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Abstract

We proposethe use of Lexicalized Tree
Adjoining Grammar(LTAG) as a source
of featuresthat are useful for reranking
the output of a statisticalparser In this
papey we extendthe notion of a treeker

nel over arbitrarysub-tree®f the parseto

the derivation treesandderived treespro-

vided by the LTAG formalism,andin ad-
dition, we extend the original definition
of the tree kernel, making it more lexi-

calizedandmorecompact.We useLTAG

basedeaturedor the parsererankingtask
andobtainlabeledrecall andprecisionof

89.7%/90.0% on WSJsection23 of Penn
Treebankfor sentence®f length < 100
words. Our results shav that the use
of LTAG basedtree kernel gives rise to

a 17% relatve differencein f-scoreim-

provementover the useof alinear kernel
without LTAG basedeatures.

1 Introduction

Recentwork in statisticalparsinghasexplored al-
ternatvesto the useof (smoothedynaximumlikeli-
hoodestimationfor parametersf the model. These
alternatves are distribution-free (Collins, 2001),
providing a discriminatve method for resolving
parseambiguity Discriminative methodsprovide a
rankingbetweemmultiple choicesfor themostplau-
sibleparsereefor asentencewithoutassuminghat
a particulardistribution or stochastiqrocesgyener
atedthealternatve parses.
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ondauthoris partially supportecoy NSERC,CanadaRGPIN:
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Discriminative methodspermitthe useof feature
functionsthat canbe usedto conditionon arbitrary
aspectof theinput. This flexibility makesit possi-
ble to incorporatefeaturesof variousof kinds. Fea-
turescan be definedon characterswords, part of
speeci{POS)tagsandcontet-freegrammarCFG)
rules, dependingon the applicationto which the
modelis applied.

Featuredefinedon n-gramsfrom the input are
the most commonly used for NLP applications.
Suchn-gramscan either be definedexplicitly us-
ing somelinguistic insightinto the problem,or the
modelcanbe usedto searchthe entire spaceof n-
gram featuresusing a kernel representation.One
exampleis the useof a polynomialkernelover se-
guences.However, to useall possiblen-gramfea-
turestypically introducestoo mary noisy features,
which canresultin lower accurag. One way to
solve this problemis to usea kernelfunctionthatis
tailoredfor particularNLP applicationssuchasthe
treekernel (Collins and Duffy, 2001)for statistical
parsing.

In addition to n-gram features, more comple
high-level featuresare often exploited to obtain
higher accurag, especially when discriminatve
models are used for statistical parsing. For ex-
ample, all possiblesub-treescan be usedas fea-
tures(Collins and Duffy, 2002; Bod, 2003). How-
ever, mostof the sub-treesarelinguistically mean-
ingless,andareasourceof noisyfeatureghuslimit-
ing efficiengy andaccurag. An alternatve totheuse
of arbitrarysetsof sub-treess to usethe setof ele-
mentarytreesasdefinedn LexicalizedTreeAdjoin-
ing Grammar(LTAG) (Joshiand Schabes,1997).
LTAG basedeaturesnot only allow a morelimited
anda linguistically morevalid setof featuresover
sub-treesthey alsoprovide the useof featuresthat
use discontinuoussub-treeswhich are outsidethe



scopeof previoustreekerneldefinitionsusingarbi-

trary sub-treesin thispaperwe usetheLTAG based
featuresin the parsereranking problem (Collins,

2000; Collins and Duffy, 2002). We usethe Sup-
port Vector Machine (SVM) (Vapnik, 1999) based
algorithmproposedn (ShenandJoshi,2003)asthe
reranler in this paper We apply the tree kernelto

derivation treesof LTAG, andextractfeaturesfrom

derivation trees. Both the treekernelandthe linear
kernelon thericherfeaturesetareused.Our exper

imentsshav thattheuseof treekernelon derivation

treesmakesthe notion of atreekernelmorepower

ful andmoreapplicable.

2 Lexicalized Tree Adjoining Grammar

In this section,we give a brief introductionto the
Lexicalized Tree Adjoining Grammar(moredetails
can be found in (Joshiand Schabes,1997)). In
LTAG, eachwordis associatedavith a setof elemen-
tary trees Eachelementarntreerepresents possi-
ble treestructurefor the word. Therearetwo kinds
of elementarytrees,initial treesandauxiliary trees
Elementarytreescanbe combinedthroughtwo op-
erationssubstitutiorandadjunction Substitutionis
usedto attachaninitial tree,andadjunctionis used
to attachanauxiliary tree.In additionto adjunction,
we alsousesisteradjunctionasdefinedin theLTAG
statisticalparserdescribedn (Chiang,2000)} The
tree resultingfrom the combinationof elementary
treesis is calleda derivedtree Thetreethatrecords
the history of how a derived tree s built from the
elementarytreesis calleda derivationtree?

We illustratethe LTAG formalismusinganexam-
ple.
Example 1: Pierre Vinkenwill join theboard asa
non-eecutivedirector

Thederivedtreefor Examplel is shovnin Fig. 1
(we omit the POStagsassociateavith eachword to
save space)andFig. 2 shaws the elementantrees
for eachword in the sentenceFig. 3 is thederiva-
tion tree (the history of treecombinations).One of

IAdjunctionis usedin thecasewhereboththerootnodeand
the foot nodeappeatin the Treebankiree. Sisteradjunctionis
usedin generatingnodifier sub-treesassistersto the head,e.g
in basalNPs.

2Eachnoden(n) in thederivationtreeis anelementanytree
namen alongwith thelocationn in the parentelementarytree
wheren is inserted.Thelocationn is the Gorntreeaddresgsee
Fig. 4).
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Figurel: Derivedtree(parsetree)for Examplel.
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Figure2: Elementarytreesfor Examplel.

the propertiesof LTAG is thatit factorsrecursionin
clausestructurefrom thestatemenof linguistic con-
straints,thusmakingtheseconstraintsstrictly local.
For example,in the derivation tree of Examplesl,
a1(join) and ag(Vinken) are directly connected
whetherthereis an auxiliary tree 32 (will) or not.
Wewill shaw how thispropertyaffectsourredefined
treekernellaterin this paper In our experimentsn
this paperwe only useLTAG grammarsvhereeach
elementarytreeis lexicalized by exactly one word
(terminalsymbol)onthefrontier,

3 ParseReranking

In recentyears rerankingtechniquesave beensuc-
cessfullyusedin statisticalparsergo rerankthe out-
put of history-basednodels(Black etal., 1993).In

this paper we will usethe LTAG basedfeaturesto

improve the performancef reranking.Our motiva-
tions for using LTAG basedfeaturesfor reranking
arethefollowing:

e Unlike the generatre model, it is trivial to in-
corporatdeaturesof variouskindsin arerank-
ing setting. Furthermorethe natureof rerank-
ing makes it possibleto use global features,
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Figure3: Derivationtree:shavs how theelementary
treesshavn in Fig. 2 canbe combinedo provide an
analysisfor the sentencén Examplel.

whichallow usto combinefeatureghatarede-
finedonarbitrarysub-treesn theparsereeand
featuresdefinedon a derivationtree.

e Several hand-craftedand arbitrary features
have beenexploited in the statistical parsing
task, especiallywhen parsingthe WSJ Penn
Treebankdatasetwvhereperformancéhasbeen
finely tunedover the years.Shaving a positive
contrikution in this task will be a corvincing
testfor theuseof LTAG basedeatures.

e Theparsererankingdatasets well established.
We usethe datasetlefinedin (Collins, 2000).

In (Collins, 2000),two rerankingalgorithmswere
proposed. One was basedon Markov Random
Fields,andthe otherwasbasedon the Boostingal-
gorithm. In both thesemodels,the loss functions
were computeddirectly on the featurespace. Fur
thermore arich featuresetwasintroducedthatwas
specificallyselectedy handto targetthelimitations
of generatte modelsin statisticalparsing.

In (Collins and Duffy, 2002), the Voted Percep-
tron algorithm was usedfor parsereranking. The

g
N

NPP  VvPY

join()lO Nljj),ll

Figure4: Exampleof how eachnodein anelemen-
tary treehasa uniquenodeaddresaisingthe Gorn
notation.0 is theroot with daughter$0, 01, andso
onrecursvely, e.g.first daughtei01 is 010.

ay(directo){011)

VP

will VP

Figure5: A sub-treewhich is linguistically mean-
ingless.

treekernelwasusedto computethe numberof com-
monsub-treeof two parsetrees. Thefeaturesused
by thistreekernelcontainsall thehandselectedea-
turesof (Collins, 2000). It is worth mentioningthat
the f-scoresreportedin (Collins and Duffy, 2002)
areabout1% lessthantheresultsin (Collins, 2000).

In (ShenandJoshi,2003),a SVM basedrerank-
ing algorithmwas proposed.In that paper the no-
tion of prefeencekernelswasintroducedto solve
thererankingproblem.Two distinctkernels thetree
kernelandthe linear kernelwere usedwith prefer
encekernels.

4 Using LTAG Based Features

41 Motivation

While thetreekernelis aneasyway to computesim-
ilarity betweentwo parsdrees,t takestoomary lin-
guisticallymeaninglessub-treesnto consideration.

Let usconsiderthe examplesentencén Example
1. The parsetree,or dervedtree,for this sentence
is showvn in Fig. 1. Fig. 5 shows one of the lin-
guistically meaninglessub-trees. The numberof
meaninglessub-treeds a misleadingmeasurefor
discriminatinggood parsetreesfrom bad. Further
more, the numberof meaninglessub-treess far
greaterthan the numberof useful sub-trees. This
limits both efficiency andaccurag on the testdata.
Theuseof unwantedsub-treegreatlyincreaseshe
hypothesispaceof alearningmachineandthusde-
creasegshe expectedaccurag on testdata. In this
work, we considerthe hypothesighatlinguistically
meaningfulsub-treegeveal correlationsof interest
andthereforeareusefulin stochastianodels.

We noticethat eachsub-treeof a derivation tree
is linguistically meaningfulbecausat representa
valid sub-denwation. We claim thatderivation trees



provide a more accuratemeasureof similarity be-
tweentwo parses. This is one of the motivations
for applying tree kernelsto derivation trees. Note
thatthe useof featureson derivation treesis differ-
entfrom the useof featureson dependencgraphs,
derivation treesinclude mary comple patternsof
tree namesand attachmensitesand can represent
word to word dependenciethat are not possiblein
traditionaldependencgraphs.

For example, the dervation tree for Examplel
with andwithout optionalmodifierssuchas 84 (as)
are minimally different. In contrast,in derived
(parse) trees, there is an extra VP node which
changesquite drasticallythe set of sub-treeswith
andwithoutthe PPmodifier In addition,usingonly
sub-treesfrom the derived tree, we cannotrepre-
sentacommonsub-treghatcontainsonly thewords
Vinkenandjoin sincethis would leadto adiscontin-
uoussub-tree. However, LTAG basedfeaturescan
represensuchcasedrivially.

The comparisonbetween (Collins, 2000) and
(Collins andDuffy, 2002)in §3 shawvs thatit is hard
to add new featuresto improve performance.Our
hypothesigs thatthe LTAG basedfeaturesprovide
anovel setof abstracfeatureshatcomplementhe
handselectedeaturesrom (Collins, 2000)andthe
LTAG basedeatureswill helpimprove performance
in parsereranking.

4.2 Extracting Derivation Trees

Before we can use LTAG basedfeatureswe need
to obtain an LTAG derwvation tree for eachparse
treeunderconsideratiorby the reranker. Our solu-
tion is to extractelementarytreesandthe derivation
tree simultaneouslyfrom the parsetreesproduced
by an n-best statistical parser Our training and
testdataconsistsof n-bestoutputfrom the Collins
parsel(seg(Collins,2000)for detailsonthedataset).
Sincethe Collins parserusesa lexicalized context-
free grammarasa basisfor its statisticalmodel,we
obtainparsetreesthatareof thetype shavn in Fig.
6. From this tree we extract elementarytreesand
dermation treesby recursvely traversingthe spine
of the parsetree. The spineis the pathfrom a non-
terminallexicalizedby a word to the terminalsym-
bol onthefrontierequalto thatword. Every sub-tree
rootedat a non-terminallexicalized by a different
wordis excisedfrom the parsereeandrecordednto

S(join)

NP(Vinken) VP(join)
PierreVinken  will VP(join)
VP(join) PP(as)
join  NP(board) as NP(director)

theboard anon-ecutie director

Figure 6: Sampleoutput parsefrom the Collins
parser Eachnon-terminais lexicalizedby the pars-
ing model. -A marksamgumentsrecoveredby the
parser

the derivation treeasa substitution Repeatedon-
terminalsonthespine(e.g.VP(join) ... VP(join)in

Fig. 6) areexcisedalongwith the sub-treeshang-
ing off of it andrecordednto the derivationtreeas
an adjunction The only other caseis thosesub-
treesrooted at non-terminalsthat are attachedto

the spine. Thesesub-treesareexcisedandrecorded
into the derivationtreeascasef sisteradjunction

Eachsub-treeexcisedis recursvely analyzedwith

this method,split up into elementarytreesandthen
recordednto the derivationtree. The outputof our

algorithmfor theinput parsetreein Fig. 6 is shavn

in Fig. 2 andFig. 3. Our algorithmis similar to

the derivation tree extraction explainedin (Chiang,
2000),exceptwe extractour LTAG from n-bestsets
of parsetrees,while in (Chiang,2000)the LTAG is

extractedfrom the PennTreebank For othertech-
niquesfor LTAG grammaiextractionsee(Xia, 2001,
ChenandVijay-Shanler, 2000).

4.3 Using Derivation Trees

In this paper we have describedwo modelsto em-
ploy dervationtrees. Model 1 usestreekernelson
deriation trees. In orderto make the tree kernel
more lexicalized, we extend the original definition
of the tree kernel, which we will describebelow.
Model 2 abstract$eaturesrom derivationtreesand
useghemwith alinearkernel.

In Model 1, we combinethe SVM resultsof the
treekernelon derivationtreeswith the SVM results
givenby alinearkernelbasednfeaturesonthede-

3Also notethatthe pathfrom theroot nodeto the foot node
in auxiliarytreescanbegreatethanone(for treeswith S roots).



rivedtrees.

In Model 2, the vectorspaceof the linear kernel
consistof bothLTAG basedeaturesdefinedonthe
derivedtreesandfeaturesdefinedon the derivation
tree. The following LTAG featureshave beenused
in Model 2.

e Elementary tree. Eachnodein the derivation
treeis usedasafeature.

e Bigram of parent and its child. Each pair
of parentelementaryireeandchild elementary
tree, aswell asthe type of operation(substi-
tution, adjunctionor sisteradjunction)andthe
Gornaddres®n parent(seeFig. 4) is usedasa
feature.

e Lexicalized elementary tree. Eachelemen-
tary treeassociatedvith its lexical itemis used
asafeature.

e Lexicalized bigram. In Bigram of parent and
its child, eachelementarytree is lexicalized
(we useclosedclasswords,e.g. adj, ady, prep,
etc. but notnounor verb).

44 Lexicalized TreeKernd

In (CollinsandDuffy, 2001),thenotionof atreeker
nelis introducedo computehe numberof common
sub-treeof two parsetrees.For two parsetrees,p;
andps, thetreekernelTree(p1, p2) is definedas:

>

n1 1N Py
9 1N P2

TFGE(pl,pQ) = T(?’L1, n?) (1)

Therecursve functionT is definedasfollows: If nq
andn, have thesamebracletingtag(e.g.S,NP, VR,
...) andthe samenumberof children,

T(ny1,n2) = )\H(l + T'(n14,n2;)),

2

(2)

where, ny; is the sth child of the nodeng, A is a
weightcoeficient usedto controltheimportanceof
large sub-treeand0d < A < 1.

If n, andngy have thesamebracletingtagbut dif-
ferentnumberof children,T'(n1,n2) = A. If they
don't have the samebracletingtag,7'(n1,n2) = 0.

In (Collins andDuffy, 2002),lexical itemsareall
locatedat the leaf nodesof parsetrees. Therefore

treet: VP(join)

VP(join) PP(as)
V(join) NP(board) P(as) NP(director)
ptn¢): VP
VP PP
NN
V NP P NP

lex(n): (join, join, as)

Figure 7: A lexicalized sub-treerooted at n and
its decompositiorinto a pattern ptn(n) andcorre-
spondingvectorof lexical information,lex(n).

sub-treeghat do not containary leaf nodeare not
lexicalized. Furthermoregdueto theintroductionof
parameter)\, lexical informationis almostignored
for sub-treesvhoseroot nodeis not closeto theleaf
nodesj.e. sub-treesootedat.S node.

In orderto make thetreekernelmorelexicalized,
we associateachnodewith a lexical item. For ex-
ample, Fig. 7 shawvs a lexicalized sub-treeand its
decompositionnto features As shavn in Fig. 7 the
lexical informationlex(t) extractedfrom thelexical-
izedtreeconsistsof wordsfrom theroot andits im-
mediatechildren. This is becausewve wish to ig-
noreirrelevantlexicalizationssuchasNP(boad) in
Fig. 7.

A lexicalized sub-treerooted on noden is split
into two parts. Oneis the patterntreeof n, ptn(n).
The otheris the vectorof lexical information of n,
lez(n), which containsthe lexical itemsof the root
nodeandthe childrenof theroot.

For two treenodesn; andns, therecursive func-
tion LT (n1,n2) usedto computethelexicalizedtree
kernelis definedasfollows.

LT(n1,n2) = (1+ Cnt(lex(ny),lex(ns)))
x  T'(ptn(ny),ptn(ns)), (3)

whereT" is the sameasthe original recursve func-
tion T definedin (2), exceptthat T' is definedon
parsetreenodeswhile T" is definedon patternsof
parsetree nodes. Cnt(z,y) countsthe numberof
commonelementsn vectorz andy. For example,
Cnt((join, join,as), (join, join,in)) = 2, since



2 elementsf thetwo vectorsarethe same.

It can be shavn that the lexicalized tree kernel
countsthe numberof commonsub-treeshat meet
thefollowing constraints.

e Noneor onenodein thesub-treds lexicalized

e Thelexicalizednodeis therootnodeor achild
of theroot, if applicable.

Thereforeour new tree kernelis more lexicalized.
On the otherhand, it immediatelyfollows that the
lexicalizedtreekernelis well-defined.It meanghat
we canembedhelexicalizedtreekernelinto ahigh
dimensionakpace.Theproofis similarto the proof
for thetreekernelin (Collins andDuffy, 2001).
Another important adwvantageof the lexicalized
treekernelis thatit is morecompressiblelt is noted
in (Collins and Duffy, 2001)thattraining treescan
be combinedby sharingsub-treego speedup the
test. As far asthe lexicalized tree kernel is con-
cerned the patterntreesare more compressiblde-
causethereis no lexical item at the leaf nodesof
patterntrees. Lexical information can be attached
to the nodesof the resultpatternforest. In our ex-
periment,we selectfive parsesfrom eachsentence
in Collins’ training dataand representheseparses
with sharedstructure. The numberof the nodesin
the patternforestis only 1/7 of the total numberof
thenodestheselectedparsetrees.

45 TreeKernd for Derivation Trees

In order to apply the (Iexicalized) tree kernel to
derivation trees,we needto make somemodifica-
tions to the original recursve definition of the tree
kernel.

For derivationtrees therecursve functionis trig-
geredif the two root nodeshave the samenon-
lexicalized elementarytree (sometimescalled su-
pertag). Note that thesetwo nodeswill have the
samenumberof childrenwhichareinitial treeg(aux-
iliary treesarenot counted).In comparisonthere-
cursie functionin (2), T'(n1, n2) is computedf and
only if n; andny have the samebracleting tag and
they have the samenumberof children.

For eachnode,its childrenareattachedwith one
of thetwo distinctoperationssubstitutioror adjunc-
tion. For substituteahildren,thecomputatiorof the
treekernelis almostthe sameasthatfor CFG parse

tree. However, thereis a problemwith theadjoined
children. Let us first have a look at a sentencen
PennTreebank.

Example 22 COMMERCIALPAPER placeddi-
rectlyby Generl Motors AcceptanceCorp.: 8.55%
30to 44 days;8.25% 45to0 59 days;8.45% 60to 89
days; 8% 90to 119days;7.90% 120to 149 days;
7.80% 150to 179days;7.55% 180to 270days.

In this example,seven sub-treef the sametype
aresisteradjoinedto thesameplaceof aninitial tree.
Sothe numberof commonsub-treesncreaseglra-
maticallyif thetreekernelis appliedon two similar
parsef this sentenceExperimentabvidenceindi-
categthatthisis harmfulto accurag. Thereforefor
derivation trees,we areonly interestedn sub-trees
that containat most2 adjunctionbranchegor each
node.Thenumberof constrainedommonsub-trees
for the derivation tree kernel can be computedby
therecursve function DT over deriationtreenodes
ni,no.

DT (n1,n2) = (14 Ai(n1,n2) + A2(ni,ng))
x  T7(sub(ny), sub(ns)) 4)

wheresub(ny) is the sub-treeof ny in which chil-
dren adjoinedto the root of n; arepruned. T” is
similar to the original recursve functionT' defined
in (2), but it is definedon derivation tree nodesre-
cursively. A; and Ay areusedto countthe number
of commonsub-treesvhoserootnodesonly contain
oneor two adjunctionchildrenrespectiely.

Ai(ni,mg) = Y DT(ay,as;),
i,J
where,ay; is theith adjunctof ny, anday; is the jth
adjunctof ny. Similarly, we have:

Z DT(CLM,GQJ') - DT (a1x, a)
i<k,j<l

As(ni,ne) =

Thetreekernelfor derivationtreesis awell-defined
kernelfunctionbecauseve caneasilydefineanem-
beddingspaceaccordingo thedefinitionof thenev
treekernel. By substitutingDT for 7" in (3), we ob-
tain the lexicalizedtree kernelfor LTAG derivation
trees(using LT in (1)).

5 Experiments

As describedabore, we usethe SVM basedvoting
algorithm (Shenand Joshi, 2003) in our reranking



experiments. We use preferencekernelsand pair
wise parsetreesin our rerankingmodels.

We usethe samedatasetasdescribedn (Collins,
2000). Section2-21 of the PennWSJTreebankare
usedastraining data,and section23 is usedfor fi-
nal test. The training datacontainsaround40,000
sentencesgachof which has27 distinct parseson
average. Of the 40,000training sentencesthe first
36,000areusedto train SVMs. Theremaining4,000
sentenceareusedasdevelopmentdata.

Dueto thecomputationatompleity of SVM, we
have to divide training datainto slicesto speedup
training. Eachslice containtwo pairsof parsesrom
every sentence. Specifically slice i containspos-
itive samples((pg, pki), +1) and negative samples
((pki> Pr), —1), wherepy is the bestparsefor sen-
tencek, pg; is the parsewith the ith highestlog-
likelihoodin all the parsedor sentence: andit is
notthe bestparse(ShenandJoshi,2003). Thereare
about60000samplesn eachslicein average.

For the tree kernel SVMs of Model 1, we take
3 slices as a chunk, and train an SVM for each
chunk.Dueto thelimitation of computingresource,
we have only trainedon 3 chunks. The resultsof
tree kernel SVMs are combinedwith simple com-
bination. Thenthe outcomeis combinedwith the
resultof thelinearkernelSVMs trainedon features
extractedfrom the derved treeswhich arereported
in (ShenandJoshi,2003). For eachparse the num-
berof the bracletsin it andthelog-likelihoodgiven
by Collins’ parseiModel2 arealsousedin thecom-
putationof the scoreof a parse For eachparsep, its
scoreSco(p) is definedasfollows:

Sco(p) = Mr(p) +v- Mr(p) + B - l(p) + o - b(p),

whereMr (p) is theoutputof thetreekernelSVMs,
Mi.(p) is the outputof linearkernel SVMs, [(p) is
the log-likelihood of parsep, andb(p) is the num-
berof bracletsin parsep. We noticedthatthe SVM
systemsprefersto give higher scoresto the parses
with lessbraclets. As aresult,thesystemrhasahigh
precisionbut a low recall. Therefore,we take the
numberof braclets, b(p), asa featureto male the
recallandprecisionbalanced.The threeweight pa-
rametersaretunedon thedevelopmentdata.

The resultsare shavn in Table 1. With Model

<40Words(2245sentences)

Model | LR LP CBs | 0CBs | 2CBs
CO99 | 88.5% | 88.7% | 0.92| 66.7% | 87.1%
CO00 | 90.1% | 90.4% | 0.73| 70.7% | 89.6%
CDO02 | 89.1% | 89.4% | 0.85]| 69.3% | 88.2%
SJO3 | 89.9% | 90.3% | 0.75| 71.7% | 89.4%
M1 | 90.2% | 90.5% | 0.72 | 72.3% | 90.0%
M2 | 89.8% | 90.3% | 0.76 | 71.6% | 89.6%
<100Words(2416sentences)

Model | LR LP CBs | 0CBs | 2CBs
CO99 | 88.1% | 88.3% | 1.06| 64.0% | 85.1%
CO00 | 89.6% | 89.9% | 0.87| 68.3% | 87.7%
CDO02 | 88.6% | 88.9% | 0.99| 66.5% | 86.3%
SJO3 | 89.4% | 89.8% | 0.89| 69.2% | 87.6%
M1 | 89.7% | 90.0% | 0.86| 70.0% | 88.2%
M2 | 89.3% | 89.8% | 0.89| 69.1% | 87.7%
Table 1: Resultson section23 of the WSJ Tree-

bank. LR/LP = labeledrecall/precision.CBs = av-
eragenumberof crossingbraclets per sentence.0
CBs, 2 CBs are the percentagef sentencesvith
0 or < 2 crossingbraclets respectrely. C0O99 =
(Collins, 1999) Model 2. CO00= (Collins, 2000).
CDO02 = (Collins and Duffy, 2002). SJO3= linear
kernel of (Shenand Joshi, 2003). M1=Model 1.
M2=Model 2.

with < 100 words. Our resultsshav a 17% rel-

ative differencein f-scoreimprovementover the

useof alinearkernelwithout LTAG basedfeatures
(Shenand Joshi, 2003). In addition, we also get

non-trvial improvementon the numberof crossing
braclets. Theseresultsverify the benefitof using

LTAG basedeaturesandconfirmthehypothesighat
LTAG basedeaturesprovide a novel setof abstract
featureghatcomplementhe handselectedeatures
from (Collins, 2000). Our resultson Model 1 shav

a1% errorreductionon the previous bestreranking
resultusingthe dataseteportedin (Collins, 2000).
Also, Model 1 provides a 10% reductionin error
over (Collins and Duffy, 2002) wherethe features
from treekernelwereover arbitrarysub-trees.

For Model 2, we first train 22 SVMs on 22 dis-
tinct slices. Thenwe combinetheresultsof individ-
ual SVMs with simple combination. However, the
overall performancaloesnot improve. But we no-

1, we achieve LR/LP of 89.7%/90.0% onsentences ticethattheuseof LTAG basedeaturegjivesriseto
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improvementon mostof thesingleSVMs, asshavn
in Fig. 8.

We think thereare severalreasongo accountfor
why our Model 2 doesnt work aswell for the full
taskwhencomparedvith Model 1. Firstly, thetrain-
ing sliceis not large enough.Local optimizationon
eachslice doesnot resultin global optimization(as
seenin Fig. 8). Secondlythe LTAG basedfeatures
thatwe have usedin thelinearkernelin Model2 are
notasusefulasthetreekernelin Model 1.* Thelast
reasons thatwe do not settheimportanceof LTAG
basedeatures.Oneshortcomingof kernelmethods
is thatthe coeficient of eachfeaturemustbe setbe-
fore the training (Herbrich,2002). In our case,we
do nottunethe coeficientsfor the LTAG basedea-
turesin Model 2.

6 Conclusionsand Future Work

In this paper we have proposedmethodsfor using
LTAG basedfeaturesin the parsererankingtask.
Theexperimentakesultsshav thattheuseof LTAG
basedfeaturesgives rise to improvementover al-
readyfinely tunedresults.We usedLTAG basedea-
turesfor the parsererankingtaskandobtainlabeled
recall and precisionof 89.7%/90.0% on WSJsec-
tion 23 of PennTreebankfor sentencesf length<
100 words. Our resultsshawv thatthe useof LTAG
“In Model 1, weimplicitly take every sub-treeof thederiva-

tion treesasa feature butin Model 2, we only considera small
setof sub-treesn alinearkernel.

basedreekernelgivesriseto a 17% relative differ-
encein f-scoreémprovementovertheuseof alinear
kernelwithoutLTAG basedeaturesin futurework,
we will usesomelight-weightmachinelearningal-
gorithmsfor which training is faster suchas vari-
antsof the Perceptroralgorithm. This will allow us
to uselarger training datachunksand take adwan-
tageof globaloptimizationin thesearcHor relevant
features.

References

E. Black, F. Jelinek,J. Lafferty, MagermanD. M., R. Merceg
and S. Roukos. 1993. Towards history-basedgrammars:
Usingrichermodelsfor probabilisticparsing.In Proc.of the
ACL 1993

R. Bod. 2003. An Efficient Implementationof a Nev DOP
Model. In Proc. of EACL 2003 Budapest.

J.ChenandK. Vijay-Shanler. 2000. AutomatedExtractionof
TAGsfrom the PennTreebank.n Proc. of the 6th IWPT.

D. Chiang. 2000. StatisticalParsingwith an Automatically-
ExtractedTreeAdjoining Grammar.ln Proc. of ACL-2000

M. CollinsandN. Duffy. 2001. Corvolution kernelsfor natural
languageln Proc. of the 14thNIPS

M. Collins andN. Duffy. 2002. New ranking algorithmsfor
parsingand tagging: Kernelsover discretestructures,and
thevotedperceptronin Proc. of ACL 2002

M. Collins. 1999. Head-DrivenStatisticalModelsfor Natural
Languae Parsing Ph.D.thesisUniversityof Pennsylania.

M. Collins. 2000. Discriminative rerankingfor naturallan-
guageparsing.In Proc. of 7th ICML.

M. Collins. 2001. Parametetestimationfor statisticalparsing
models: Theory and practiceof distribution-free methods.
In Proc.of IWPT 2001 Invited Talk atIWPT 2001.

R. Herbrich. 2002. LearningKernel Classifies: Theoryand
Algorithms MIT Press.

A. K. JoshiandY. Schabes.1997. Tree-adjoininggrammars.
In G. Rozenbay andA. Salomaaeditors,Handbookof For-
mal Languajes volume3, pages69—124.Springer

L. ShenandA. K. Joshi. 2003. An SVM basedvoting algo-
rithm with applicationto parsereranking.In Proc.of CoNLL
2003

V. N. Vapnik. 1999. TheNature of StatisticalLearningTheory
Springer 2ndedition.

F. Xia. 2001. Investigatingthe RelationshipbetweenGram-
mars and Treebankdor Natural Languages Ph.D.thesis,
University of Pennsylania,PhiladelphiaPA.



