranboththe meigedandunmepgedparsernasetof 14,27 2testsentences
of lengths1-45wordstakenfrom sections00—24of the PennTreebankcorpus.Theresultsareshavn in Table1?.
It is clearthatnumberof itemsandCPUtime aresmallerfor themeigedparserandthatthe savingsincreasewith
longersentences.

Givenatokenizedsentenceo be parsedthe time shavn includestime to makea chartcorrespondingo the
sentencéength,look up definitionsfor eachword andseedhe chartwith them,andthenfill thechart. Theresults
shaw thatthe parsetime for themegedparseiis around0.6 thatof theumegedparserandthatthis ratiois fairly
consistentisthelengthof sentencéncreasesThisis shavn in Figurel.

5. Discussion

We have presentedan empirical evaluationof the automaton-basedTAG parsingalgorithm presentedy
EvansandWeir (1998). We useda grammarautomaticallygeneratedrom PennTreebankreeswith two parsers:
onein which elementarjtreeswere processedndividually, and onein which overlappingelementarycomputa-
tions were shared. The resultsshav that meiging elementarycomputationgesultsin a significant,thoughnot
spectaculareductionin parsetime, despitethe increasedamountof book-keepingequiredto makerecovery of
parsetreespossible.In futurework we planto determineaxactly how muchthis book-keepingddsto parsetime
by implementinga versionof themegedparseiin which book-keepindgs omitted.

2. Weranbothparsersn one750MHz processopf aunloadedSunBlade 1000workstationwith 1.5GBmemory
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Onerathersignificantdravbackof this evaluationis thatthe amountof lexical ambiguityin this grammaris
far lessthanis foundin large-scalewide-coreragegrammarsuchasthe XTAG grammanXTAG-Group,1999).
Althoughthetree-bankncludesexamplesof awide varietyof syntacticconstructionsfor ary individualword, the
numberof syntacticcontets (correspondingo alternatve supertagpossibilitiesfor thatword) thatactuallyoccur
in the PennTreeBankis generallyfar lessthanthosethatwould beincludedin thelexical entryfor thatword in
awide-coreragegrammar Thisis particularlytrue for wordswith low frequeng. In futurework we planto look
into waysof obtainingmorecompletemappingfrom alexical itemto the setof supertagst cananchor
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Sentencel #items  #items meantime mearntime
length | unmeged meged unmepged meged
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 25
20 163347 47322 41 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 41
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 82.0 447
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

Tablel: Meannumberof itemsandparseiimes(CPUsecondspersentencefor sentencesf length1-45words.



