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Abstract

Thispaperproposeshe“Hierarchical Di-

rected Acyclic Graph (HDAG) Kernel” for

structurednatural languagedata. The
HDAG Kerneldirectlyacceptseverallev-

els of both chunks and their relations,
andthenefficiently computesheweighed
sum of the numberof commonattribute
sequencesf the HDAGs. We appliedthe
proposedmethodto questimn classifica-
tion andsentencalignmenttasksto eval-

uateits performanceasa similarity mea-
sure and a kernel function. The results
of the experimentsdemonstratehat the
HDAG Kernelis superiorto otherkernel
functiors andbaselinemethods.

1 Intr oduction

As it hasbecomeeasyto getstructuedcorporasuch
as annotatedexts, mary researcherhave applied
statigical andmachinelearningtechnigquesto NLP
tasks,thusthe accuracie®f basicNLP tools such
as POStaggers,NP chunkers,namedentiies tag-
gersanddependencanalyzershave beenimproved
to the point thatthey canrealize practicalapplica-
tionsin NLP.

The motivaion of this paperis to identify and
usericherinformatian within texts thatwill improve
the performancef NLP applicatons;thisisin con-
trastto usimg featurevectorsconstructedy a bag-
of-words(Saltonetal., 1975).

We now arefocusingon the methodghatusenu-
merical feature vectors to representhe featuresof
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naturallanguagedata. In this case,sincethe orig-
inal naturallanguagedatais symbolic, researchers
corvert the symbolt datainto numericdata. This
processfeature extraction, is ad-hocin natureand
differswith eachNLP task;therehasbeenno neat
formulationfor generatingeaturevectorsfrom the
semanti@andgrammaticaktructuesinside texts.

Kernel methods(Vapnik, 1995 Ciristianini and
Shave-Taylor, 2000)suitablefor NLP have recently
beendevised Convolution Kernels (Haussler1999)
demonstratbow to build kernelsover discretestruc-
turessuchasstrings,trees,andgraphs.Oneof the
mostremarkablepropertiesof this kernel method-
ology is that it retainsthe original representatio
of objectsand algorithms manipulatethe objects
simply by computingkernelfunctions from the in-
ner productsbetweenpairs of objects This means
that we do not have to map texts to the feature
vectorsby explicitly representinghem, aslong as
an efficient calculationfor the inner productsbe-
tweena pair of texts is defined. The kernelmethod
is widely adoptedin Machine Learning methods,
suchasthe SQupport Vector Machine (SVYM) (Vap-
nik, 1995). In additian, kernel function K (z,y)
has been describedas a similarity function that
satisfiescertain propertes (Cristianhi and Shave-
Taylor, 2000). Thesimilarity measurdetweertexts
is oneof themostimportantfactorsfor sometasksn
theapplicatonareaof NLP suchasMachineTrans-
lation, Text Catayorization, Information Retrieval,
andQuestim Answering.

This paper proposesthe Hierarchical Directed

Acyclic Graph (HDAG) Kerndl. It canhandlesev-
eral of the structuesfoundwithin textsandcancal-



culatethe similarity with regardto thesestructures
atpracticalcostandtime. TheHDAG Kernelcanbe
widely appliedto learning,clusterng andsimilarity
measurei NLP tasks.

The following sectionsdefinethe HDAG Kernel
andintrodwce analgorithmthatimplementst. The
resultsof applyirg the HDAG Kernelto the tasks
of questiorclassificatio andsentencalignmentare
thendiscused.

2 Convolution Kernels

Corvolution Kernelswere proposedisa concepiof
kernelsfor a discretestructure.This framawork de-
finesakernelfunction betweerinputobjectsby ap-
plying corvolution“sub-kernels thatarethekernels
for thedecompositins(parts)of theobjects.

Let D be a postive integerand X, X1,...,Xp
be nonempty separablametric spaces. This paper
focusesonthe specialcasethat X, X4, ..., Xp are
countablesets.We startwith x € X asa composite
structure andx = z1, ...,z p asits “parts’, where
rq € X4. RisdefinedasarelationonthesetX; x
.-+ x Xp x X suchthat R(x, x) is trueif x arethe
“parts” of z. R !(z) is definedas R!(z) = {x :
R(x,x)}.

Supposer,y € X, x be the parts of x with
x1,...,xp, andy be the parts of y with
Yy = y1,...,yp. Then,thesimilarity K(x,y) be-
tweenz andy is definedasthe following general-
ized convolution:

X =

K(z,y) = Z Z HKd(Jﬂdayd)- 1)

xER~1(z)yeR1(y) d=1

We notethatConvolution Kernelsareabstracton-
cepts,andthatinstance®f themaredeterminedoy
the definition of sub-kernel K ;(z4,y4). The Tree
Kernel (CollinsandDuffy, 2001)and String Subse-
guence Kernel (SXK) (Lodhietal., 2002),developed
in the NLP field, are examplesof Corvolution Ker-
nelsinstances.

An explicit definitionof boththe TreeKerneland
SSK K (z,y) iswrittenas:

K(z,y) = (#(z) - 6n)) = > ¢ix) - 4i(y).  (2)

Conceptuallywe enumerateaall sub-stucturesoc-

curring in z andy, where M representghe to-
tal number of possble sub-stucturesin the ob-
jects. ¢, the feature mappingfrom the sample
spaceto the feature space,is given by ¢(z) =
(¢1(2), .., dm(x)).

In the caseof the Tree Kernel,z andy be trees.
The Tree Kernelcomputeghe numberof common
subtreesn two treesz andy. ¢;(z) is definedas
the numberof occurrence®f the i'th enumerated
subtredn treex.

In the caseof SSK, input objectsxz andy are
string sequencesandthe kernelfunctioncomputes
the sum of the occurrence®f i’th commonsubse-
quencep; (z) weighedaccordingo thelengthof the
subseqence. Thesetwo kernelsmakepolynomial-
time calculations basedon efficient recursve cal-
culation possble, seeequatim (1). Our proposed
methodusegheframewnork of Convolution Kernels.

3 HDAG Kernel

3.1 Definition of HDAG

This paper definesHDAG as a Directed Acyclic
Graph(DAG) with hierarchicalstructures.Thatis,
certainnodescontainDAGswithin themseles.

In basicNLP taskschunkingandparsingareused
to analyzethe text semanticallyor grammatically
Thereareseverallevelsof chunks,suchasphrases,
namedentitiesand sentencesandtheseare bound
by relationstructuressuchasdependengstructue,
anaphoraand coreference. HDAG is designedto
enablethe representatiomf all of thesestructures
inside texts, hierarchicalstructuresor chunksand
DAG structuredor the relationsof chunks.We be-
lieve thisricherrepresentatiois extremelyusefulto
improve the performanceof similarity measurebe-
tweentexts, moreover, learningandclusteriry tasks
in theapplicaton areasof NLP.

Figure 1 shavs an exampleof the text structures
that can be handledby HDAG. Figure 2 contairs
simpleexamplesof HDAG thatelucidatethe calcu-
lation of similarity.

As shavn in Figures1 and 2, the nodesare al-
lowed to have more than zero attributes, because
nodesin texts usually have several kinds of at-
tributes For example attributesincludewords,part-
of-speechags,semantianformatian suchasWord-
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Net, andclassof the namedentity.

3.2 Definition of HDAG Kernel

First of all, we definethe setof nodesin HDAGs
G, andGs asP and(@), respectiely, p andq repre-
sentnodesin the graphthatare definedas {p|p; €
Pi=1,....|P|l}and{qlg; € Q.7 =1...,]Q|},
respectiely. We usethe expressiorp; — ps — pr
to representhe pathfrom p; to p7 throudh p4.

We define“attribute sequence’asa sequencef
attributes extractedfrom nodesincluded in a sub-
path. The attribute sequencés expressedas‘A-B’
or ‘A-(C-B)’ where( ) representa chunk.As a ba-
sic exampleof the extractionof attribute sequences
from a sub-pathg, — ¢3 in Figure2 containsthe
four attribute sequence&-b’, ‘e-V’, ‘N-b’ and‘N-
V', whicharethecombinatios of all attributesin ¢-
andgs. Section3.3 explainsin detailthe methodof
extractingattribute sequenceffom sub-patk.

Next, we define“terminatednodes”asthos that
do not containary graph, suchas ps, pg; “non-
terminatechodes”arethosethatdo, suchasgq1, ¢a.

Since HDAGs treat not only exact matchingof
sub-strgtureshbut also approxmate matching, we
allow nodeskips accordingto decayfactor A\(0 <
A < 1) whenextractingattribute sequenceom the
sub-pathsThisframavork makessimilarity evalua-
tion robust; the similar sub-struaires can be eval-
uatedin the value of similarity, in contrastto ex-
act matchingthat never evaluatethe similar sub-
structure. Next, we define parametern (n
1,2,...) asthenumberof attributescombinedn the
attribute sequenceWhencalculatingsimilarity, we
consideronly combinaton lengthsof upto n.

Giventhe above discusion, the featurevectorof
HDAG is writtenas¢(G) = (¢1(G), ..., oum(G)),
where ¢ representshe explicit featuremappingof
HDAG and M representthe numberof all possble
n attribute combinations Thevalueof ¢;(G) is the
numberof occurrencesf thei’th attribute sequence
in HDAG G, eachattributesequencés weightedac-
cordingto the nodeskip. The similarity between
HDAGSs, which is the definition of the HDAG Ker-
nel, follows equatim (2) whereinput objectsz and
y areG; andG, respectiely. Accordingto thisap-
proach the HDAG Kernelcalculategheinnerprod-
uct of the commonattribute sequenceseightedac-
cordingto their nodeskipsandthe occurrencebe-
tweenthetwo HDAGSs,G'1 andGs.

We notethat, in general,if the dimensionof the
featurespacebecomesrery high or approachei-
finity, it becomesomputatioally infeasibleto gen-
eratefeaturevector¢(G) explicitly. To improve the
readers understandig of what the HDAG Kernel
calculatespeforewe introduceour efficient calcu-
lation method,the next sectiondetailsthe attribute
sequencethatbecomeelementof the featurevec-
tor if the calculationis explicit.

3.3 Attrib ute Sequeances: The Elementsof the
Feature Vector

We describethe detailsof the attribute sequences
thatareelementof the featurevectorof the HDAG
KernelusingGG; andG- in Figure2.

The framework of node skip

We denotethe explicit representatiomf a node
skipby ”«". Theattributesequencem thesub-path
underthe“nodeskip” arewrittenas‘a-x-c’. It costs
A to skip aterminatednode. The costof skipphg a



Tablel: Attribute sequenceandthevaluesof nodes
p1 andgy

p1 q4
sub-path] a.seq [val.  sub-p#h | a.seq. [ val.

n=1 n=1
p1 NP 1 qa NP 1
P2 a-x A qs (x-%)-a A2
D2 N-x A Q6 (C-)-x A2
D3 Ck | A 6 (e-d)-% | A2

P4 *-b 2)\ n=232
n=2 g6 (C-d)-* A
p2—pa| ab 1 g6 — g5 | (C+)-a| A
p2z—pa| Nb |1 g6 — g5 | (xd)-a| A

p3 — P4 c-b 1 n =23
g6 —¢qs [ (cd)c] 1

non-terminatechodeis the sameasskipping all the
graphsinside the non-terminatechode. We intro-
ducedecayfunctionsN(p), Tx(p) and By(p); all
are basedon decayfactor \. N,(p) representshe
costof nodeskip p. For example, Ny(p1) = 2\2
representshe costof nodeskip po — s, andthat
of ps — p4; Nx(p2) = A is the costof just node
skippa. T (p) representshe sumof the multiplied
costof thenodeskipsof all of thenodeshathave a
pathto p, T\(p4) = 2 thatis the sumcostof both
p2 andps thathave a pathto py, Th(p1) = 1(\Y).
By (p) representshe sumof the multiplied costof
the node skips of all the nodesthat p hasa path
to. B)(p2) = A representshe costof nodeskip
ps Wherepy hasa pathto py.

Attrib ute sequencegor non-terminated nodes

We define the attributes of the non-terminated
nodeasthe combinatbnsof all attribute sequences
including the nodeskip. Table1 shavs theattribute
sequenceandvaluesof p; andgy.

Details of the elementsin the feature vector

Theelementof thefeaturevectorarenotconsid-
eredin ary of the nodeskips This meansthat‘A-
x-B-C’ isthesameelementas‘A-B-C’, and‘A-*-x-
B-C' and‘A-x-B-+-C’ arealsothesameelementas
‘A-B-C'. Consiaringthehierarchicaktructurejt is
naturalto assumehat‘(N-*)-(d)-a’ and‘(N- *)-((x-
d)-a)’ aredifferentelementsHowever, in theframe-
work of the nodeskip andthe attributesof the non-
terminatechode,’(N- *)-(x)-a’ and‘(N- *)-((x-x)-a)’
are treatedas the sameelement. This framework

Table2: Similarity valuesof G; andG in Figure2

G1 Go
att. seq. | value att.seq. [ value
n=1
NP 1 NP 1 1
N 1 N 1 1
a 2 a 1 2
b 1 b 1 1
c 1 c 1 1
d 1 d 1 1
n=2
(N-9)-(x)-a] N [[ (N-#)-((+-%)-a)] X [ A°
N-b 1 N-b 1 1
(N-%)-(d) A || (N-9)-((-d)-) | X || A
(k-b)-(x)-a | 222 || (-b)-((+-#)-a) | X || 2A°
(-b)-(d) | 2X || (-b)-((x-d)-x) | X | 2A*
(c#)-(x)-a| M ((c+)-a) A X
(c-%)-(d) A c-d 1 A
(d)-a 1 (c-x)-a A A
n=3
(N-b)-()-a] X [ (N-D)-((+x)-a)] X A3
(N-b)-(d) 1 || (N-b)-((x-d)-+) | X A2

achievesapproxmate matchingof the structureau-
tomatically The HDAG Kerneljudgesall pairs of
attributesin eachattribute sequencéehatareinside
or outsie the samechunk. If all pairsof attributes
in the attribute sequencearein the sameconditon,
inside or outsde the chunk, then the attribute se-
guencegudgeasthesameelement.

Table 2 shows the similarity, the values of
Kppac(Gi, G2), whenthe featurevectorsare ex-
plicitly representedWe only shav thecommonele-
mentsof eachfeaturevectorthatappeaiin both G
andG-, sincethenumberof elementghatappeaiin
only G; or G, becomewerylarge.

Note that, asshavn in Table 2, the attribute se-
guencesof the non-erminatednode itself are not
addressetby the featuresof the graph. Thisis due
to the useof the hierarchicalstructue; the attribute
sequence®f the non-terminatechode come from
the combinationof the attributesin the terminated
nodes. In the caseof s;, attribute sequenceN- '
comesfrom ‘N’ in so. If wetreatboth‘N-%" in p;
and'N’ in po, we evaluatetheattribute sequencéN’
in po twice. Thatis why the similarity valuein Ta-
ble 2 doesnotcontain‘c-*’ in p; and‘(c-*)-*" in g4,
seeTablel.



3.4 Calculation

First, we determineV,,(s,t), which returnsthe
sum of the commonattribute sequencesf the m-
combinatiorof attributesbetweemodesp andg.

_ ) Vi(p,g) +val(p,q), i m=1
V(s t) = { otherwise ®)

in(p) =0 and in(q) =0
>

I (s) - Ba(s) - val(s, q),
s€in(q)

if in(p )75@ and in(q) =0
Z A(t) - Ba(t) - val(p, t),
fem(q)

n(p)

Vi (P, q) =

=0 and in(q) #0
A(s) - Ba(t) - Am(s.1),

AM

mn
sl
otherwise
4
val(p, q) returnsthe numberof commonattributes
of nodesp and ¢, not includng the attributes of
nodesnsidep andg. We definefunctionin(p) asre-
turninga setof nodesinside a non-terminatechode
p. in(p) = () meansnodep is a terminatednode.
For example,in(p1) = {p2, ps, p+} andin(p2) = 0.
We define functions A,,(p,q), Al,(p,q) and
A" (p, q) to calculateV,, (p, q).

m—1

Am(p,q) = Vin(p. @) + > Au(p,0) - Vim—a(p,a)  (5)

a=1

An(pa) = Y (Na@)-An(p,t) + An(p,t))  (6)
terel(q)
Anpa)= Y (Na(s)- An(s.0) + Am(s.0)  (7)

serel(p)

Theboundaryconditimsare

An(p,q) = Ta(p)-Tx(q)  Vm(p,q), if m =1(8)
AL(p.q) = 0, if rel(q) =0 9)
Ar(p.q) = 0, if rel(p) =0. (10)

Functionrel(p) returnsthe setof nodesthat have
directlinks to nodep. rel(p) = () meansno nodes
have direct links to s. rel(py) = {p2,p3} and
rel(p1) = 0.

Next, we define K (p, ¢) asrepresentig the sum
of the commonattribute sequencethat are the m-
combinatios of attributes extractedfrom the sub-
pathswhosesinksarep andg, respectiely.

val(p, q), if m=1

Km(pq) = 7=
Z Co(p,q) - Vim—a(p,q), otherwise
! 1)
Functiors C,,(p,q), C.,(p,q) and C/ (p,q),
neededor therecursve calculatiorof K, (p, ¢), are
writtenin the sameform as A, (p, ¢), AL, (p, q) and
A" (p, q) respectiely, exceptfor the bourdary con-
dition of C,,,(p, ¢), whichis writtenas:

Cm(p-q) = m = 1.

Vin(p,q), if (12)

Finally, anefficientsimilarity calculation formulais
writtenas

Kupac(G1, Ga)

DRI

m=1peEP qeQ

(13)

According to equation(13), given the recursve
definition of K,,(p, q), the similarity betweentwo
HDAGscanbecalculatedn O(n|P||Q|) time.

3.5 Efficient Calculation Method

We will now elucidatean efficient processig algo-
rithm. First, asa pre-processthe nodesare sorted
underthe following condiion: all nodesthat have
a pathto the focusednodeandarein the graphin-
side the focusednodeshoudt be setbeforethe fo-
cusednode. We cangetat leastone setof ordered
nodessincewe aretreatingan HDAG. In the case
of G, we canget(pz, p3, ps, p1, P6, Ps, pr). We
canrewrite therecursve calculationformulain “for
loops, if wefollow thesortedorder Figure3 shows
the algorithm of the HDAG kernel. Dynamic pro-
grammingtechniquds usedto computethe HDAG
Kernelvery efficiently becausavhenfollowing the
sortedorder the valuesthatare neededo calculate
the focusedpair of nodesare alreadycalculatedin
the previous calculation. We cancalculatethe table
by following theorderof thenodedrom left to right
andtopto bottom.

We normalizethe computedkernelsbeforetheir
usewithin the algorithms. The normalizationcor
respondgo the standardinit normnormalizatiorof

We caneasilyrewrite the equationto calcuate all combi-
nationsof attributes,but the orderof calculationtime becoms

o(PlleD-



Algorithm HDAG Kernel n_combination
for (i = 1;4 < |P|;i++)
for (j = 155 < [Ql; j++)
Ki[pi,q;] = Vi(pi, q5) = val(pi, q;)
if in(p;) #0 and in(q;) #0
foreachs € in(p;)
foreacht € in(q; )
for(m = 1;m < n;m++)
Vi (Pi>q5)+=Bx(s)BA(t)A(s, t)
end
end
end
elseif in(p;) # 0
foreachs € in(p;)
Vi(pi, q;)+=Bx(s)Tx(s)val(s, q;)
end
elseif in(q;) # 0
foreacht € in(qq)
Vi(pi, qj)+=Ba (t)TA(t)val(p;, t)
end
end
foreachs € rel(p;)
for(m =1;m < mny m++)
C!! i, 451+=Na()C2 [, 3] + Comls, 45]
AL m[Pi, ¢;1+=Nx(s )A [Sv(b] + Amls, q;]
end
end
foreacht € rel(q;)
for (m =1;m < n; m++)
Culpis 4 1+=Na(1)CL, [pi
AL i, 1+=Na(t) A, [pi
end
end
Cilpi, q5] = Valps, 451
A1lpi, q;1 = Ta(pi) - Ta(gs) - Vilpi, q5]
for (m = 2;m < n;m++)
Comlpis a] = Amlpi, g5]
for (a = 1;a < m; at+)
Ko [pi, 4;1+=C, [pi, 45] - Vin—alpis 45]
Culpis CIJ']+:C:1[pi: 4] * Vin—alpi, ;]
Ampi, ;]+=A, [Pis 45] - Vin—alpi, ¢5]
end
end
end
end

n
return Zmzl ZpiGP queQ Km[pi, q;]

S+ Clpis ]
1+ A lpi, ]

= Vinlpi, q5]

Figure3: Algorithm of the HDAG Kernel

examplesin the featurespacecorrespondig to the
kernelspacgLodhietal., 2002).

2 K(‘T*y)

K(w,y) = K(z,7) K(y.y)

(14)

4 Experiments

We evaluated the performanceof the proposed
methodin anactualapplicationof NLP; thedataset
is writtenin Japanese.

We comparedHDAG andDAG (thelatterhadno
hierarchystructue) to the String SubsequencKer-
nel (SSK)for wordsequenceependeng Structure

Question: George Bush purchased a small interest in which baseball team ?

(a) H|erarch|ca| and Dependency Structure
George Bush purchased small mterest
NNP NNP VBD DT NN

PERSON
(b) Dependency Structure

P1 P2
George Bush || purchased
PERSON VBD

(c) Word Order
P1 D2 3, Pa, Ds Ps; p7 Ps Do P10
George Bush |f purchased i i i ?
PERSON VBD JJ NN IN NN NN .

Figure 4: Examplesof Input Object Structure: (a)
HDAG, (b) DAG andDSK’, (c) SSK’

Kernel (DSK) (Collins and Duffy, 2001) (a special
caseof the Tree Kernel), and Cosinemeasurefor
featurevectorsconsising of the occurrenceof at-
tributes(BOA), andthe sameasBOA, but only the
attributes of nounand unknovn word (BOA)were
used.

We expandedSSK andDSK to improve thetotal
performanceof the experiments. We denotethem
asSSK’ andDSK'’ respectiely. The original SSK
treatsonly exactn string combinatiols basecnpa-
rametem. We consicr stringcombinatios of upto
n for SSK'. Theoriginal DSK wasspecificallycon-
structedor parsetreeuse.We expandedt to beable
to treatthen combination®f nodesandthefree or-
derof child nodematching.

Figure4 shavs someinpu objectsfor eacheval-
uatedkernel,(a) for HDAG, (b) for DAG andDSK’,
and (c) for SSK'. Note, though DAG and DSK’
treatthe sameinput objects their kernelcalculation
methoddiffer asdothereturnvalues.

We usedthe words and semanticinformation of
“Goi-taike” (Ikeharaetal., 1997, which s similar
to WordNetin English, astheattributesof thenode.
The chunksandtheir relationsin thetexts werean-
alyzedby cabocha(Kudo and Matsumoto,2002),
and namedentities were analyzedby the method
of (IsozakiandKazawa, 2002).

Wetestedeachn-combinatiorcasewith changing
parameten from 0.1throudh 0.9in the stepof 0.1.
Only the bestperformanceachiezed underparame-
ter X\ is shawvnin eachcase.



Table 3: Resultsof the performanceasa similarity
measurdor questim classificatbn

n | 1 ] 23] 4]517]°€6
HDAG - .580 | .583 | .580 | .579 | .573
DAG - 577 578 | 573 | 573 | .563
DSK’ - 547 | 469 | 441 | 436 | .436
SSK’ - 568 | 572 | 570 | .562 | .548
BOA | .556
BOA’ .555

4.1 Performanceasa Similarity Measure

QuestionClassification

We usedthe 1011 questons of NTCIR-QAC1 2
andthe 2000 questios of CRL-QA data ® We as-
signedtheminto 148 quesion typesbasedon the
CRL-QA data.

We evaluatedclassificationperformancein the
following step. First, we extracted one questim
from the data. Second,we calculatedthe similar-
ity betweenthe extractedquestbn andall the other
guestims. Third, werankedthequestimsin orderof
descendingimilarity. Finally, we evaluatedperfor
manceasa similarity measurdoy Mean Reciprocal
Rank (MRR) (Voorheesand Tice, 1999) basedon
thequestdbn type of therankedquestons.

Table3 shavstheresultsof this experiment.

SentenceAlignment

The dataset (Hirao et al., 2003) takenfrom the
“Mainichi Shinhun”, wasformedinto abstractsen-
tencesand manually aligned to sentencesn the
“Y omiuri Shintun” accordingo themeaningof sen-
tence(did they saythe samething).

This experiment was prosecutedas follows.
First, we extractedone abstractsentencdrom the
“Mainichi Shinbun” data-setSecondwe calculated
thesimilarity betweertheextractedsentencandthe
sentences the"“Yomiuri Shinlun’ data-set.Third,
we rankedthe sentence# the “Yomiuri Shintun”
in descendingrderbasednthecalculatedsimilar
ity values. Finally, we evaluatedperformanceas a
similarity measuraisingthe MRR measure.

Table4 shawvstheresultsof this experiment.

2http:/Avww.nlp.cs.ritsumei.ac.jp/gac/
3http:/Avww.csnyu.edu/ sekine/PBJECT/CRLQA/

Table4: Resultsof the performanceasa similarity
measurdor sentencalignment

n | 1 ] 23] 4]51]°€86
HDAG - 523 | 484 | 467 | 442 | 423
DAG - 503 | 478 | .461 | .439 | .420
DSK’ - .174| .083 | .035| .020 | .021
SSK’ - AT79 | 444 422 | 412 | .398
BOA | .394
BOA’ 451

Table5: Resultsof queston classificatio by SVM
with comparisorkernelfunctions

m_ [ 1 ][ 234576
HDAG - .862 | .865 | .866 | .864 | .865
DAG - .862 | .862 | .847 | .818 | .751
DSK’ - 731 | 595 | 473 | .412 | .390
SSK’ - .850 | .847 | 825 | .777 | .725
BOA+poly | .810 | .823 | .800 | .753 | .692 | .625
BOA'+poly | .807 | .807 | .742 | .666 | .558 | .468

4.2 Performanceasa Kernel Function

QuestionClassification

The comparisormethodswvereevaluatedthe per
formanceasa kernelfunction in the machinelearn-
ing approachof the QuestionClassification. We
choseSVM as a kernel-basedearning algorithm
thatproducestate-of-tle-artperformancen several
NLP tasks.

We usedthe samedatasetasusedin the previous
experimentvith thefollowing difference:if aques-
tion type had fewer thanten questbns, we moved
the entriesinto the upperquestbn type as defined
in CRL-QA datato provide enoughtraining sam-
ples for eachquestbn type. We usedone-vs-rest
as the multi-classclassificationmethodand found
a highestscoringquestiortype. In the caseof BOA
andBOA', we usedthe polynamial kernel(Vapnik,
1995)to considettheattributecombinations

Table5 shovstheaverageaccuray of eachques-
tion asevaluatedby 5-fold crossvalidation.

5 Discussion

Theexperimentsn this papemweredesignedo eval-

uatedhow thesimilarity measureeflectstheseman-
tic informatian of texts. In thetaskof Questim Clas-
sification, a given questionis classifiedinto Ques-



tion Type, which reflectsthe intention of the ques-
tion. The Sentencélignmenttaskevaluateswvhich
sentencés the mostsemanticallysimilar to a given
sentence.

The HDAG Kernelshoved the bestperformance
in the experimentsas a similarity measureand as
a kernelof the learningalgorithm. This provesthe
usefulnes®f the HDAG Kernelin determiningthe
similarity measuref textsandin providinganSVM
kernelfor resolvingclassificatiorproblemsin NLP
tasks. Theseresultsindicatethat our approachjn-
corporatingricher structues within texts, is well
suitedto the tasksthatrequireevaluation of the se-
manticalsimilarity betweertexts. The potentialuse
of theHDAG Kernelis verywiderin NLP tasksand
we believe it will beadoptedn otherpracticalNLP
applicatims suchas Text Catayorizationand Ques-
tion Answering.

Our experimentgndicatethatthe optimalparam-
etersof combinatim numbern anddecayfactor A
dependhetaskathand.They canbedeterminedy
experiments.

The original DSK requiresexact matchingof the
treestructure evenwhenexpanded DSK’) for flex-
ible matching.Thisis why DSK’ shovedthe worst
performance. Moreover, in SentenceAlignment
task,paraphrasingr differentexpressionsith the
samemeaningis common,andthe structuresof the
parsetree widely differ in general. Unlike DSK’,
SSK’ andHDAG Kerneloffer approxmate match-
ing which producedetterperformance.

The structue of HDAG approachethatof DAG,
if we do not consicr the hierarchicalstructure. In
additian, the structureof sequencesstrings) is en-
tirely includedin thatof DAG. Thus,theframewnork
of theHDAG KernelcoversDAG KernelandSSK.

6 Conclusion

This paperpropogd the HDAG Kernel,which can
reflect the richer information presentwithin texts.
Our proposedmethodis a very generalizedrame-
work for handlng thestructureinsidea text.

We evaluatedthe performancef the HDAG Ker-
nelbothasasimilarity measure@ndasakernelfunc-
tion. Our experimentsshaoved that HDAG Kernel
offers betterperformanceghan SSK, DSK, andthe
baselinemethodof the Cosinemeasurdor feature

vectors, becauseHDAG Kernel better utilizes the
richerstructurepresentvithin texts.
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