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Abstract. Semanticmatchingis �nding amappingbetweentwo knowledgerep-
resentationsencodedusingthesameontology. Solvingthis matchingproblemis
hardbecausethesyntacticform of two knowledgerepresentationsrarelymatches
exactly. Previousresearchhasshown transformationrulescanbeusedto improve
matching,but acquiringtransformationsis dif�cult. In this paper, we presentan
algorithmfor mining transformationrulesfor semanticmatching.Thisalgorithm
was evaluatedin two domains– battle spaceplanningand chemistry. In both
cases,the resulting transformationshelpedto improve matchingsigni�cantly
comparedto usingonly taxonomicknowledge.

1 Intr oduction

Many AI tasksrequirematchingtwo structuredknowledgerepresentationsencoded
using the sameontology to �nd a mappingbetweenthem.For example,rule-based
classi�cation requiresmatchingrule antecedentswith working memory;information
retrieval requiresmatchingquerieswith documents;andsomeknowledgeacquisition
tasksrequirematchingnew information with alreadyencodedknowledgeto expand
uponanddebugbothof them.Wecall thisproblemsemanticmatching.

Becausestructuredrepresentationscanbeencodedasgraphs,thesemanticmatch-
ing problemis agraphmatchingproblemthat�nds amappingbetweenthenodesof two
graphs.Solvingthismatchingproblem,however, is hardbecausemany valid mappings
betweentwo graphsoftencannotbeestablisheddueto syntacticdifferences.Previous
research[16,17] showed thatan imperfectmatchbetweentwo representationscanbe
signi�cantly improvedby usingtransformationrulesto transformamismatchedportion
in onegraphto matchexactly a correspondingportion in anothergraph.Thesetrans-
formationswereenumerated(by hand)from a domain-neutralupperontology. There-
sultingtransformationsaredomain-neutralin thesensethatthecontentsof thesetrans-
formationsareencodedusinggenericconceptsnot speci�c to any particulardomain.
Previousresearch[16,17] alsoshowedmatchingcanbefurtherimprovedby usingad-
ditional domain-speci�ctransformationswhosecontentsareencodedusingconcepts
speci�c to thedomainof theapplication.

Although transformationscanimprove matchingsigni�cantly, it is dif�cult to ac-
quire thesetransformations.No algorithmsexist for acquiringtransformationsfor se-
manticmatching,andenumeratingtransformationsby handhastwo obviousproblems.
First, we cannotenumerateall possibletransformationsbecausemany domainshave
mismatchesspeci�c to thedomain.Thesedomain-speci�cmismatchesareidiosyncratic



andresultfrom modelingdecisionsor inherentpropertiesspeci�c to thatdomain.Sec-
ond, enumeratingtransformationsby handis costly and time-consuming.Therefore,
having to enumeratedomain-speci�ctransformationsfor every new domainmakesus-
ing transformationsimpractical.Most existing semanticmatchingapproaches,there-
fore, useonly taxonomicknowledge[8,11,13,18], which is relatively easyto acquire
for bothgeneralconceptsanddomain-speci�cones.

Our work extends[16,17] by automatingthe taskof discovering transformations
which areeffective at resolvingmismatches– especiallydomain-speci�cmismatches.
Our solutionis inspiredby previous researchin rule mining [1,2,9,10,12,14] where
thebasicideais to discover associations(andhenceassociationrules)from recurring
featureswithin a dataset.This approachhassuccessfullydiscoveredassociationrules
in datasetsrangingfrom transactionsto text. We believe this basicideacanalsobe
appliedto ourproblemof discoveringtransformationsfrom structuredrepresentations.

Although our approachis inspiredby this body of research,it differs in onefun-
damentalway. We arenot trying to discover associationrules.Rather, we are trying
to discover transformationrulesto helpimprove semanticmatching.Hence,we arein-
terestedin featuresnot sharedbetweenitemsin a datasetbecausetransformationsare
intendedto resolvemismatches.

2 Background

In our framework, knowledgeis representedusingsimpleconceptualgraphswhich are
�nite connectedbipartitegraphswithout any nestingor context [15]. Thetwo typesof
nodesin asimpleconceptualgraphareconceptsandrelations,andanontologyprovides
thevocabularyusedto labelthesenodes.

A transformation is a rule of the form lhs ) r hs wherethe lhs and r hs are
alsosimpleconceptualgraphsencodedusingthesameontologyastherepresentations
to which they areapplied.Applying a transformationtransformsthelocal portionof a
graphthatcanbeprojected1 ontoby thelhs into analternativeform encodedby ther hs
(see[16,17] for adiscussionof transformationsandtheir usefor semanticmatching).

A semanticmatcher [8,11,13,16–18]takestwo representations(i.e. graphs)and
�nds a mappingbetweenthe conceptsandrelations2 of thesetwo graphsbasedon a
matchcriterion suchas graphisomorphism,subgraphisomorphism,Maximal Com-
monSubgraph(MCS),etc. We usetheMCS criterion[5] to �nd thelargestconnected
subgraphin onerepresentationthat canbe projected[6] (i.e. mapped)onto the other
representationbeingmatched.The matched parts betweenthesetwo representations
arethesubgraphswhichprojectontoeachother. Subgraphsnot includedin thisprojec-
tion aretheunmatchedparts (i.e.mismatches).In thispaper, wewill usegi andg0

i to
referto thematchedandunmatchedparts,respectively, of a representationGi .

A mismatchpoint is apairof matchedconceptsconnectedto unmatchedrelations.
Formally, a mismatchpoint betweentwo graphs,G1 and G2, is a pair of concepts,
(c1; c2), that satis�es the following properties.First, c1 is in g1 andis connectedto a

1 Werequirethisprojectionto be1-to-1andonto– i.e.aniso-projection[6].
2 A mappingbetweentwo relationnodescanbeestablishedonly if mappingscanalsobeestab-

lishedfor theconceptnodesthey aredirectlyconnectedto.



relationin g0
1. Second,c2 is in g2 andis connectedto a relationin g0

2. Finally, c1 maps
to c2 asde�ned by themappingsreturnedfrom matchingG1 andG2 (seeFigure1 for
anexample).

Fig.1. ThematchedpartsbetweenG1 andG2 arehighlightedin bold. Thedottedlinesshow the
mappingsbetweenG1 andG2 . Conceptsthataremismatchpointsareshown in gray.

Thedegreeof match,whichwecall score, computesthesimilarity betweentwo rep-
resentationsbasedon their mappings.We requirethis functionto rangefrom 0 (i.e. no
match)to 1 (i.e.everynodewasmatched),but leave its de�nition up to theapplication.

3 Mining Transformations

Our approach�nds instancesof mismatchesbetweentwo knowledgerepresentations
thatencodesuf�ciently similarcontent.Theseinstancesarethengeneralizedinto trans-
formationrulesfor usein semanticmatching.

3.1 Search Biases

The spaceof mismatchesthroughwhich we searchfor transformationsis very large.
To searchthis spaceef�ciently , we exploit two propertiesof transformationsto useas
searchbiases.

First, we observed in [16,17] that transformationstake relatively few syntactic
forms.Hence,we only searchfor mismatchesthat obey thesesyntacticforms,which
aregeneralizedrulesof the form lhs ) r hs. The lhs andr hs areconceptualgraphs
with variablesin placeof conceptsandrelations(we useupper-caselettersfor concept
variablesandlower-caselettersfor relationvariables).For example,

X � r ! Y � r ! Z ) X � r ! Z:

is asyntacticform describinga transitivity mismatch.
A mismatch(i.e. the unmatchedpartsof G1 andG2) obeys a syntacticform F –

i.e. obey(F; g0
1; g0

2) – if four conditionsaresatis�ed.1) g0
1 is isomorphicto lhs. 2) g0

2
is isomorphicto r hs. 3) For every conceptvariableX , eitheran is-a or instance-of



relationshipmustexist betweenthe labelsof all theconceptsin g0
1 andg0

2 boundedto
X . 4) For every relationvariabler , thelabelsof all therelationsin g0

1 andg0
2 bounded

to r mustbethesame.
Second,thereis an intersectionbetweenthe lhs andr hs of every transformation

becausethelhs is transformedinto analternative form encodedby ther hs. Weusethis
factto reducethesearchspaceby limiting thesearchto regionsof themismatchspace
aroundamismatchpoint.

3.2 Algorithm for Mining Transformations

Theoutlineof ouralgorithmfor Mining Transformations,whichwecall MinT, is shown
in Figure2. MinT takesasinputa semanticmatcher(we'll call M ), two lists of graphs
(we'll call D1 andD2), a similarity measure(we'll call score), andthreeparameters
(we'll call minscor e, minsupp, andmincer t for theminimummatchscore,support,
andcertaintyrespectively). It returnsasoutputa list of transformationrules.

GIVEN: M (Gi; Gj ), D 1 = f G1 ; :::; Gn g, D 2 = f G1 ; :::; Gm g, andscore(mapping s)
parameters: minscore, minsupp,mincert

FIND: A list of transformations.
PHASE1: Generatecandidatetransformations.
FORall pairs(Gi; Gj ) whereGi 2 D 1 andGj 2 D 2 DO

LET mapping s = M (Gi; Gj )
IF score(mapping s) � minscor e THEN

FOReachmismatchpoint (ci ; cj ) betweenGi andGj DO
FOReachFk in f F1 ; :::; FN g DO

Searchg0
i andg0

j startingat ci andcj , respectively, for subgraphssg0
i in g0

i

andsg0
j in g0

j thatobey Fk .
IF obey(Fk ; sg0

i ; sg0
j ) THEN Add sg0

i ) sg0
j to T .

ELSEIF obey(Fk ; sg0
j ; sg0

i ) THEN Add sg0
j ) sg0

i to T .
PHASE2: Generalizecandidatetransformations.
LET L = fg
FOReachTi in T DO

FOReach(cgj ; Rj ) in L DO
LET cgenl= minimumcommongeneralizationof Ti andcgj .
IF cgenlexistsTHEN

Change(cgj ; Rj ) to (cgenl; Rj [ f Ti g) andbreakfrom innerFORloop.
IF nocommongeneralizationfoundfor Ti THEN

Add (Ti ; f Ti g) to L .
PHASE3: Filter transformations.
LET RE SULT = fg .
FOReach(cgj ; Rj ) in L DO

IF Support(cgj ) � minsupp and� (N ul l (cgj ); cgj ) > Certainty (cgj ; Rj; mincer t)
THEN Add cgj to RE SULT .

RETURNRE SULT

Fig.2. Outlineof ouralgorithm,MinT.



In the�rst phase,MinT generatesa list, T , of candidatetransformationsby match-
ing eachgraphGi in D1 with eachgraphGj in D2. If Gi andGj aresuf�ciently similar
(i.e. thescorebetweenGi andGj is greaterthanor equalto minscor e), thenMinT will
searchtheunmatchedpartsof Gi andGj aroundeachmismatchpoint for all subgraphs
thatobey oneof thesyntacticformsin f F1; :::; FN g. Thissearchis abreadth-�rstsearch
rootedat themismatchpointandbiasedby thesyntacticforms.Thosesubgraphsfound
throughthisprocessarereturnedascandidatetransformations.

In the secondphase,MinT groupstogetherthosecandidatetransformationsin T
that have a commongeneralization.Two transformations,Ti andTj , have a common
generalizationif: 1) Ti andTj obey the samesyntacticform, 2) the labelsof all the
correspondingconcepts(i.e. conceptsboundto thesameconceptvariable)betweenTi

andTj have a commonancestor, and3) the labelsof all the correspondingrelations
(i.e. relationsboundto the samerelationvariable)betweenTi and Tj are the same.
This generalizationis minimum if the commonancestorfor the labelsof all corre-
spondingconceptsis the minimum commonancestor. The result is a list of the form
L = f (cg1; R1); :::; (cgn ; Rn)g whereeachelementof L consistsof asubsetRj of the
candidatetransformationsin T andtheminimumcommongeneralizationcgj (which is
alsoa transformation)for thissubset.

In the�nal phase,MinT removesthosegeneralizedtransformationscgj from L that
do not satisfytheminimumsupportandcertaintyrequirements.Supportis a metricwe
borrowedfrom therule mining literature[1,2,9,10,12,14] to measurehow frequently
ageneralizedtransformationoccurs.Wede�ne thismetricSupport(cgj ) asthefraction
of suf�ciently similar matchesbetweenD 1 andD2 thatcontainsa candidatetransfor-
mationthatcgj is ageneralizationof.

Certaintyisametricweintroducetomeasureageneralizedtransformation'sstrength.
Wearguethatoverly generaltransformationshave little strengthbecausethey canalign
almostanything. Hence,this metriccorrespondsto how certainarewe thata general-
ized transformationis not overly general.We measureour certaintyin a generalized
transformation,cgj , by �rst computinga rangearoundcgj using

Certainty (cgj ; Rj ; cert) = � (df = jR j j� 1;cer t )

q P
T i 2 R j � (Ti ; cgj )2

jRj j
(1)

where� (df = jR j j� 1;cer t ) is thet-score for df = jRj j � 1 at thespeci�edcertaintylevel,
Rj arethe candidatetransformationscgj wasgeneralizedfrom, and� (Ti ; cgj ) is the
distancebetweenTi andcgj . Wecompute� (Ti ; cgj ) using

� (Ti ; cgj ) =
X

c2 T i

taxdist (c;corr esp(c;cgj )) (2)

wherec is a conceptin Ti , corr esp(c;cgj ) is the correspondingconceptof c in cgj ,
andtaxdist is the taxonomicdistancebetweenthe labelsof thesetwo concepts.We
computetaxdist astheminimumnumberof is-a andinstance-of links (asde�nedby
theontology)betweenthelabelsof c andcorr esp(c;cgj ). Next, wesaycgj satis�esthe
minimumcertaintyrequirementif theNull generalizationlies outsidethis range– i.e.
� (N ul l (cgj ); cgj ) > Certainty (cgj ; Rj ; mincer t). We compute� (N ul l (cgj ); cgj )



usingEquation2 andthe Null generalizationN ul l(cgj ) by replacingthe labelsof all
theconceptsin cgj with > – theroot conceptin theontology.

4 Evaluation

Weevaluateouralgorithmby usingit to minefor transformationsto usefor two tasks–
Courseof Action (COA) critiquingand�nding examplesto illustratechemistryencod-
ing mistakes.

4.1 COA Critiquing

TheCOA critiquing taskis oneof thechallengeproblemsin DARPA's RapidKnowl-
edgeFormationproject.COAs arelarge,detailedbattleplansintendedto meetaspeci�c
military objective.Becauseof their complexity, military analystshave dif�culty evalu-
atingthemquickly andaccurately. Thus,thetaskof COA critiquingis to assessaCOA's
strengthsandweaknesses.

Thesolutionto thisproblemhastwo parts.First,military analystsbuild aknowledge
baseof “critiquing patterns”usinganontologyin thedomainof BattleSpacePlanning
(BSP).3 Eachpattern,encodedasa simpleconceptualgraph,describesa situationthat
might arisein a COA, for example“blue aviation unitsattackredartillery unitsbefore
themainattack”or “blue holdsanartillery unit in reserveduringthemainattack”.This
library of patternsis compiledbasedon military doctrineandexperience.Second,to
preparefor a battle,military commandersdesigna COA to achieve statedobjectives.
It, too, is a simple conceptualgraphand is encodedusing the BSP ontology. These
COAs areevaluatedby matchingthe library of critiquing patternsto them to assess
their strengthsandweaknesses.

Theknowledgebaseof critiquing patternswasbuilt by two SubjectMatterExperts
(SMEs)usingtheSHAKEN system[3]. TheCOAs werebuilt by thesamepeopleusing
a COA-authoringsystemcalledNuSketch[7]. The two SMEsproduceda total of 44
patternsand threeCOAs. The patternsand COAs were both encodedas graphsbut
authoredusingdifferentknowledge-authoringtools.COA critiquingis thereforeagraph
matchingproblemwith many opportunitiesfor mismatches.

Experimental Methodology We usedthe knowledgebaseof critiquing patternsand
COAs authoredby the two SMEsasour data.We saya patternmatchesa COA if the
matchscoremeetsor exceedsa pre-speci�edthreshold(TH). This scoreis computed
basedon thefractionof nodesin thepatternmatchedwith a COA. Becauseof thesize
andcomplexity of the COAs (eachaveragingseveral thousandnodes),a patterncan
matchaCOA multiple times,in differentways.

To matchthepatternswith theCOAs, we usedfour approachesthatdiffer only in
the typesof transformationsused.First, we useda semanticmatcherthat usesonly
taxonomicknowledgeasour baseline(i.e. no transformationswereused).We call this
matcher“TaxonMatch”,andwe implementit usingthealgorithmdescribedin [16,17].

3 Thisontologycanbebrowsedanddownloadedathttp://www.cs.utexas.edu/users/mfkb/RKF/tree



Second,we constructeda matchercalled “TaxonMatch+Mined”by augmenting
TaxonMatchwith the transformationsminedby MinT. To mine for thesetransforma-
tions,we split our datainto threesetswhereeachsetconsistsof oneCOA anda set
of applicablepatterns.We choseonesetto serve asthe testset,andtheothertwo for
mining transformations.MinT' s inputsandparametersweresetasfollows. We setthe
semanticmatcherto TaxonMatchandthetwo lists of graphsto thepatternsandCOAs
in thetrainingset.Wede�ne thesimilarity measureasthefractionof nodesin apattern
matchedwith aCOA, andwearbitrarilysettheminimummatchscore,support,andcer-
tainty to 0.6,0.05,and0.95respectively. Thesyntacticformsusedfor this experiment
areshown in Table1.

lhs rhs
F1 X � r ! Y � r ! Z X � r ! Z
F2 X � r ! Y � s ! Z X � r ! Z
F3 X � r ! Y X � s ! Y
F4 X � r ! Y � s ! Z � t ! W X � s ! W

Table 1. The syntacticforms usedfor both this experimentand the chemistryexperimentde-
scribedin Section4.2.

The resultingtransformations(seeFigure 3 for examples)were usedby Taxon-
Match+Minedto matchthe patternswith the COA in the test set.This processwas
repeatedthreetimes(eachtime a differenttrainingandtestsetwereselected),andwe
totalledall thematches.

Fig.3. Selectedexamplesof transformationsminedfor thebattlespaceplanningdomain.

Third, we constructeda matchercalled“TaxonMatch+DN”by augmentingTaxon-
Matchwith thehumanauthoreddomain-neutraltransformationsreportedin [16,17].

Finally, we constructeda matchercalled“TaxonMatch+Both”by augmentingTax-
onMatchwith bothminedandhumanauthoredtransformations.

To evaluatethe matchesreturnedby eachapproach,andhencetheir performance,
wenotethatapplyingpatternsto COAs canbeviewedasaform of informationretrieval
whereinformationof interestis retrievedfrom a COA basedon a patternthat is acting
asaquery. Therefore,weusemetricsof precisionandrecall.To calculatethesemetrics,



we comparedthe matchresultsfor eachapproachagainstthoseof a human“oracle”,
who determinedthat therewerea total of 927 correctmatchesbetweenthe patterns
andtheCOAs. Table2 shows thenumberof correctmatchesover the total numberof
matchesgivenby eachapproachalongwith theprecisionandrecall resultsfor match
thresholdsbetween0.5and1.0.WeusedtheX 2 testto testfor signi�cant differences.

TaxonMatch TaxonMatch+Mined TaxonMatch+DN TaxonMatch+Both
TH raw prec recall raw prec recall raw prec recall raw prec recall
0.5 508/1395 36.4 54.8 589/1535 38.4 63.5 763/1714 44.5 82.3 763/1732 44.1 82.3
0.6 508/1239 41.0 54.8 571/1431 39.9 61.6 745/1539 48.4 80.4 745/1680 44.4 80.4
0.7 459/686 66.9 49.5 571/840 68.0 61.6 696/965 72.1 75.1 745/1014 73.5 80.4
0.8 459/667 68.8 49.5 522/772 67.6 56.3 696/946 73.6 75.1 696/946 73.6 75.1
0.9 103/103 100.0 11.1 516/652 79.1 55.7 553/689 80.3 59.7 679/815 83.3 73.2
1.0 35/35 100.0 3.8 501/501 100.0 54.1 424/424 100.0 45.7 654/654 100.0 70.6

Table 2. This tableshows the raw data(i.e. raw), precision(i.e. prec), andrecall resultsgiven
by eachapproach.Precisionis computedby dividing thenumberof correctmatchesgivenby the
total numberof matchesgiven.Recall is computedby dividing the numberof correctmatches
givenby thenumberof correctmatchesgivenby the“oracle”.

Discussion With respectto precision(seeTable2), thefour approacheswereroughly
comparable.The0.9threshold,however, wasaninterestingcase.At thishighthreshold,
TaxonMatchwasableto matchonly thosepatternsthatalignedexactly (or almostex-
actly) with theCOAs. Thus,therewereno false-positivesandprecisionwashigh (this
differencewassigni�cant at the0.01level for theX 2 test,i.e. p < 0:01). Usingtrans-
formations,theotherthreeapproacheswereableto establishadditionalmappingsthat
TaxonMatchwasunableto �nd. Thisresultedin morepatternsbeingmatched,but there
wasstill roomfor false-positivesat the0.9thresholdlevel. Thisdifferencedisappeared
at the1.0thresholdlevel.

With respectto recall(seeTable2), thefour approachesdifferedsigni�cantly. Tax-
onMatch's performanceon recall wasthe worst,droppingsigni�cantly asthe thresh-
old level was raised.TaxonMatch+Minedperformedsigni�cantly betterthanTaxon-
Matchatall thresholdlevels(p < 0:01for all points).BecauseTaxonMatchandTaxon-
Match+Mineddiffer only in theuseof transformations,this featurealonemustaccount
for theobserveddifferencein recall.Therefore,this differenceshows transformations
minedby MinT helpedto improvematchingsigni�cantly comparedto usingtaxonomic
knowledgealone.

TaxonMatch+Minedperformedsigni�cantly betterthanTaxonMatch+DNatthe1.0
threshold(p < 0:01). This difference,however, wasreversedbetweenthe0.5 and0.8
thresholdlevels(p < 0:01ateachpoint)becauseMinT wasunableto discoversomeof
thehumanauthoredtransformationsusedby TaxonMatch+DN.Someusefulcandidate
transformationswereexcludedbecauseeitherthey did not occurfrequentlyenoughor
their commongeneralizationfailedto satisfytheminimumcertaintyrequirement.



By using both humanauthoredand machinediscoveredtransformations,Taxon-
Match+Bothperformedsigni�cantly betterthanboth TaxonMatch+Mined(p < 0:01
for all thresholdlevels) and TaxonMatch+DN(p < 0:01 for the 0.7, 0.9, and 1.0
thresholdlevels). Interestingly, the differencebetweenTaxonMatch+BothandTaxon-
Match+DN wasmostnoticeableat the 0.9 and1.0 thresholds.At thesehigh thresh-
olds,only thosepatternsthatalignedexactly (or almostexactly) with theCOAs would
count as matches.BecauseTaxonMatch+DNusedonly domain-neutraltransforma-
tions,it wasnot ableto resolve many domain-speci�cmismatches.As a result,Taxon-
Match+DNcouldnot align many patternswith theCOAs. MinT, however, discovered
transformationsthatresolvedthosemismatchesthatwereidiosyncraticto theCOA cri-
tiquingdomain.Theseresultsshow domain-neutraltransformationsarelesseffectiveat
resolvingdomain-speci�cmismatches,anddomain-speci�ctransformationsareneeded
to furtherimprove matching.

4.2 Finding Examplesto Illustrate Chemistry EncodingMistakes

The goal of the HALO project is to build a KnowledgeBase4 (KB) that cananswer
chemistryquestionsfrom an AdvancedPlacement5 (AP) test. In the initial phaseof
this project [4], KnowledgeEngineers(KEs) encodedthe questionsto be answered.
BecauseKEs are familiar with the KB, their encodingsdo not includeany mistakes
(i.e. discrepancieswith the KB). The secondphaseof this project,however, requires
SMEsto encodethesequestions.BecauseSMEsarenot familiarwith theKB, mistakes
arefrequentin theirencodings(seeFigure4).Thus,weneedto �nd examplesof correct
encodingsto illustrateto SMEstheirmistakes.

Fig.4. This exampleshows two encodingsof thesamechemistryquestion– oneby a SME and
theotherby aKE.

Oursolutionto thisproblemhastwo parts.First,KEswill encodea library of ques-
tions (we'll refer to the encodingsof thesequestionsascases).Eachcaseis a simple
conceptualgraphencodedusing an ontology in the domainof chemistry. 6 Second,

4 By knowledgebase,wemeanasetof axioms.
5 TheAP testis anexaminationtakenby U.S.highschoolstudentsto earncollegecredits.
6 Thisontologycanbebrowsedanddownloadedathttp://www.cs.utexas.edu/users/mfkb/RKF/tree



questionsencodedby SMEs(which arealsosimpleconceptualgraphsencodedusing
the samechemistryontology)would be matchedagainst this library to �nd the most
similar case,whichwill serveasanexampleto pointoutmistakesmade.

The library of casesconsistsof correctencodingsfor 50 questions.ThreeSMEs
wereeachasked to encodethesesame50 questions,andthey encodeda total of 133
questions(SMEswereallowed to skip questionsthey did not know how to encode).
BecauseSME questionsandcasesareencodedasgraphsanddoneso independently,
thetaskof �nding examplesto illustrateencodingmistakesis agraphmatchingproblem
with many opportunitiesfor mismatches.Hence,transformationsareneeded.

Experimental Methodology We usetheSME questionsandcasesasour data.Each
SME questionis matchedagainstall cases,and the caseit moststronglymatchesis
selectedasthe exampleto use.The strengthof the match(i.e. score)is basedon the
fractionof nodesin aSMEquestionmatchedwith acase.

To matchtheSME questionswith thecases,we usedthefour approachesfrom the
COA Critiquing task(seeSection4.1).With theexceptionof TaxonMatch+Mined,the
otherthreeapproacheswereconstructedthesameway.

To mine for transformationsusedby TaxonMatch+Mined,we split our datainto
threesets,whereeachsetconsistsof all the questionsencodedby oneof the SMEs.
We choseonesetto serve asthetestset,andtheothertwo for mining transformations.
MinT' s inputs and parameterswere set as follows. We set the semanticmatcherto
TaxonMatch.Wesetthetwo listsof graphsto theSMEquestionsin thetrainingsetand
thecasesencodedby KEs.We de�ne thesimilarity measureasthefractionof nodesin
a SME questionmatchedwith a case,andwe arbitrarily settheminimummatchscore,
support,andcertaintyto 0.4, 0.05,and0.95respectively. We usedthe samesyntactic
forms from theCOA Critiquing task(seeTable1). Theresultingtransformations(see
Figure5) wereusedby TaxonMatch+Minedto matchtheSMEquestionsin thetestset
with thecases.This processwasrepeatedthreetimes(eachtime differenttrainingand
testsetswereselected),andwe totalledall theselectedcases.

Fig.5. Selectedexamplesof transformationsminedfor thechemistrydomain.

To evaluatethe performanceof eachapproach,we measurethe numberof SME
questionsfor which a correctcasewasselected.We saythe caseselectedfor a SME
questionis correct,if they arebothencodingsof thesamechemistryquestion.Table3
shows the performanceof the four approachesevaluatedin this experiment.We used
the2-tail t-test to testfor signi�cant differences.



Approaches Accuracy(%) Err or(95%) # Corr ectSelections# SME Questions
TaxonMatch 42.86 � 8:41 57 133
TaxonMatch+Mined 81.20 � 6:64 108 133
TaxonMatch+DN 55.64 � 8:44 74 133
TaxonMatch+Both 81.20 � 6:64 108 133

Table 3. This tableshows the selectionaccuracy for the four approachesalongwith the 95%
con�denceinterval. Accuracy is de�ned as the fraction of SME questionsfor which a correct
casewasselected.

Discussion TaxonMatch+Minedperformedsigni�cantly betterthanTaxonMatch(p <
0:01). BecauseTaxonMatchandTaxonMatch+Mineddiffer only in theuseof transfor-
mations,this factoralonemustaccountfor the observed differencein accuracy. This
differencefurthershowstransformationsminedby MinT canhelpto improvematching
signi�cantly comparedto usingtaxonomicknowledgealone.

Interestingly, TaxonMatch+Minedperformedsigni�cantly betterthanTaxonMatch+DN
(p < 0:01). Although the domain-neutraltransformationsusedby TaxonMatch+DN
helpedto improve accuracy signi�cantly comparedto TaxonMatch(p < 0:05), there
weremany mismatchesspeci�c to thedomainof chemistrythatTaxonMatch+DNcould
notresolve– moresothanthebattlespacedomain.MinT, however, wasableto discover
transformationsthatcanresolve thesemismatches.Theseresultsfurthershow domain-
speci�c transformationsareneededto furtherimprove matching.

Finally, TaxonMatch+Minedand TaxonMatch+Bothachieved the sameaccuracy
(recall TaxonMatch+Bothis constructedby augmentingthe humanauthoreddomain-
neutraltransformationswith thosediscoveredby MinT). Our analysisrevealedthat in
additionto discovering additionaldomain-speci�ctransformations,MinT wasableto
discover all the domain-neutraltransformationsuseful for this domain.This explains
why TaxonMatch+MinedandTaxonMatch+Bothhadthesameperformance.

5 Conclusion

Theproblemin semanticmatchingis to �nd amappingbetweentwo structuredknowl-
edgerepresentationsencodedusingthesameontology. Solvingthis matchingproblem
is hardbecausemany valid mappingsbetweentwo representationsoftencannotbees-
tablished.Previousresearchhasshown animperfectmatchbetweentwo representations
canbeimprovedsigni�cantly by usingtransformationrules,but acquiringthesetrans-
formationsis problematic.As aresult,mostexistingsemanticmatchingapproachesuse
only taxonomicknowledge.

To addressthisproblem,wepresentedanalgorithm,calledMinT, for mining trans-
formations.WeevaluatedMinT by usingit to minefor transformationsin two domains
– BattleSpacePlanning(BSP)andchemistry. Theresultsfrom bothevaluationswere
encouraging.TransformationsminedbyMinT helpedto improvematchingsigni�cantly
comparedto usingtaxonomicknowledgealone.For theBSPdomain,humanauthored
transformationsperformedbetterthanthoseminedby MinT, but we showed MinT' s



transformationscan augmentthoseauthoredby handto outperformeither one used
alone.Interestingly, this wasnot the casefor the chemistrydomain– transformations
mined by MinT outperformedthoseauthoredby hand.This is becausemost of the
mismatcheswerespeci�c to thedomainof chemistryandhencedomain-speci�ctrans-
formationsareneededto resolve them.
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