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Abstract

Thispaperproposesthe“Hierarchical Di-
rected Acyclic Graph (HDAG) Kernel” for
structurednatural languagedata. The
HDAGKerneldirectlyacceptsseverallev-
els of both chunks and their relations,
andthenefficiently computestheweighed
sum of the numberof commonattribute
sequencesof theHDAGs. We appliedthe
proposedmethod to question classifica-
tion andsentencealignmenttasksto eval-
uateits performanceasa similarity mea-
sureand a kernel function. The results
of the experimentsdemonstratethat the
HDAG Kernel is superiorto otherkernel
functionsandbaselinemethods.

1 Intr oduction

As it hasbecomeeasyto getstructuredcorporasuch
as annotatedtexts, many researchershave applied
statistical andmachinelearningtechniquesto NLP
tasks,thusthe accuraciesof basicNLP tools, such
as POStaggers,NP chunkers,namedentities tag-
gersanddependency analyzers,havebeenimproved
to the point that they canrealizepracticalapplica-
tionsin NLP.

The motivation of this paperis to identify and
usericherinformation within texts thatwill improve
theperformanceof NLP applications;this is in con-
trastto using featurevectorsconstructedby a bag-
of-words(Saltonetal., 1975).

We now arefocusingon themethodsthatusenu-
merical feature vectors to representthe featuresof

naturallanguagedata. In this case,sincethe orig-
inal naturallanguagedatais symbolic, researchers
convert the symbolic datainto numericdata. This
process,feature extraction, is ad-hocin natureand
differs with eachNLP task; therehasbeenno neat
formulationfor generatingfeaturevectorsfrom the
semanticandgrammaticalstructuresinsidetexts.

Kernel methods(Vapnik, 1995; Cristianini and
Shawe-Taylor, 2000)suitablefor NLP have recently
beendevised. Convolution Kernels (Haussler, 1999)
demonstratehow to build kernelsoverdiscretestruc-
turessuchasstrings,trees,andgraphs.Oneof the
most remarkablepropertiesof this kernel method-
ology is that it retainsthe original representation
of objectsand algorithmsmanipulatethe objects
simply by computingkernelfunctions from the in-
ner productsbetweenpairsof objects. This means
that we do not have to map texts to the feature
vectorsby explicitly representingthem, as long as
an efficient calculationfor the inner productsbe-
tweena pair of texts is defined.Thekernelmethod
is widely adoptedin Machine Learning methods,
suchas the Support Vector Machine (SVM) (Vap-
nik, 1995). In addition, kernel function �������
	��
has been describedas a similarity function that
satisfiescertainproperties (Cristianini and Shawe-
Taylor, 2000).Thesimilarity measurebetweentexts
is oneof themostimportantfactorsfor sometasksin
theapplicationareasof NLP suchasMachineTrans-
lation, Text Categorization, Information Retrieval,
andQuestion Answering.

This paper proposesthe Hierarchical Directed
Acyclic Graph (HDAG) Kernel. It canhandlesev-
eralof thestructuresfoundwithin textsandcancal-



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

The following sectionsdefinethe HDAG Kernel
andintroduce analgorithmthat implementsit. The
resultsof applying the HDAG Kernel to the tasks
of questionclassification andsentencealignmentare
thendiscussed.

2 Convolution Kernels

Convolution Kernelswereproposedasa conceptof
kernelsfor a discretestructure.This framework de-
finesa kernelfunction betweeninputobjectsby ap-
plying convolution“sub-kernels” thatarethekernels
for thedecompositions(parts)of theobjects.

Let 
 be a positive integer and ���������������
�
���
be nonempty, separablemetric spaces.This paper
focuseson thespecialcasethat ���
� � ����������� � are
countablesets.We startwith ����� asa composite
structure and ����� � �������
��� � asits “parts”, where
�! "�#�$ . % is definedasa relationon theset� �'&(�(�( & � �)& � suchthat %*�+�,�
��� is trueif � arethe
“parts” of � . %.- � �/��� is definedas %0- � �/�,�1�32��54
%6�7�,�
����89�

Suppose���
	:�;� , � be the parts of � with
�<� � � �������
�
� � , and = be the parts of 	 with
=>�?	 � ����������	 � . Then, the similarity �@�/���
	�� be-
tween � and 	 is definedasthe following general-
izedconvolution:

A$BDCFEHGJILK
MONOPRQFS�TVU
W XONOPYQFS�T[Z
W

\
]_^a`
A ] BDC ] EbG ] I7c (1)

We notethatConvolution Kernelsareabstractcon-
cepts,andthat instancesof themaredeterminedby
the definition of sub-kernel �# 9�/�d 9�
	J Y� . The Tree
Kernel (CollinsandDuffy, 2001)andString Subse-
quence Kernel (SSK) (Lodhi etal., 2002),developed
in theNLP field, areexamplesof Convolution Ker-
nelsinstances.

An explicit definitionof boththeTreeKerneland
SSK �@�/���
	�� is writtenas:

A$BDCFEeG9IfK�gihjBDCFIlkmh9BDGJI7noK;p
q ^a`
h q BDCoIokrh q BDG9I7c (2)

Conceptually, we enumerateall sub-structuresoc-
curring in � and 	 , where s representsthe to-
tal number of possible sub-structures in the ob-
jects. t , the feature mapping from the sample
spaceto the feature space, is given by td�����>�
�
t � �/��������������tduv�����
���

In the caseof the TreeKernel, � and 	 be trees.
The TreeKernelcomputesthe numberof common
subtreesin two trees� and 	 . tdw_����� is definedas
the numberof occurrencesof the x ’ th enumerated
subtreein tree � .

In the caseof SSK, input objects � and 	 are
stringsequences,andthe kernelfunctioncomputes
the sumof the occurrencesof x ’ th commonsubse-
quencet w �/��� weightedaccordingto thelengthof the
subsequence.Thesetwo kernelsmakepolynomial-
time calculations, basedon efficient recursive cal-
culation, possible, seeequation (1). Our proposed
methodusestheframework of ConvolutionKernels.

3 HDAG Kernel

3.1 Definition of HDAG

This paper definesHDAG as a Directed Acyclic
Graph(DAG) with hierarchicalstructures.That is,
certainnodescontainDAGswithin themselves.

In basicNLP tasks,chunkingandparsingareused
to analyzethe text semanticallyor grammatically.
Thereareseveral levelsof chunks,suchasphrases,
namedentitiesandsentences,andthesearebound
by relationstructures,suchasdependency structure,
anaphora,and coreference.HDAG is designedto
enablethe representationof all of thesestructures
inside texts, hierarchicalstructuresfor chunksand
DAG structuresfor therelationsof chunks.We be-
lievethisricherrepresentationis extremelyusefulto
improve the performanceof similarity measurebe-
tweentexts,moreover, learningandclustering tasks
in theapplicationareasof NLP.

Figure1 shows an exampleof the text structures
that can be handledby HDAG. Figure 2 contains
simpleexamplesof HDAG thatelucidatethecalcu-
lationof similarity.

As shown in Figures1 and 2, the nodesare al-
lowed to have more than zero attributes, because
nodes in texts usually have several kinds of at-
tributes. For example,attributesincludewords,part-
of-speechtags,semanticinformation suchasWord-
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3.2 Definition of HDAG Kernel

First of all, we definethe setof nodesin HDAGsy � and
y{z

as | and } , respectively, ~ and � repre-
sentnodesin the graphthat aredefinedas 2�~,� ~ w �
|��
x����J����������� |�� 8 and 2J��� �Y����}��
�#�3�������
�a� }�� 8 ,
respectively. We usetheexpression~ �6� ~J� � ~f�
to representthepathfrom ~�� to ~ � through ~ � .

We define“attribute sequence”asa sequenceof
attributes extractedfrom nodesincluded in a sub-
path. The attribute sequenceis expressedas‘A-B’
or ‘A-(C-B)’ where( ) representsa chunk.As a ba-
sic exampleof theextractionof attribute sequences
from a sub-path,� z � ��� in Figure2 containsthe
four attributesequences‘e-b’, ‘e-V’, ‘N-b’ and‘N-
V’, whicharethecombinationsof all attributesin � z
and �
� . Section3.3explainsin detailthemethodof
extractingattributesequencesfrom sub-paths.

Next, we define“terminatednodes”asthose that
do not containany graph, such as ~ z , ~l� ; “non-
terminatednodes”arethosethatdo,suchas � � , ��� .

SinceHDAGs treat not only exact matchingof
sub-structuresbut also approximate matching,we
allow nodeskips accordingto decayfactor �!�
���
�$���J� whenextractingattributesequencesfrom the
sub-paths. This framework makessimilarity evalua-
tion robust; the similar sub-structurescanbe eval-
uatedin the value of similarity, in contrastto ex-
act matchingthat never evaluatethe similar sub-
structure. Next, we define parameter� (� �
�J���J������� ) asthenumberof attributescombinedin the
attribute sequence.Whencalculatingsimilarity, we
consideronly combination lengthsof up to � .

Giventheabove discussion,the featurevectorof
HDAG is written as td� y �'���
t � � y �
�������_��tdu@� y ��� ,
where t representsthe explicit featuremappingof
HDAG and s representsthenumberof all possible
� attribute combinations. Thevalueof t w � y � is the
numberof occurrencesof the x ’ th attributesequence
in HDAG

y
; eachattributesequenceis weightedac-

cording to the nodeskip. The similarity between
HDAGs,which is thedefinitionof the HDAG Ker-
nel, follows equation (2) whereinput objects� and
	 are

y � and
y{z

, respectively. Accordingto thisap-
proach,theHDAG Kernelcalculatestheinnerprod-
uctof thecommonattribute sequencesweightedac-
cordingto their nodeskipsandthe occurrencebe-
tweenthetwo HDAGs,

y � and
y z

.
We notethat, in general,if the dimensionof the

featurespacebecomesvery high or approachesin-
finity, it becomescomputationally infeasibleto gen-
eratefeaturevector td� y � explicitly. To improve the
reader’s understanding of what the HDAG Kernel
calculates,beforewe introduceour efficient calcu-
lation method,the next sectiondetailsthe attribute
sequencesthatbecomeelementsof the featurevec-
tor if thecalculationis explicit.

3.3 Attrib ute Sequences:The Elementsof the
Feature Vector

We describethe detailsof the attribute sequences
thatareelementsof thefeaturevectorof theHDAG
Kernelusing

y � and
y z

in Figure2.

The framework of nodeskip

We denotethe explicit representationof a node
skipby ” � ”. Theattributesequencesin thesub-path
underthe“nodeskip” arewrittenas‘a- � -c’. It costs
� to skipa terminatednode.Thecostof skipping a



Table1: Attributesequencesandthevaluesof nodes
~!� and � �

  `
sub-path a. seq. val.¡ K�¢  ` NP 1 j£ a-¤ ¥  £ N- ¤ ¥ Y¦ c- ¤ ¥ �§ ¤ -b ¨�¥¡ K ¨ j£ª©� �§ a-b 1 j£ª©� �§ N-b 1  ¦ ©�  § c-b 1

« §
sub-path a. seq. val.¡ K�¢« § NP 1«�¬ ( ¤ - ¤ )-a ¥ £«�­ (c-¤ )- ¤ ¥ £«�­ ( ¤ -d)- ¤ ¥ £¡ K ¨« ­ (c-d)-¤ ¥« ­ ©®«�¬ (c- ¤ )-a ¥« ­ ©®«�¬ ( ¤ -d)-a ¥¡ K�¯«O­°©®« ¬ (c-d)-c 1

non-terminatednodeis thesameasskipping all the
graphsinside the non-terminatednode. We intro-
ducedecayfunctions ±�²���~f� , ³°²o�/~f� and ´'²��/~f� ; all
arebasedon decayfactor � . ±.²a��~f� representsthe
costof nodeskip ~ . For example, ± ² �/~d�����µ�J�

z
representsthe costof nodeskip ~ z � ¶ � and that
of ~�� � ~J� ; ±�²��/~ z ���µ� is the costof just node
skip ~ z . ³�²��/~f� representsthesumof themultiplied
costof thenodeskipsof all of thenodesthathave a
pathto ~ , ³�²o�/~��j�1���9� that is thesumcostof both
~ z and ~�� that have a pathto ~�� , ³�²o�/~ � �"�·�9���o¸Y� .
´ ² �/~f� representsthe sumof the multiplied costof
the nodeskips of all the nodesthat ~ hasa path
to. ´¹²!�/~ z �@�º� representsthe cost of nodeskip
~l� where~ z hasa pathto ~F� .
Attrib ute sequencesfor non-terminated nodes

We define the attributes of the non-terminated
nodeasthe combinationsof all attribute sequences
including thenodeskip. Table1 shows theattribute
sequencesandvaluesof ~ � and �
� .
Detailsof the elementsin the feature vector

Theelementsof thefeaturevectorarenotconsid-
eredin any of the nodeskips. This meansthat ‘A-
� -B-C’ is thesameelementas‘A-B-C’, and‘A- � - � -
B-C’ and‘A- � -B- � -C’ arealsothesameelementas
‘A-B-C’. Consideringthehierarchicalstructure,it is
naturalto assumethat ‘(N- � )-(d)-a’ and‘(N- � )-(( � -
d)-a)’ aredifferentelements.However, in theframe-
work of thenodeskip andtheattributesof thenon-
terminatednode,‘(N- � )-( � )-a’ and‘(N- � )-(( � - � )-a)’
are treatedas the sameelement. This framework

Table2: Similarity valuesof
y � and

y z
in Figure2» ` » £

att. seq. value att. seq. value¡ K�¢
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¡ K ¨

(N- ¤ )-( ¤ )-a ¥ £ (N- ¤ )-(( ¤ - ¤ )-a) ¥ ¦ ¥ ¬
N-b 1 N-b 1 1

(N- ¤ )-(d) ¥ (N- ¤ )-(( ¤ -d)- ¤ ) ¥ ¦ ¥ §
( ¤ -b)-( ¤ )-a ¨�¥ £ ( ¤ -b)-(( ¤ - ¤ )-a) ¥ ¦ ¨�¥ ¬
( ¤ -b)-(d) ¨�¥ ( ¤ -b)-(( ¤ -d)- ¤ ) ¥ ¦ ¨�¥ §

(c-¤ )-( ¤ )-a ¥ £ ((c-¤ )-a) ¥ ¥ ¦
(c-¤ )-(d) ¥ c-d 1 ¥

(d)-a 1 (c- ¤ )-a ¥ ¥¡ K�¯
(N-b)-( ¤ )-a ¥ (N-b)-(( ¤ - ¤ )-a) ¥ £ ¥ ¦
(N-b)-(d) 1 (N-b)-(( ¤ -d)- ¤ ) ¥ £ ¥ £

achievesapproximatematchingof thestructureau-
tomatically, The HDAG Kernel judgesall pairsof
attributes in eachattribute sequencethat are inside
or outside the samechunk. If all pairsof attributes
in theattribute sequencesarein thesamecondition,
inside or outside the chunk, then the attribute se-
quencesjudgeasthesameelement.

Table 2 shows the similarity, the values of
�"¼ ��½!¾ � y � � y z � , whenthe featurevectorsareex-
plicitly represented.Weonly show thecommonele-
mentsof eachfeaturevectorthatappearin both

y �
and

y z
, sincethenumberof elementsthatappearin

only
y � or

y{z
becomesvery large.

Note that, asshown in Table2, the attribute se-
quencesof the non-terminatednode itself are not
addressedby the featuresof the graph. This is due
to theuseof thehierarchicalstructure; theattribute
sequencesof the non-terminatednodecome from
the combinationof the attributes in the terminated
nodes. In the caseof ¶9� , attribute sequence‘N- � ’
comesfrom ‘N’ in ¶ z . If we treatboth ‘N- � ’ in ~°�
and‘N’ in ~ z , weevaluatetheattributesequence‘N’
in ~ z twice. That is why thesimilarity valuein Ta-
ble2 doesnotcontain‘c- � ’ in ~�� and‘(c- � )- � ’ in � � ,
seeTable1.



3.4 Calculation

First, we determine ¿FÀ6� ¶ ��ÁO� , which returns the
sumof the commonattribute sequencesof the Â -
combinationof attributesbetweennodes~ and � .
ÃRÄÅB7Æ�EbÇ�ILK Ã°ÈÄ B   E « IaÉ�Ê�Ë�Ì7B   E « I7E if Í K#¢Ã ÈÄ B   E « I7E otherwise (3)

Ã ÈÄ B   E « IfK

Î E
if Ï ¡ B   IfKÑÐ and Ï ¡ B « IfKÑÐ

Ò7N qÔÓ TVÕ+W
Ö�× B7Æ
Ilk7Ø × B7Æ
Ilk7Ê�Ë�Ì7B7Æ
E « I7E
if Ï ¡ B   I�ÙK"Ð and Ï ¡ B « IdK"Ð

Ú N qHÓ TVÕ7W
Ö�× BDÇ�Ilk_Ø × BDÇ�Ilk_Ê�Ë�Ì7B   EbÇ�I7E
if Ï ¡ B   IfK"Ð and Ï ¡ B « I�ÙK"Ð

Ò7N qÔÓ T Û�W Ú N qHÓ TVÕ7W
ØÜ×�B7Æ
Iak7Ø'×�BDÇ�Ilk_Ý Ä B7Æ�EbÇ�I/E

otherwise
(4)Þdßaà �/~f���j� returnsthenumberof commonattributes

of nodes ~ and � , not including the attributesof
nodesinside~ and � . Wedefinefunctionx+�Å��~f� asre-
turninga setof nodesinside a non-terminatednode
~ . x+�Å��~f�á�µâ meansnode ~ is a terminatednode.
For example,x+�Å��~!�m����2�~ z �
~ � �
~ � 8 andx+�Å��~ z �,��â .

We define functions ã{À.��~f���9� , ã¹äÀ �/~f���j� and
ã ä äÀ �/~f���j� to calculate¿fÀ��/~f���9� .
Ý¹Ä�B   E « IfK#ÃRÄÅB   E « IaÉ

Ä�å `
æ ^�`
Ý È æ B   E « IakOÃRÄ�å æ B   E « I (5)

Ý È Ä B   E « IfK Ú N�ç_è/éêTVÕ+W
ë × BêÇ�Ilk7Ý È Ä B   EbÇ�IJÉ�Ý È ÈÄ B   EbÇ�I (6)

Ý È ÈÄ B   E « ILK
Ò7N�ç_è/éêT Û
W

ë*×�BiÆ
Ilk7Ý È ÈÄ B7Æ�E « IaÉ6Ý Ä B7Æ�E « I (7)

Theboundaryconditionsare

Ý¹Ä�B   E « IìK Ö�× B   Iok Ö�× B « IakrÃYÄÅB   E « I7E if Í K#¢ (8)Ý È Ä B   E « IìK Î E
if ímî Ì7B « ILKÑÐ (9)Ý È ÈÄ B   E « IìK Î E
if ímî Ì7B   ILKÑÐ9c (10)

Function ïFð à ��~f� returnsthe setof nodesthat have
direct links to node~ . ïFð à �/~f�1�ñâ meansno nodes
have direct links to ¶ . ïFð à �/~!�j�ò� 2�~ z ��~��j8 and
ïFð à ��~ª�m�,��â .

Next, we define �@��~f���9� asrepresenting the sum
of the commonattribute sequencesthat are the Â -
combinations of attributes extractedfrom the sub-
pathswhosesinksare~ and � , respectively.

A.Ä,B   E « ILK
Ê�Ë�Ì7B   E « I7E if Í K�¢Ä�å `
æ ^a`Ló

Èæ B   E « Ilk�Ã Ä�å æ B   E « I�E otherwise

(11)

Functions ô�À��/~f���9� , ô äÀ �/~f���j� and ô ä äÀ ��~f���9� ,
neededfor therecursivecalculationof � À ��~f���9� , are
written in thesameform as ã'À"�/~f���j� , ã ä À �/~f���j� and
ã ä äÀ �/~f���j� respectively, exceptfor theboundarycon-
dition of ô À �/~f���j� , whichis writtenas:

ó
Ä B   E « IìK Ã Ä B   E « I7E if Í K�¢�c (12)

Finally, anefficientsimilarity calculation formulais
writtenas

A�õ \�öl÷ B » ` E » £ ILK Ó
Ä ^�` ÛmNOø Õ_NOù

A.Ä,B   E « I7c (13)

According to equation(13), given the recursive
definition of �$À.�/~f���j� , the similarity betweentwo
HDAGscanbecalculatedin ú��/�*� |��e� }�� � time1.

3.5 Efficient Calculation Method

We will now elucidateanefficient processing algo-
rithm. First, asa pre-process,the nodesaresorted
underthe following condition: all nodesthat have
a pathto the focusednodeandarein the graphin-
side the focusednodeshould be setbeforethe fo-
cusednode. We canget at leastonesetof ordered
nodessincewe are treatingan HDAG. In the case
of
y � , we canget ûÔ~ z , ~J� , ~J� , ~ � , ~ � , ~lü , ~!��ý . We

canrewrite therecursive calculationformulain “for
loops”, if wefollow thesortedorder. Figure3 shows
the algorithm of the HDAG kernel. Dynamicpro-
grammingtechniqueis usedto computetheHDAG
Kernelvery efficiently becausewhenfollowing the
sortedorder, thevaluesthatareneededto calculate
the focusedpair of nodesarealreadycalculatedin
thepreviouscalculation. We cancalculatethetable
by following theorderof thenodesfrom left to right
andtopto bottom.

We normalizethe computedkernelsbeforetheir
usewithin the algorithms. The normalizationcor-
respondsto thestandardunit normnormalizationof

1We caneasilyrewrite theequationto calculate all combi-
nationsof attributes,but theorderof calculationtime becomesþ Biÿ �'ÿVÿ��Åÿ[I

.



Algorithm HDAG Kernel n combination
for �����	��
���
�� ��� 
 i++ �

for �����	��
���
�� ����
�� ++�� S�� � ��!#"%$'& ��( S � �)�*!+"�$ �,��-/./0�� � �1!+"�$ �
if �+23� � � �54�76 and �+2�� " $8�94�76

foreach :�;<�+23� � � �
foreach =>;?�+2�� " $8�

for ��@	�	��
�@A
B23
C@ ++�
(,D�� � � !#" $'� +=E�F)��:G�HE�FI��=+�HJK��: ! =+�

end
end

end
elseif ��2�� � ���94�76

foreach :�;<�+23� ��� �
( S � � �G!C"�$ � +=E F ��:*�HL F ��:G�H-M./0���: !+"�$ �

end
elseif ��2�� "�$ �54�76

foreach =>;?�+23� "ON �
(JS�� � � !C" $8� +=E�FP��=+�HL�F/��=+�H-M./0�� � � ! =+�

end
end
foreach :�;?Q�R108� � �+�

for ��@	�S�%
�@T
B2�
�@ ++�UWV VD � � ��!C"�$8& += X F ��:G� UWV VD � : !C"�$'&MY U D�� : !C"�$8&
J V VD � � � !C" $ & += XKFI��:*�HJ V VD � : !#" $ &MY JZD � : !C" $ &

end
end
foreach =[;\Q%R�0�� " $1�

for ��@	�S�%
�@T
B2�
�@ ++�UWVD � � � !C" $ & += XKF)��=+� UWVD � � � ! = &MY U5V VD � � � ! = &
J V D � � �*!C"�$8& += X F ��=+�HJ V D � �/��! = &�Y J V VD � � �*! = &

end
endU S � � � !+" $ & ��(jS � � � !C" $ &
JªS � � � !+" $ & �]L^FI� � ���`_'LaFI� " $*�3_G(lS � � � !C" $ &
for ��@b�7cP
�@A
B23
C@ ++�U D � � � !C" $ & ��JZD � � � !C" $ & ��(�D � � � !C" $ &

for ��.5�	��
�.edf@f
'. ++�� D � � � !C" $ & +=
U Vg � � � !C" $ & _1(,DaQ g � � � !C" $ &U D�� � ��!C"�$8& +=
U Vg � � ��!C"�$8& _1( DaQ g � �/��!C"�$8&

JWD � � � !C" $ & += J V g � � � !C" $ & _'(,DaQ g � � � !C" $ &
end

end
end

end
return hD3ioS j �+k,l N $*k,m

� D\� � �*!C"%$8&

Figure3: Algorithm of theHDAG Kernel

examplesin the featurespacecorresponding to the
kernelspace(Lodhi etal., 2002).

nAáBDCFEbGJIFK A$BDCFEeG9I
A�BêC�EDCFIak7A$BDGlEDGJI (14)

4 Experiments

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

We comparedHDAG andDAG (thelatterhadno
hierarchystructure) to theStringSubsequenceKer-
nel(SSK)for wordsequence,Dependency Structure

p1

p2

p5p4

p3 p6 p7

George Bush purchased a small interest in which baseball team ?
NNP NNP VBD DT JJ NN IN WDT  NN  NN .

PERSON
NP

NP NPPP

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

p8

p9

p11

p10

p12 p13 p14

p1 p5p4 p6 p7

George Bush purchased a small interest in which baseball team ?
VBD DT JJ NN IN WDT  NN  NN .PERSON

p8 p9 p10

(a) Hierarchical and Dependency Structure 

(b) Dependency Structure 

p2 p3

(c) Word Order

p1 p5p4 p6 p7

George Bush purchased a small interest in which baseball team ?
VBD DT JJ NN IN WDT  NN  NN .PERSON

p8 p9 p10p2 p3

Figure4: Examplesof Input ObjectStructure: (a)
HDAG, (b) DAG andDSK’, (c) SSK’

Kernel(DSK) (Collins andDuffy, 2001)(a special
caseof the Tree Kernel), and Cosinemeasurefor
featurevectorsconsisting of the occurrenceof at-
tributes(BOA), andthesameasBOA, but only the
attributes of nounandunknown word (BOA’)were
used.

We expandedSSKandDSK to improve thetotal
performanceof the experiments. We denotethem
asSSK’ andDSK’ respectively. The original SSK
treatsonly exact � string combinationsbasedonpa-
rameter� . Weconsiderstringcombinationsof upto
� for SSK’. Theoriginal DSK wasspecificallycon-
structedfor parsetreeuse.Weexpandedit to beable
to treatthe � combinationsof nodesandthefreeor-
derof child nodematching.

Figure4 shows someinput objectsfor eacheval-
uatedkernel,(a) for HDAG, (b) for DAG andDSK’,
and (c) for SSK’. Note, though DAG and DSK’
treatthesameinputobjects,their kernelcalculation
methodsdiffer asdo thereturnvalues.

We usedthe wordsandsemanticinformationof
“Goi-taikei” (Ikeharaet al., 1997), which is similar
to WordNetin English,astheattributesof thenode.
Thechunksandtheir relationsin thetexts werean-
alyzedby cabocha(Kudo and Matsumoto,2002),
and namedentities were analyzedby the method
of (IsozakiandKazawa,2002).

Wetestedeach� -combinationcasewith changing
parameter� from 0.1 through 0.9 in thestepof 0.1.
Only thebestperformanceachieved underparame-
ter � is shown in eachcase.



Table3: Resultsof the performanceasa similarity
measurefor question classification

¡ 1 2 3 4 5 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 Similari ty Measure

QuestionClassification

We usedthe 1011questionsof NTCIR-QAC1 2

and the 2000questions of CRL-QA data 3 We as-
signedthem into 148 question typesbasedon the
CRL-QA data.

We evaluatedclassificationperformancein the
following step. First, we extractedone question
from the data. Second,we calculatedthe similar-
ity betweentheextractedquestion andall the other
questions.Third,werankedthequestionsin orderof
descendingsimilarity. Finally, we evaluatedperfor-
manceasa similarity measureby MeanReciprocal
Rank (MRR) (Voorheesand Tice, 1999) basedon
thequestion typeof therankedquestions.

Table3 showstheresultsof thisexperiment.

SentenceAlignment

The dataset (Hirao et al., 2003) takenfrom the
“Mainichi Shinbun”, wasformedinto abstractsen-
tencesand manually aligned to sentencesin the
“YomiuriShinbun” accordingto themeaningof sen-
tence(did they saythesamething).

This experiment was prosecutedas follows.
First, we extractedone abstractsentencefrom the
“Mainichi Shinbun” data-set.Second,wecalculated
thesimilarity betweentheextractedsentenceandthe
sentencesin the“Yomiuri Shinbun” data-set.Third,
we rankedthe sentencesin the “Yomiuri Shinbun”
in descendingorderbasedon thecalculatedsimilar-
ity values. Finally, we evaluatedperformanceasa
similarity measureusingtheMRR measure.

Table4 showstheresultsof thisexperiment.

2http://www.nlp.cs.ritsumei.ac.jp/qac/
3http://www.cs.nyu.edu/˜sekine/PROJECT/CRLQA/

Table4: Resultsof the performanceasa similarity
measurefor sentencealignment

¡ 1 2 3 4 5 6
HDAG - .523 .484 .467 .442 .423
DAG - .503 .478 .461 .439 .420
DSK’ - .174 .083 .035 .020 .021
SSK’ - .479 .444 .422 .412 .398
BOA .394
BOA’ .451

Table5: Resultsof question classification by SVM
with comparisonkernelfunctions

¡ 1 2 3 4 5 6
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

Thecomparisonmethodswereevaluatedtheper-
formanceasa kernelfunction in themachinelearn-
ing approachof the QuestionClassification. We
choseSVM as a kernel-basedlearning algorithm
thatproducesstate-of-the-artperformancein several
NLP tasks.

We usedthesamedatasetasusedin theprevious
experimentswith thefollowingdifference:if aques-
tion type had fewer than ten questions, we moved
the entriesinto the upperquestion type asdefined
in CRL-QA data to provide enoughtraining sam-
ples for eachquestion type. We usedone-vs-rest
as the multi-classclassificationmethodand found
a highestscoringquestiontype. In thecaseof BOA
andBOA’, we usedthepolynomial kernel(Vapnik,
1995)to considertheattributecombinations.

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

5 Discussion

Theexperimentsin thispaperweredesignedto eval-
uatedhow thesimilaritymeasurereflectstheseman-
tic information of texts. In thetaskof Question Clas-
sification,a given questionis classifiedinto Ques-



tion Type, which reflectsthe intention of the ques-
tion. TheSentenceAlignmenttaskevaluateswhich
sentenceis themostsemanticallysimilar to a given
sentence.

The HDAG Kernelshowed thebestperformance
in the experimentsas a similarity measureand as
a kernelof the learningalgorithm. This provesthe
usefulnessof the HDAG Kernelin determiningthe
similaritymeasureof textsandin providing anSVM
kernelfor resolvingclassificationproblemsin NLP
tasks. Theseresultsindicatethat our approach,in-
corporatingricher structures within texts, is well
suitedto thetasksthat requireevaluation of these-
manticalsimilarity betweentexts. Thepotentialuse
of theHDAG Kernelis verywiderin NLP tasks,and
we believe it will beadoptedin otherpracticalNLP
applications suchasText CategorizationandQues-
tion Answering.

Our experimentsindicatethattheoptimalparam-
etersof combination number� anddecayfactor �
dependthetaskathand.They canbedeterminedby
experiments.

Theoriginal DSK requiresexactmatchingof the
treestructure,evenwhenexpanded(DSK’) for flex-
ible matching.This is why DSK’ showedtheworst
performance. Moreover, in SentenceAlignment
task,paraphrasingor differentexpressionswith the
samemeaningis common,andthestructuresof the
parsetree widely differ in general. Unlike DSK’,
SSK’ andHDAG Kerneloffer approximatematch-
ing whichproducesbetterperformance.

Thestructure of HDAG approachesthatof DAG,
if we do not consider the hierarchicalstructure. In
addition, the structureof sequences(strings) is en-
tirely includedin thatof DAG. Thus,theframework
of theHDAG KernelcoversDAG KernelandSSK.

6 Conclusion

This paperproposed the HDAG Kernel,which can
reflect the richer information presentwithin texts.
Our proposedmethodis a very generalizedframe-
work for handling thestructureinsidea text.

We evaluatedtheperformanceof theHDAG Ker-
nelbothasasimilaritymeasureandasakernelfunc-
tion. Our experimentsshowed that HDAG Kernel
offers betterperformancethanSSK, DSK, andthe
baselinemethodof the Cosinemeasurefor feature

vectors,becauseHDAG Kernel betterutilizes the
richerstructurepresentwithin texts.
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