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Abstract

We proposethe useof Lexicalized Tree
Adjoining Grammar(LTAG) as a source
of featuresthat are useful for reranking
the output of a statisticalparser. In this
paper, we extendthenotionof a treeker-
nel over arbitrarysub-treesof theparseto
thederivation treesandderived treespro-
videdby theLTAG formalism,andin ad-
dition, we extend the original definition
of the tree kernel, making it more lexi-
calizedandmorecompact.We useLTAG
basedfeaturesfor theparsererankingtask
andobtainlabeledrecall andprecisionof���������
	����
�����

on WSJsection23 of Penn
Treebankfor sentencesof length � 100
words. Our results show that the use
of LTAG basedtree kernel gives rise to
a � ��� relative differencein � -scoreim-
provementover theuseof a linear kernel
withoutLTAG basedfeatures.

1 Introduction

Recentwork in statisticalparsinghasexplored al-
ternativesto theuseof (smoothed)maximumlikeli-
hoodestimationfor parametersof themodel.These
alternatives are distribution-free (Collins, 2001),
providing a discriminative method for resolving
parseambiguity. Discriminative methodsprovide a
rankingbetweenmultiplechoicesfor themostplau-
sibleparsetreefor asentence,withoutassumingthat
a particulardistribution or stochasticprocessgener-
atedthealternative parses.�

We would like to thankMichaelCollins for providing the
original � -bestparseddataon which we ran our experiments
and the anonymous reviewers for their comments. The sec-
ondauthoris partially supportedby NSERC,Canada(RGPIN:
264905).

Discriminative methodspermit theuseof feature
functionsthatcanbeusedto conditionon arbitrary
aspectsof the input. This flexibility makesit possi-
ble to incorporatefeaturesof variousof kinds. Fea-
turescan be definedon characters,words, part of
speech(POS)tagsandcontext-freegrammar(CFG)
rules, dependingon the application to which the
modelis applied.

Featuresdefinedon � -gramsfrom the input are
the most commonly used for NLP applications.
Such � -gramscan either be definedexplicitly us-
ing somelinguistic insight into the problem,or the
modelcanbe usedto searchthe entirespaceof � -
gram featuresusing a kernel representation.One
exampleis the useof a polynomialkernelover se-
quences.However, to useall possible� -gramfea-
turestypically introducestoo many noisy features,
which can result in lower accuracy. One way to
solve this problemis to usea kernelfunctionthat is
tailoredfor particularNLP applications,suchasthe
treekernel (Collins andDuffy, 2001)for statistical
parsing.

In addition to � -gram features,more complex
high-level featuresare often exploited to obtain
higher accuracy, especially when discriminative
models are used for statistical parsing. For ex-
ample, all possiblesub-treescan be usedas fea-
tures(Collins andDuffy, 2002; Bod, 2003). How-
ever, mostof the sub-treesarelinguistically mean-
ingless,andareasourceof noisyfeaturesthuslimit-
ing efficiency andaccuracy. An alternative to theuse
of arbitrarysetsof sub-treesis to usethesetof ele-
mentarytreesasdefinedin LexicalizedTreeAdjoin-
ing Grammar(LTAG) (Joshi and Schabes,1997).
LTAG basedfeaturesnot only allow a morelimited
anda linguistically morevalid setof featuresover
sub-trees,they alsoprovide the useof featuresthat
usediscontinuoussub-treeswhich are outsidethe



scopeof previous treekerneldefinitionsusingarbi-
trarysub-trees.In thispaper, weusetheLTAGbased
featuresin the parsereranking problem (Collins,
2000; Collins and Duffy, 2002). We usethe Sup-
port VectorMachine(SVM) (Vapnik, 1999)based
algorithmproposedin (ShenandJoshi,2003)asthe
reranker in this paper. We apply the treekernel to
derivation treesof LTAG, andextract featuresfrom
derivation trees.Both the treekernelandthe linear
kernelon thericherfeaturesetareused.Our exper-
imentsshow thattheuseof treekernelonderivation
treesmakesthenotionof a treekernelmorepower-
ful andmoreapplicable.

2 Lexicalized Tree Adjoining Grammar

In this section,we give a brief introductionto the
LexicalizedTreeAdjoining Grammar(moredetails
can be found in (Joshi and Schabes,1997)). In
LTAG,eachword is associatedwith asetof elemen-
tary trees. Eachelementarytreerepresentsa possi-
ble treestructurefor theword. Therearetwo kinds
of elementarytrees,initial treesandauxiliary trees.
Elementarytreescanbecombinedthroughtwo op-
erations,substitutionandadjunction. Substitutionis
usedto attachan initial tree,andadjunctionis used
to attachanauxiliary tree.In additionto adjunction,
wealsousesisteradjunctionasdefinedin theLTAG
statisticalparserdescribedin (Chiang,2000).1 The
tree resultingfrom the combinationof elementary
treesis is calledaderivedtree. Thetreethatrecords
the history of how a derived tree is built from the
elementarytreesis calledaderivationtree.2

WeillustratetheLTAG formalismusinganexam-
ple.
Example 1: Pierre Vinkenwill join theboard asa
non-executivedirector.

Thederivedtreefor Example1 is shown in Fig. 1
(weomit thePOStagsassociatedwith eachword to
save space),andFig. 2 shows theelementarytrees
for eachword in thesentence.Fig. 3 is thederiva-
tion tree(thehistoryof treecombinations).Oneof

1Adjunctionis usedin thecasewhereboththerootnodeand
the foot nodeappearin theTreebanktree. Sisteradjunctionis
usedin generatingmodifiersub-treesassistersto thehead,e.g
in basalNPs.

2Eachnode������� in thederivationtreeis anelementarytree
name� alongwith thelocation � in theparentelementarytree
where� is inserted.Thelocation � is theGorntreeaddress(see
Fig. 4).
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Figure1: Derivedtree(parsetree)for Example1.
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Figure2: Elementarytreesfor Example1.

thepropertiesof LTAG is thatit factorsrecursionin
clausestructurefrom thestatementof linguisticcon-
straints,thusmakingtheseconstraintsstrictly local.
For example,in the derivation treeof Examples1,+-,#.�/1032 �54 and +56�.8792 �;:=<>�54 are directly connected
whetherthere is an auxiliary tree ? 61.A@B2DCEC 4 or not.
Wewill show how thispropertyaffectsourredefined
treekernellater in this paper. In our experimentsin
thispaper, weonly useLTAG grammarswhereeach
elementarytree is lexicalizedby exactly oneword
(terminalsymbol)on thefrontier.

3 Parse Reranking

In recentyears,rerankingtechniqueshavebeensuc-
cessfullyusedin statisticalparsersto reranktheout-
put of history-basedmodels(Black et al., 1993). In
this paper, we will usethe LTAG basedfeaturesto
improve theperformanceof reranking.Our motiva-
tions for using LTAG basedfeaturesfor reranking
arethefollowing:

F Unlike thegenerative model,it is trivial to in-
corporatefeaturesof variouskindsin a rerank-
ing setting. Furthermorethe natureof rerank-
ing makes it possibleto use global features,
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Figure3: Derivationtree:showshow theelementary
treesshown in Fig. 2 canbecombinedto providean
analysisfor thesentencein Example1.

whichallow usto combinefeaturesthatarede-
finedonarbitrarysub-treesin theparsetreeand
featuresdefinedonaderivationtree.

F Several hand-craftedand arbitrary features
have beenexploited in the statisticalparsing
task, especiallywhen parsingthe WSJ Penn
Treebankdatasetwhereperformancehasbeen
finely tunedover theyears.Showing a positive
contribution in this task will be a convincing
testfor theuseof LTAG basedfeatures.

F Theparsererankingdatasetis well established.
Weusethedatasetdefinedin (Collins,2000).

In (Collins,2000),two rerankingalgorithmswere
proposed. One was basedon Markov Random
Fields,andtheotherwasbasedon theBoostingal-
gorithm. In both thesemodels,the loss functions
werecomputeddirectly on the featurespace.Fur-
thermore,a rich featuresetwasintroducedthatwas
specificallyselectedby handto targetthelimitations
of generative modelsin statisticalparsing.

In (Collins andDuffy, 2002), the VotedPercep-
tron algorithm was usedfor parsereranking. The

SU
NPULUV VPU �

join U � U NPU ���V
Figure4: Exampleof how eachnodein anelemen-
tary treehasa uniquenodeaddressusingthe Gorn
notation.
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Figure5: A sub-treewhich is linguistically mean-
ingless.

treekernelwasusedto computethenumberof com-
monsub-treesof two parsetrees.Thefeaturesused
by this treekernelcontainsall thehandselectedfea-
turesof (Collins, 2000). It is worth mentioningthat
the � -scoresreportedin (Collins andDuffy, 2002)
areabout � � lessthantheresultsin (Collins,2000).

In (ShenandJoshi,2003),a SVM basedrerank-
ing algorithmwasproposed.In that paper, the no-
tion of preferencekernelswas introducedto solve
thererankingproblem.Two distinctkernels,thetree
kernelandthe linear kernelwereusedwith prefer-
encekernels.

4 Using LTAG Based Features

4.1 Motivation

While thetreekernelis aneasywayto computesim-
ilarity betweentwo parsetrees,it takestoomany lin-
guisticallymeaninglesssub-treesinto consideration.

Let usconsidertheexamplesentencein Example
1. The parsetree,or derived tree,for this sentence
is shown in Fig. 1. Fig. 5 shows one of the lin-
guistically meaninglesssub-trees. The numberof
meaninglesssub-treesis a misleadingmeasurefor
discriminatinggoodparsetreesfrom bad. Further-
more, the numberof meaninglesssub-treesis far
greaterthan the numberof useful sub-trees. This
limits bothefficiency andaccuracy on thetestdata.
Theuseof unwantedsub-treesgreatlyincreasesthe
hypothesisspaceof alearningmachine,andthusde-
creasesthe expectedaccuracy on testdata. In this
work, we considerthehypothesisthat linguistically
meaningfulsub-treesreveal correlationsof interest
andthereforeareusefulin stochasticmodels.

We noticethat eachsub-treeof a derivation tree
is linguistically meaningfulbecauseit representsa
valid sub-derivation. 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
that theuseof featureson derivation treesis differ-
ent from theuseof featureson dependency graphs,
derivation treesinclude many complex patternsof
tree namesand attachmentsitesand can represent
word to word dependenciesthat arenot possiblein
traditionaldependency graphs.

For example, the derivation tree for Example1
with andwithout optionalmodifierssuchas ?XW .EY�Z 4
are minimally different. In contrast, in derived
(parse) trees, there is an extra VP node which
changesquite drastically the set of sub-treeswith
andwithout thePPmodifier. In addition,usingonly
sub-treesfrom the derived tree, we cannotrepre-
sentacommonsub-treethatcontainsonly thewords
Vinkenandjoin sincethiswould leadto adiscontin-
uoussub-tree.However, LTAG basedfeaturescan
representsuchcasestrivially.

The comparisonbetween (Collins, 2000) and
(Collins andDuffy, 2002)in [ 3 shows thatit is hard
to addnew featuresto improve performance.Our
hypothesisis that the LTAG basedfeaturesprovide
a novel setof abstractfeaturesthatcomplementthe
handselectedfeaturesfrom (Collins, 2000)andthe
LTAGbasedfeatureswill helpimproveperformance
in parsereranking.

4.2 Extracting Derivation Trees

Before we can useLTAG basedfeatureswe need
to obtain an LTAG derivation tree for eachparse
treeunderconsiderationby the reranker. Our solu-
tion is to extractelementarytreesandthederivation
tree simultaneouslyfrom the parsetreesproduced
by an � -best statisticalparser. Our training and
testdataconsistsof � -bestoutput from the Collins
parser(see(Collins,2000)for detailsonthedataset).
Sincethe Collins parserusesa lexicalizedcontext-
freegrammarasa basisfor its statisticalmodel,we
obtainparsetreesthatareof thetypeshown in Fig.
6. From this tree we extract elementarytreesand
derivation treesby recursively traversingthe spine
of theparsetree. Thespineis thepathfrom a non-
terminallexicalizedby a word to the terminalsym-
bol onthefrontierequalto thatword. Everysub-tree
rootedat a non-terminallexicalized by a different
wordis excisedfrom theparsetreeandrecordedinto

S(join)

NP(Vinken)

PierreVinken

VP(join)

will VP(join)

VP(join)

join NP(board)

theboard

PP(as)

as NP(director)

anon-executivedirector

Figure 6: Sampleoutput parsefrom the Collins
parser. Eachnon-terminalis lexicalizedby thepars-
ing model. -A marksargumentsrecoveredby the
parser.

thederivation treeasa substitution. Repeatednon-
terminalson thespine(e.g.VP(join)

�>�>�
VP(join) in

Fig. 6) areexcisedalongwith the sub-treeshang-
ing off of it andrecordedinto thederivation treeas
an adjunction. The only other caseis thosesub-
trees rooted at non-terminalsthat are attachedto
thespine.Thesesub-treesareexcisedandrecorded
into thederivationtreeascasesof sisteradjunction.
Eachsub-treeexcisedis recursively analyzedwith
this method,split up into elementarytreesandthen
recordedinto thederivation tree. Theoutputof our
algorithmfor theinput parsetreein Fig. 6 is shown
in Fig. 2 andFig. 3. Our algorithm is similar to
the derivation treeextractionexplainedin (Chiang,
2000),exceptweextractourLTAG from � -bestsets
of parsetrees,while in (Chiang,2000)theLTAG is
extractedfrom thePennTreebank.3 For othertech-
niquesfor LTAGgrammarextractionsee(Xia, 2001;
ChenandVijay-Shanker, 2000).

4.3 Using Derivation Trees

In this paper, we have describedtwo modelsto em-
ploy derivation trees. Model 1 usestreekernelson
derivation trees. In order to make the tree kernel
more lexicalized, we extend the original definition
of the tree kernel, which we will describebelow.
Model2 abstractsfeaturesfrom derivationtreesand
usesthemwith a linearkernel.

In Model 1, we combinethe SVM resultsof the
treekernelon derivationtreeswith theSVM results
givenby a linearkernelbasedon featureson thede-

3Also notethatthepathfrom theroot nodeto thefoot node
in auxiliarytreescanbegreaterthanone(for treeswith \ roots).



rivedtrees.
In Model 2, the vectorspaceof the linear kernel

consistsof bothLTAG basedfeaturesdefinedon the
derived treesandfeaturesdefinedon thederivation
tree. The following LTAG featureshave beenused
in Model 2.F Elementary tree. Eachnodein thederivation

treeis usedasa feature.F Bigram of parent and its child. Each pair
of parentelementarytreeandchild elementary
tree, as well as the type of operation(substi-
tution, adjunctionor sisteradjunction)andthe
Gornaddressonparent(seeFig. 4) is usedasa
feature.F Lexicalized elementary tree. Eachelemen-
tary treeassociatedwith its lexical item is used
asa feature.F Lexicalized bigram. In Bigram of parent and
its child, eachelementarytree is lexicalized
(we useclosedclasswords,e.g.adj,adv, prep,
etc.but notnounor verb).

4.4 Lexicalized Tree Kernel

In (CollinsandDuffy, 2001),thenotionof atreeker-
nel is introducedto computethenumberof common
sub-treesof two parsetrees.For two parsetrees,] ,
and] 6 , thetreekernelTree(] ,>^ ] 6 ) is definedas:

Tree . ] ,)^ ] 6 4-_ `� ,a2 �b] ,� 6c2 �b] 6
d . � ,>^ � 6 4 (1)

Therecursive function
d

is definedasfollows: If � ,
and � 6 have thesamebracketingtag(e.g.S,NP, VP,�>�>�

) andthesamenumberof children,d . � ,>^ � 6 4e_gfih%j . �lk d . � , j ^ � 6 j 4P4 ^ (2)

where, �nm j is the 2 th child of the node �nm , f is a
weightcoefficient usedto control theimportanceof
largesub-treesand

�po fq�g� .
If � , and � 6 have thesamebracketingtagbut dif-

ferentnumberof children,
d . � ,)^ � 6 4r_sf . If they

don’t have thesamebracketingtag,
d . � ,>^ � 6 4-_ �

.
In (Collins andDuffy, 2002),lexical itemsareall

locatedat the leaf nodesof parsetrees. Therefore

VP(join)

VP(join)

V(join) NP(board)

PP(as)

P(as) NP(director)

tree t :

VP

VP

V NP

PP

P NP

ptn(t ):

lex( � ): (join, join, as)

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

sub-treesthat do not containany leaf nodearenot
lexicalized. Furthermore,dueto theintroductionof
parameterf , lexical information is almostignored
for sub-treeswhoserootnodeis not closeto theleaf
nodes,i.e. sub-treesrootedat u node.

In orderto make thetreekernelmorelexicalized,
we associateeachnodewith a lexical item. For ex-
ample,Fig. 7 shows a lexicalized sub-treeand its
decompositioninto features.As shown in Fig. 7 the
lexical informationlex(t) extractedfrom thelexical-
izedtreeconsistsof wordsfrom theroot andits im-
mediatechildren. This is becausewe wish to ig-
noreirrelevant lexicalizationssuchasNP(board) in
Fig. 7.

A lexicalized sub-treerootedon node � is split
into two parts.Oneis thepatterntreeof � , ]wvT� . �54 .
The otheris the vectorof lexical informationof � ,C <>x . �54 , which containsthe lexical itemsof the root
nodeandthechildrenof theroot.

For two treenodes� , and � 6 , therecursive func-
tion y d . � ,)^ � 6 4 usedto computethelexicalizedtree
kernelis definedasfollows.

y d . � ,>^ � 6 4z_ . �lk|{}�~v .EC < x . � , 4 ^�C <>x . � 6 4P4P4� dB� . ]wvT� . � , 4 ^ ]�vS� . � 6 4P4 ^ (3)

where
d �

is thesameastheoriginal recursive func-
tion

d
definedin (2), except that

d
is definedon

parsetreenodes,while
d �

is definedon patternsof
parsetreenodes. {}�~v . x ^P� 4 countsthe numberof
commonelementsin vector x and � . For example,{��~v .P.�/1032 � ^D/�032 � ^�Y�Z 4 ^�.�/1032 � ^D/�032 � ^P2 �54P4�_�� , since



2 elementsof thetwo vectorsarethesame.
It can be shown that the lexicalized tree kernel

countsthe numberof commonsub-treesthat meet
thefollowing constraints.

F Noneor onenodein thesub-treeis lexicalized

F Thelexicalizednodeis therootnodeor achild
of theroot, if applicable.

Thereforeour new tree kernel is more lexicalized.
On the otherhand,it immediatelyfollows that the
lexicalizedtreekernelis well-defined.It meansthat
we canembedthelexicalizedtreekernelinto ahigh
dimensionalspace.Theproof is similar to theproof
for thetreekernelin (Collins andDuffy, 2001).

Another important advantageof the lexicalized
treekernelis thatit is morecompressible.It is noted
in (Collins andDuffy, 2001)that training treescan
be combinedby sharingsub-treesto speedup the
test. As far as the lexicalized tree kernel is con-
cerned,thepatterntreesaremorecompressiblebe-
causethere is 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 dataandrepresenttheseparses
with sharedstructure.The numberof the nodesin
thepatternforestis only 1/7 of the total numberof
thenodestheselectedparsetrees.

4.5 Tree Kernel for Derivation Trees

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

For derivationtrees,therecursive functionis trig-
gered if the two root nodeshave the samenon-
lexicalized elementarytree (sometimescalled su-
pertag). Note that thesetwo nodeswill have the
samenumberof childrenwhichareinitial trees(aux-
iliary treesarenot counted).In comparison,there-
cursive functionin (2),

d . � ,>^ � 6 4 is computedif and
only if � , and � 6 have thesamebracketing tagand
they have thesamenumberof children.

For eachnode,its childrenareattachedwith one
of thetwo distinctoperations,substitutionoradjunc-
tion. Forsubstitutedchildren,thecomputationof the
treekernelis almostthesameasthatfor CFGparse

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

Example 2: COMMERCIALPAPERplaceddi-
rectlyby General Motors AcceptanceCorp.: 8.55

�
30 to 44 days;8.25

�
45 to 59days;8.45

�
60 to 89

days; 8
�

90 to 119 days; 7.90
�

120 to 149 days;
7.80

�
150to 179days;7.55

�
180to 270days.

In this example,sevensub-treesof thesametype
aresisteradjoinedto thesameplaceof aninitial tree.
So the numberof commonsub-treesincreasesdra-
maticallyif thetreekernelis appliedon two similar
parsesof thissentence.Experimentalevidenceindi-
catesthatthis is harmful to accuracy. Therefore,for
derivation trees,we areonly interestedin sub-trees
that containat most2 adjunctionbranchesfor each
node.Thenumberof constrainedcommonsub-trees
for the derivation tree kernel can be computedby
therecursivefunction � d

overderivationtreenodes� ,>^ � 6 :
� d . � ,)^ � 6 4�_ . �lk�� ,�. � , ^ � 6 4;k�� 6�. � , ^ � 6 4P4� d�� .HZ�����. � , 4 ^RZ ���3. � 6 4P4 (4)

where Z�����. �nm�4 is the sub-treeof �nm in which chil-
dren adjoinedto the root of �nm arepruned.

d��
is

similar to the original recursive function
d

defined
in (2), but it is definedon derivation treenodesre-
cursively. � , and � 6 areusedto countthenumber
of commonsub-treeswhoserootnodesonly contain
oneor two adjunctionchildrenrespectively.

� ,#. � ,)^ � 6 4�_ ` jA� �r� d .EYX, j ^�Y�6 � 4 ^
where,Yw, j is the 2 th adjunctof � , , and Y�6 � is the / th
adjunctof � 6 . Similarly, wehave:

� 61. � ,)^ � 6 4�_ `j�� m � � �w� �
d .EYX, j ^�Y�6 � 4a� � d .EY , m ^�Y 6 � 4

Thetreekernelfor derivationtreesis a well-defined
kernelfunctionbecausewe caneasilydefineanem-
beddingspaceaccordingto thedefinitionof thenew
treekernel.By substituting� d

for
d �

in (3), weob-
tain the lexicalizedtreekernelfor LTAG derivation
trees(using y d in (1)).

5 Experiments

As describedabove, we usethe SVM basedvoting
algorithm(ShenandJoshi,2003) in our reranking



experiments. We usepreferencekernelsand pair-
wiseparsetreesin our rerankingmodels.

Weusethesamedatasetasdescribedin (Collins,
2000). Section2-21of thePennWSJTreebankare
usedastraining data,andsection23 is usedfor fi-
nal test. The training datacontainsaround40,000
sentences,eachof which has27 distinct parseson
average.Of the 40,000training sentences,the first
36,000areusedto trainSVMs. Theremaining4,000
sentencesareusedasdevelopmentdata.

Dueto thecomputationalcomplexity of SVM, we
have to divide training datainto slicesto speedup
training.Eachslicecontaintwo pairsof parsesfrom
every sentence.Specifically, slice 2 containspos-
itive samples.P.��]�m ^ ]�m j 4 ^ kp��4 and negative samples.P. ]�m j ^��]�m�4 ^ � ��4 , where �]�m is the bestparsefor sen-
tence : , ]�m j is the parsewith the 2 th highestlog-
likelihood in all the parsesfor sentence: and it is
not thebestparse(ShenandJoshi,2003).Thereare
about60000samplesin 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. Then the outcomeis combinedwith the
resultof thelinearkernelSVMs trainedon features
extractedfrom thederived treeswhich arereported
in (ShenandJoshi,2003).For eachparse,thenum-
berof thebracketsin it andthelog-likelihoodgiven
by Collins’ parserModel2 arealsousedin thecom-
putationof thescoreof aparse.For eachparse] , its
scoreu�� 0=. ]�4 is definedasfollows:

u�� 0=. ]�4-_��¡  . ]�4nk£¢¤�#�¦¥ . ]�4;k£?§� CP. ]�4nk + � ��. ]�4 ^
where�   . ]�4 is theoutputof thetreekernelSVMs,�¦¥ . ]�4 is theoutputof linear kernelSVMs, CP. ]�4 is
the log-likelihood of parse] , and ��. ]�4 is the num-
berof bracketsin parse] . WenoticedthattheSVM
systemsprefersto give higherscoresto the parses
with lessbrackets.As aresult,thesystemhasahigh
precisionbut a low recall. Therefore,we take the
numberof brackets, ��. ]�4 , asa featureto make the
recallandprecisionbalanced.Thethreeweightpa-
rametersaretunedon thedevelopmentdata.

The resultsare shown in Table 1. With Model
1, we achieve LR/LP of

���������¨	����
�����
on sentences

� 40Words(2245sentences)
Model LR LP CBs 0 CBs 2 CBs
CO99

�����ª©1� ���������
0.92 «�« ����� �1��� � �

CO00
���
� � � ���
�­¬��

0.73
�3�
����� ����� « �

CD02
����� � � �����­¬��

0.85 « ���ª®1� ����� � �
SJ03

�����ª�1� ���
�ª®1�
0.75

� � ����� �����­¬��
M1

���
� � � ���
�ª©1�
0.72

� � �ª®1� ���
�����
M2

�����ª�1� ���
�ª®1�
0.76

� � � « � ����� « �� 100Words(2416sentences)
Model LR LP CBs 0 CBs 2 CBs
CO99

����� � � �����ª®1�
1.06 « ¬=����� ��©�� � �

CO00
����� « � �����ª�1�

0.87 « ���ª®1� �1�������
CD02

����� « � �����ª�1�
0.99 «�« �ª©1� � « �ª®1�

SJ03
�����­¬�� �����ª�1�

0.89 « ��� � � �1��� « �
M1

��������� ���
�����
0.86

�3�
����� ����� � �
M2

�����ª®1� �����ª�1�
0.89 « ��� � � �1�������

Table 1: Resultson section23 of the WSJ Tree-
bank. LR/LP = labeledrecall/precision.CBs= av-
eragenumberof crossingbracketsper sentence.0
CBs, 2 CBs are the percentageof sentenceswith
0 or � 2 crossingbrackets respectively. CO99 =
(Collins, 1999)Model 2. CO00= (Collins, 2000).
CD02 = (Collins and Duffy, 2002). SJ03= linear
kernel of (Shenand Joshi, 2003). M1=Model 1.
M2=Model2.

with � 100 words. Our resultsshow a 17% rel-
ative differencein � -score improvementover the
useof a linear kernelwithout LTAG basedfeatures
(Shenand Joshi, 2003). In addition, we also get
non-trivial improvementon the numberof crossing
brackets. Theseresultsverify the benefitof using
LTAGbasedfeaturesandconfirmthehypothesisthat
LTAG basedfeaturesprovide a novel setof abstract
featuresthatcomplementthehandselectedfeatures
from (Collins, 2000). Our resultson Model 1 show
a � � error reductionon thepreviousbestreranking
resultusingthe datasetreportedin (Collins, 2000).
Also, Model 1 provides a 10% reductionin error
over (Collins and Duffy, 2002) wherethe features
from treekernelwereoverarbitrarysub-trees.

For Model 2, we first train 22 SVMs on 22 dis-
tinct slices.Thenwe combinetheresultsof individ-
ual SVMs with simplecombination. However, the
overall performancedoesnot improve. But we no-
tice thattheuseof LTAG basedfeaturesgivesriseto
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Figure8: Comparisonof performanceof individual
SVMs in Model 2: with andwithout LTAG based
features. X-axis standsfor the ID of the sliceson
which theSVMsaretrained.Y-axisstandsfor the � -
score.

improvementonmostof thesingleSVMs,asshown
in Fig. 8.

We think thereareseveral reasonsto accountfor
why our Model 2 doesn’t work aswell for the full
taskwhencomparedwith Model1. Firstly, thetrain-
ing sliceis not largeenough.Local optimizationon
eachslicedoesnot resultin globaloptimization(as
seenin Fig. 8). Secondly, theLTAG basedfeatures
thatwehaveusedin thelinearkernelin Model2 are
notasusefulasthetreekernelin Model1.4 Thelast
reasonis thatwe donot settheimportanceof LTAG
basedfeatures.Oneshortcomingof kernelmethods
is thatthecoefficient of eachfeaturemustbesetbe-
fore the training (Herbrich,2002). In our case,we
do not tunethecoefficientsfor theLTAG basedfea-
turesin Model2.

6 Conclusions and Future Work

In this paper, we have proposedmethodsfor using
LTAG basedfeaturesin the parsererankingtask.
Theexperimentalresultsshow thattheuseof LTAG
basedfeaturesgives rise to improvementover al-
readyfinely tunedresults.WeusedLTAGbasedfea-
turesfor theparsererankingtaskandobtainlabeled
recall andprecisionof

���������
	����
�����
on WSJsec-

tion 23 of PennTreebankfor sentencesof length �
100 words. Our resultsshow that the useof LTAG

4In Model1, weimplicitly takeeverysub-treeof thederiva-
tion treesasa feature,but in Model 2, we only considera small
setof sub-treesin a linearkernel.

basedtreekernelgivesrise to a � ��� relative differ-
encein � -scoreimprovementover theuseof alinear
kernelwithoutLTAG basedfeatures.In futurework,
we will usesomelight-weightmachinelearningal-
gorithmsfor which training is faster, suchas vari-
antsof thePerceptronalgorithm.This will allow us
to uselarger training datachunksand take advan-
tageof globaloptimizationin thesearchfor relevant
features.

References
E. Black, F. Jelinek,J. Lafferty, MagermanD. M., R. Mercer,

and S. Roukos. 1993. Towardshistory-basedgrammars:
Usingrichermodelsfor probabilisticparsing.In Proc.of the
ACL 1993.

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

J.ChenandK. Vijay-Shanker. 2000. AutomatedExtractionof
TAGsfrom thePennTreebank.In Proc.of the6th IWPT.

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

M. CollinsandN. Duffy. 2001.Convolutionkernelsfor natural
language.In Proc.of the14thNIPS.

M. Collins andN. Duffy. 2002. New rankingalgorithmsfor
parsingand tagging: Kernelsover discretestructures,and
thevotedperceptron.In Proc.of ACL 2002.

M. Collins. 1999. Head-DrivenStatisticalModelsfor Natural
LanguageParsing. Ph.D.thesis,Universityof Pennsylvania.

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

M. Collins. 2001. Parameterestimationfor statisticalparsing
models: Theory and practiceof distribution-freemethods.
In Proc.of IWPT2001. InvitedTalk at IWPT 2001.

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

A. K. JoshiandY. Schabes.1997. Tree-adjoininggrammars.
In G. Rozenberg andA. Salomaa,editors,Handbookof For-
mal Languages, 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 Treebanksfor Natural Languages. Ph.D. thesis,
Universityof Pennsylvania,Philadelphia,PA.


