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ABSTRACT

Ontology matching is an efficient method to establish interoperability among heterogeneous
ontologies. Large-scale ontology matching still remains a big challenge for its time and large
memoryspaceconsumption.Theactual solution to thisproblem isontologypartitioning,which
isalsochallenging.ThispaperpresentsDeepOM,anontologymatchingsystem,todealwiththis
large-scaleheterogeneityproblemwithoutpartitioningusingdeeplearningtechniques.Itconsistsof
creatingsemanticembeddingsforconceptsofinputontologiesusingareferenceontologyanduses
themtotrainanauto-encoderinordertolearnmoreaccurateandlessdimensionalrepresentations
forconcepts.Theexperimentalresultsofitsevaluationonlargeontologiesanditscomparisonwith
differentontologymatchingsystemswhichhaveparticipated to thesametestchallengearevery
encouragingwithaprecisionscoreof0.99.Theydemonstratethehigherefficiencyoftheproposed
systemtoincreasetheperformanceofthelarge-scaleontologymatchingtask.
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INTRODUCTION

Ontologiesarethecornerstoneofthesemanticweb.Theyproviderepresenting,sharingandreuse
ofknowledgeasacommunicationtoolforapplicationsdevelopedindifferentways.Anontology
isanexplicitdescriptionof theconcepts,properties,relationshipsandindividuals thatmayexist
foraparticulardomain.Itreflectsknowledgefromacertaindomainofdiscourse(Zamazal,2020).
However,mostapplicationsrequireaccesstomultipleontologies.Inaddition,theconstructionof
ontologiesbyvariousexpertsleadstoheterogeneityatdifferentlevels,duetotherapiddevelopment
ofthesemanticweb.

Therefore,itisveryinterestingtoidentifycorrespondencesbetweensemanticallyrelatedentities
ofheterogeneousontologies.Thatallowsagentsusingdifferentontologiestointer-operate.These
correspondences,calledalignmentormapping,arethebackboneoftheontologymatchingtask,which
isthepromisingsolutiontothisontologysemanticheterogeneityproblem.Inaddition,automaticand
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semi-automaticontologymatchingtechniquesshouldbedevelopedinordertoreducetheburdenof
itsmanualcreationandmaintenance(Khiat&Benaissa,2015).

Likewise,ontologiesofmost applications (like inmedicine andastronomy)areofbig size.
And,largeontologiesincludeahighconceptualheterogeneity.Thatcoulddecreasetheefficiencyof
ontologymatchingsystemsfacingotherchallengesasshortageofmemoryandlong-timeprocessing.
Suchissuemakesscalinguptheontologymatchingprocessaveryinterestingproblem.

Deeplearningtechniqueshavebeenrecentlyusedtoaddressimportantproblemsinmanyresearch
axes,suchasimageprocessing,naturallanguageprocessing,informationretrieval,signalprocessing
andmanyothersasin(Guptaetal.,2019;Sediketal.,2021;Al-Smadietal.,2018).Sophisticated
artificialintelligencesystemsusedeeplearningtosolvecomputationaltasksandcomplexproblems
quickly(Fiorini,2020).Thesetechniquesareveryappropriatefordealingwithlargedatasets.They
havetheabilitytoanalyseandinterpretmassiveamountsofdata,thatrequireefficientandeffective
computationaltools.

Althoughdeeplearningtechniquesareveryappropriatefordealingwithlargedatasets,they
havelimiteduseinontologymatching.Eventhefewapproachesthatemploythesecomputational
modelsaimatenhancingtheperformanceoftheontologymatchingtask,andnotathandling
thelarge-scaleheterogeneityproblem(Portisch&Paulheim,2018;Changetal.,2019;Hertling
&Paulheim,2018;Monychetal.,2020;Roussilleetal.,2018).Then,theytestedtheirmethods
on ontologies of small sizes. The commonly promising solution for dealing with the large-
scaleontologymatchingissueispartitioning(Tranetal.,2012;Laadharetal.,2019;Laadhar
etal.,2018;Jiménez-Ruizetal.,2018;Balachandranetal.,2019).Itconsistsondividingthe
inputontologies intoseveral sub-ontologies.Theoverall resultofmatching isobtainedafter
combiningtheindividualresultsofmatchingsub-ontologies.However,thepartitioningphase
isalsochallenging;Themethodofdividinginputontologies,thenumberofresultedpartitions,
sizesofpartitions,andallparametersofthepartitioningprocessaredelicatetodefineaswell.
Moreover,severalsemanticlinksinsideontologiesareexpectedtobelostwhendividinginput
ontologies.Thataffectsthematchingquality.

Inthispaper,theauthorsaddressthesechallengesandproposeanewontologymatchingsystem,
calledDeepOM, for automaticallymatching largeontologieswithoutpartitioningandbasingon
deeplearningtechniques.DeepOMfirstlyextractstherequisiteontologicalinformationfrominput
ontologiesandpre-processit.Areferenceontologyisthenusedtotransformontologicalconceptsinto
numericalvectorsthatdeeplearningmodelscanuseasinput.Autoencodersarecommondeeplearning
models.Theyaregreatatrepresentationlearning.Oncethesemanticembeddingsforconceptsare
created,theycanbeusedtotrainanauto-encoder,inordertooutputfinerandsmallerrepresentations
forontologicalconcepts.Afterthat,thecosinesimilarityisusedtocomputesimilaritiesbetweenthe
compactvectorialrepresentationsofconcepts.Finally,afilteringprocessisappliedusingadefined
alignmentthreshold,inordertokeeponlythemostappropriatecorrespondencesthatcomposethe
finalmapping.Themaincontributionsofthisworkare:

• Employingdeeplearningtechniquesinordertoeffectivelymatchlarge-scaleontologieswithout
partitioningthem,andatthelowesttimeprocessandmemoryspacecost.

• Representingtheconceptsofinputontologiesinamulti-dimensionalembeddingspace,usinga
smallerandwellselectedreferenceontology.Thataimsforperfectingthematchingperformance
andreducingitscomplexity.

• Traininganauto-encoderon theconcepts’embeddings, inorder to learnmoreaccurateand
more compact representations for input concepts.That leads tobetterperformanceand less
complexityaswell.

• Unsupervisedlearningdoesn’trequirealearningbase,whichnecessitatesadelicateprocess
toprepare.
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• TheresultsofevaluatingDeepOMonlargeOAEIontologies,anditscomparisonwithontology
matchingsystemswhichhaveparticipatedtothesametestcase,demonstrateitshighabilityto
tacklethelarge-scaleproblem.

Theremainderofthispaperisorganizedasfollows.Afterthisintroduction,theauthorsfirstreview
andstudytheexistingworkintheareaofontologymatching,particularlyoflarge-scaleontology
matchingandmatchingbasedondeeplearningtechniques.And,theydiscusstheiradvantagesand
limits, to figure out contributions of this work. Next, they present the detailed workflow of the
proposedontologymatchingsystemthattheypropose.Then,theydescribetheevaluationofDeepOM,
conductedontheAnatomytrackfromthe2020campaignoftheopenOntologyAlignmentEvaluation
Initiative(OAEI).Theauthorspresentandanalysistheresultsoftheseexperimentsanddiscussthe
performanceoftheirsystem.Finally,theyconcludethispaperandoutlinetheirfuturework.

RELATED WORK

Ontologymatchingisacoreissueforenablinginteroperabilitybetweenheterogeneousontologies.
Forthatobject,severalmatchingapproacheshavebeenproposedinthescientificliterature.Ontology
matching process is generally based on measuring similarity between entities of the concerned
ontologies.Onthisbasis,thatnumerousclassificationsofthevariousontologymatchingapproaches
aregivenasin(Shvaiko&Euzenat,2011;Otero-Cedeiraetal.,2015;Thiéblinetal.,2020).

Large-Scale Ontology Matching
Nowadays,ontologiesofnumerousdomainsarevery large.Biomedicalontologieshaveattacked
muchattention.Thus,matchingsuchontologiesbecomesaverycomplextask,especiallyinterms
oftimeprocessingandallocatedmemoryspace.Ontologymatchingapproacheswhichaddressthis
problemusuallypartitionthelargeontologiesintosmallsub-ontologiesinordertoreducethematching
space.Babalouetal.(2016)proposedtoclassifythedifferentpartitioningmethodsintothefollowing
categories:modulation,clustering,summarization,decomposition,anddivideandconquer.Inthe
following,someworkofdifferentpartitioning-basedontologymatchingtechniquesispresented:

• Tranetal.(2012)proposedapartitioningapproachtobreakupthelargematchingprobleminto
smaller matching sub-problems. They first semantically split anatomy ontology into groups
calledclusters.Basingontheinformationcontentoftheirconcepts,andascalableagglomerative
hierarchicalclusteringalgorithm.Theyusethenafilteringmethodtoselectthepossiblesimilar
partitionsinordertoreducethecomputationtime.

• ThestudyofLaadharetal.(2019)presentedalocalmatchinglearningstrategytoalignlarge
andcomplexbiomedicalontologies,combiningontologypartitioningwithmachine learning
techniques. It defines a new partitioning approach, based on the hierarchical agglomerative
clustering.Thislatterbreakuplargeontologyalignmenttaskintoasetoflocalsub-matching
tasks.Insteadofdefiningaglobalmachinelearningmodelfor theentireontologymatching
task,itperformsamachinelearningmodelforeachlocalsub-matchingtaskandprovidesits
correspondingtrainingset,whichisautomaticallygeneratedbyexploringtheexternalbiomedical
knowledgebaseswithoutanygoldstandardoruserinvolvement.Therefore,eachproposedlocal
matchinglearningmodelautomaticallyprovidesadequatematchingparametersforeverylocal
sub-matchingtask.

• TheapproachproposedbyJiménez-Ruizetal.(2018)consistsonsplittingtheontologymatching
taskintosmallerandmoretractablematchingsubtasks,basingonalexicalindexandlocality
modules.Twoclusteringstrategiesarepresentedforthelexicalindex.Naivestrategyreliesona
simplesplittingmethod,torandomlydivideentriesintoagivennumberofclustersofthesame
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size.And,Neuralembeddingstrategyreliesonalog-linearneuralembeddingmodel.Itaimsto
reducetheglobalsizeofthecomputeddivisionofthematchingtask.

• ThestudyofBalachandranetal.(2019)isbasedongraphpartitioningtoimprovetheexecution
timeofontologymappingprocess.Theproposedontologymappingprocessworks in three
consecutivephases.First,thecluster-walktrapmethodologyisusedtopartitiontheontologies
intosub-ontologiesandidentifythecorrespondencebetweentheconceptsinparallel.Then,the
factoredontologiesarerepresentedinvectorspacemodelandsimilaritiesarecomputedbetween
concepts.Finally,acollaborativedecisiononthemappingsisgenerated,takingintoaccountthe
similaritiesofthepreviousphase.

• Laadharetal.(2018)proposedanapproachthatappliesthehierarchicalagglomerativeclustering
techniquetodivideanontologyintoasetofpartitions.Then,itusesanautomatedtuningprocess,
whichgeneratestheadequatethresholdsoftheavailablesimilaritymeasureforanybiomedical
matchingtask.

Deep Learning for Ontology Matching
Inthelastdecades,artificialneuralnetworkshavebeenwidelyusedtotackletheontologymatching
problem(AliKhoudjaetal.,2018b;Djeddi&Khadir,2013;AliKhoudjaetal.,2018a).However,
the use of deep neural networks has not attracted much attention from research teams to match
heterogeneousontologies,despitethefactthatontologymatchingisanactivefieldofcurrentresearch.
Someoftheseapproachesarepresentedinthefollowing:

• Xiangetal.(2015)proposedERSOM,anontologymatchingapproachwhichmainlyusesthedeep
neuralnetworkmodeltolearnthehigh-levelabstractrepresentationsofclassesandproperties
fromtheirdescriptions,andaniterativesimilaritypropagationmethodbasedonmoreabundant
structureinformationoftheontology,forontologymatchinginanunsupervisedway.Qiuetal.
(2017)addedasupervisedlearningstepwhentrainingdataisavailabletorefinethelearned
representation,andthenallowedtolearntherepresentationofontologyentityinthecasesthe
trainingdataexistsornot.

• TheworkofLiuetal.(2019)presentedanewontologymappingsystemcalledHISDOM,which
usescomprehensivefactorslikeconceptnames,attributes,instances,andstructuralsimilaritiesto
determinethesimilarityofontology.Andthendynamicallyderivestheweightofthosedifferent
factorsintheoverallontologysimilarityproportionaltotheamountofinformationofeachfactor
intheontology,todeterminewhetherthetwoontologieshavemappingrelationships.HISDOM
alsousesaconvolutionalneuralnetworktoextractandcalculatethecommentandannotation
semanticsandfindtheirsimilarityaccordingtotheextentofannotation.

• ThestudyofNkisi-Orjietal.(2018)introducedarandomforestclassifierforontologyalignment
whichintegratessemanticsimilarityfeatures,string-basedsimilarityfeaturesandsemanticcontext
features,usingwordembedding.Itcompletesalignmentintwostages.Itfirstselectsasetof
candidatealignmentsusingbasicmatchingtechniques.Afterthat,amachineclassifierdetermines
thetruealignmentsfromentitypairsofthecandidatealignments,usingfeaturevectorsthatare
generatedfromavarietyofdirectandindirectsimilarityindicators.

• Dhouibetal.(2019)proposedanewontologyalignmentapproachinspiredbyanexistingproposal
(Zhangetal.,2014).Itcombinestheradiusmeasureandwordembedding.Theyconsiderword
embeddingtogetavectorrepresentationoftheconceptstobematched,anduseittocompute
hierarchicalrelationsbetweenconcepts.

• TheapproachproposedbyChandrashekaretal.(2018)aimstodiscovertherelationshipsbetween
concepts from theanalysisof semantic features acrossmultipleontologies, and identify the
abstractionsoftheontologicalrelationshipsthroughmappingbetweenfeaturestotheontologies.
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The ontology mapping is performed through ontology search, feature extraction and word
embeddings.

Analysis of Related Work
Thestudyoftherelatedworkallowsustoidentifytheirlimits,andoutlinecontributionsofthisstudy.
Large-scaleontologymatchingstillpresentsarealchallengebecauseit isa timeconsumingand
memoryintensiveprocess.Deeplearningtechniquesarenotcommonlyusedtotacklethisproblem,
althoughtheyareveryappropriatefordealingwithlargedatasets.Eventhesmallamountthatemploy
thesemodelsaimatenhancingtheperformanceoftheontologymatchingtask,andnotathandling
theheterogeneitybetweenlargeontologies.Besides,theytestedtheirmethodsonontologiesofsmall
sizes.Partitioninglarge-scaleontologiesisthecommonlypromisingsolutiontodealwiththisissue.
Ontologymatchingtechniquesthatdealwiththisproblemsearchtodividethelarge-scaleontology
matchingtaskintosmall-scaleandmoretractablematchingsub-tasks,aspresentedabove.However,
partitioningontologiesalsopresentsaproblem.Itmaydecreaseinmostcasesthematchingquality,
owingtothefactthat,severalsemanticlinksinsideontologiesareexpectedtobelost.Furthermore,
thenumberofpartitions,sizeandelementsofeachpartition,howtoalignthesedivisions,arealso
challengingandaffectthematchingperformance.Theauthorsaim,byDeepOM,thesystemthatthey
proposeinthispaper,toemploydeeplearningtechniquesinordertoefficientlymatchhugeontologies
withoutpartitioningthem,andatthelowesttimeprocessandmemoryspacecost.

DEEP ONTOLOGy MATCHING

TheideabehindDeepOMistoautomaticallytreatthelarge-scaleontologymatchingissueintwo
stages.Ateachstage,itseeksforprovidingmorerepresentativeandlessdimensionalreal-valued
vectorsforconceptsofinputontologies.First,itcreatessemanticembeddingsforontologicalconcepts,
basingon thesemanticsimilaritybetween themand theconceptsofasmallerandwell selected
referenceontology.Thatperfects thematchingprocess,becauseof the fact that,eachconcept is
representedinavectorspaceofawidenumberofdimensions,whereeachvalueaddsmoreprecision
totheconcernedconcept.And,itreducesthematchingcomplexity,since,manipulatingvectorsof
realvaluesinsteadofontologicalconceptsismuchlesscomplicated.Second,DeepOMtrainsan
auto-encoderon thegenerated concepts’vectors, inorder to learnhigh-level andmore compact
embeddings for inputconcepts.This learningprocessalso leads tobettermatchingperformance
since,theauto-encoderkeepsthemostrepresentativevaluesforeachconcept.Alsoatthisstage,
compressingconcepts’embeddingstoalower-dimensionalvectorspacedecreasesthelarge-scale
matchingcomplexity.

TheprocessingworkflowofDeepOMisillustratedinFigure1.Itcouldbesummarizedinfour
majorphases:Pre-Matching Phase, Embedding Phase, Deep Learning PhaseandMatching Phase.

MatchingtwogivenontologiesOntology1andOntology2istheprocessoffindingasetofm
correspondences(alignment)A={a1,a2,a3,…,am}.Eachcorrespondenceai,(i=1-m)isdefinedbya
quadrupleas:ai=<idi,C,C’,vali>.Where:idiisthecorrespondenceidentifier;Cisaconcept
fromOntology1;C’isaconceptfromOntology2;andvalithecorrespondencevaluebetweenCand
C’providedbyDeepOM.Thislatterisinrange[0,1],andreflectsthesimilaritymeasurebetween
thelinkedconcepts.

Step 1: Pre-Matching
Thefirststepaimstoprepareontologiesformatching.Itissuchanimportantprocess,sincetheinput
ontologiesareheterogeneousanddifferentintheircomponents’availabilityandentities’lexiconfor
theauthors’interests.Theauthorspre-matchinputontologiesintwomainsub-steps:
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1. Extracting Ontological Information
Thistaskconsistsonloadingtheontologiesneededformatching,andextractingtheircomponents
which are necessary for generating alignment. An ontological concept is defined by three main
aspects:Term,IntentionandExtension.Astheauthorsaimtoperformthematchingprocessina
completeway,theycoverthethreemaindimensionsofconcepts.TheyextractforeachconceptC
fromOntology1andOntology2its:

• Lexical label,whichistherepresentativetermusedtodescribethatconcept;
• Related concepts,whicharetheconceptsfromthesameontologythatarerelatedtotheconcerned

concept.Conceptsofontologiesarerelatedtoeachotherwithdistincttypesofrelationships.

Figure 1. Processing Workflow of DeepOM



International Journal on Semantic Web and Information Systems
Volume 18 • Issue 1

7

Themostbasictypeofrelationsinanontologyisthesubsumptionrelation,alsoknownasis-a
relation. It provides the tree-like taxonomyof theontology.By this relation, anontological
concepthasprincipallyaparent-concept,achild-conceptandasibling-concept.Accordingto
thisstructure,threemaintypesofrelatedconceptsareextracted:
◦ Ancestors,whicharetheelementsofthesetofconceptscomposedby,theparentsofC,and

theparentsoftheirparents,alongthepathtoroot.i.e.,theauthorsextractallparent-concept
levelsoftheconceptinquestion;

◦ Descendants,whicharethedirectchild-conceptsofC.Asaconcepthasasignificantnumber
ofchild-conceptscomparedwithparent-concepts,theauthorsfindthatthefirstchild-concept
levelissufficienttohaverelateddescendants’concepts;

◦ Siblings,whicharethedirectchild-conceptsofthedirectparent-conceptsofC.i.e.,concepts
ofthefirstchild-conceptlevelofthefirstparent-conceptleveloftheconcernedconcept
areextracted;

• Individuals,whichrepresenttheinstance-leveloftheconcept,describedbyitsconcreteobjects.

2. Pre-Processing of Ontological Components
Inthissub-step,theauthorsmainlyinterestinpre-processingthelexicalinformationextracted
from input ontologies. Thus, once the ontological components are extracted, they analyze
andprocess,foreachconcept,itslabel,individuals’names,aswellasthelabelsofitsrelated
concepts(ancestors,descendantsandsiblings).ConsideringanextractedtextualinformationT
tobepre-treated.Thepre-processingtaskoutputsasetofprocessedterms.Itisperformedas
presentthefollowingpoints:

•Tokenization:ConsistsonsegmentingTtoasetoftokensaccordingtospace(‘’)andtwotypes
ofdashes(‘-’and‘_’).

•Removing stop words:Consistsonremovingthecommonlyusedwordswhichdonotcarryuseful
informationformatching.Forthat,theauthorsusetheEnglishnltk1stop-wordslist.

•Denoising:Aimstogetridofunhelpfulelementsofthetextualinformation.Inthecaseofthis
study,itconsistsonlowercasingallcharacters,removingtokensoflength1(exceptingnumbers)
andremovingpunctuationsmarksaswellasallspecialandnon-ASCIIcharacters.

Step 2: Create Semantic Embeddings for Concepts
Thisstepconsistsontransformingtheconceptsofinputontologiesintovectorialrepresentationsthat
deeplearningmodelscanuseasinput.theauthorsuseanotherontology,calledreferenceontology,
inordertorepresenteachconceptfromOntology1andOntology2inanumericalmulti-dimensional
vectorspace.

For the following, the setofOntology1’sconcepts isdefinedbyC={ci, i=1-N1}, the setof
Ontology2’sconceptsbyC’={c’i,i=1-N2},andthesetofconceptsofthereferenceontologybyC”
={c”i,i=1-N3},whereN1,N2andN3denotethenumberofconceptsofOntology1,Ontology2and
thereferenceontologyrespectively.

Algorithm1demonstratesthetaskofthisstep.Itisperformedbasedoncomputingsimilarities
betweenconceptsofthereferenceontologyandelementsofCandC’.theauthorsrepresenteach
concept from Ontology1 and Ontology2 by a vector of N3 numerical values. Each value is the
similarityscorebetweentheconcernedconceptandaconceptfromthereferenceontology.Since
thesizeofthereferenceontologyisN3,allvectorialrepresentationsofconceptsofOntology1and
Ontology2areoflengthN3foreachvector.i.e.,conceptsofinputontologiesarerepresentedina
N3-dimensionalvectorspace.Asresultsofthisstep,theembeddingrepresentationsofontologies’
conceptsarecreatedafterthattheexecutionofthealgorithmiscompleted.
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Algorithm1.Createconcepts’embeddingsforinputontologies

Input:       Ontology1’s concepts: C = {ci
, 

i = 1-N1
};

             Ontology2’s concepts: C’ = {c’
i
, 

i = 1-N2
};

             Reference ontology’s concepts: C” = {c”
i
, 

i = 1-N3
}.

Begin
// Vectorial representations for elements of C 
Initialization of V = {} 
for i from 1 to N1 
      Initialization of vec

i
 = []

      for j from 1 to N3 
             vec

i
[j] = Semantic similarity value between c

i
 and c”

j

      append vec
i
 to V

// Vectorial representations for elements of C’ 
Initialization of V’ = {} 
for i from 1 to N2 
      Initialization of vec’

i
 = []

      for j from 1 to N3 
             vec’

i
[j] = Semantic similarity value between c’

i
 and c”

j

      append vec’
i
 to V’

End
Output:      Embeddings of C: V = (vec

i
, 

i = 1-N1
), vec

i
 = [v

j
, 

j = 1-N3
];

             Embeddings of C’: V’ = (vec’
i
, 

i = 1-N2
), vec’

I
 = [v’

j
, 

j = 1-N3
].

Theaccuracyofthegeneratedembeddingsishighlydependentupontwomajorfactors.

1. Reference Ontology Definition
The reference ontology has a great impact on the performance of the matching process.
Thus,itsdeterminationissuchadelicateandcarefultask.Itdependsoninputontologies
andshouldbe:

• OfthesamedomainasOntology1andOntology2,andsemanticallyclosetothem.Otherwise,
theembeddingvectorswouldbeoverpoweredbyzeros.Thus,theywouldnotprovidethereal
representationsforconcepts.

• In the-middle-of-the-road between Ontology1 and Ontology2. i.e., it should be neutral and
balancedbetweenthem,soastoaffordfairconcepts’representations.

• Ofanappropriatesize.i.e.,itmustnotbeverysmall,notuseful,norlargerthaninputontologies,
somatchinggetsmorecomplicated.

2. Similarity Measurement
The adequacy of the numerical values of the concepts’ embeddings relies on how
similaritiesarecomputedbetweeninputontologiesandthereferenceontology.Asthis
is a very exact task, the authors seek for performing it on a high level of accuracy.
Theyexploitthedifferentaspectsofontologicalconcepts.Therefore,theyproceedand
combineseveralmatchers:

• Terminological matcher:Exploitssemanticsinsideconcepts’lexicon.Itmeasuresbothcontext-
based similarityandsyntactical similarity.And, itcombines theminaway that, theweight
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assignedtoeachelementreflectsitsaccurateneedproportioninthatcurrentcase.Theauthors
proposethefollowingformulatocomputetheterminologicalsimilaritybetweentwoconcepts
C1andC2:

TerSim C C
Label Label D D

Label Label
( , )
1 2

1 1 2

1 2

2
=
∗ ∩ + +

+
 (1)

whereLabel1 is thepre-processed labelofC1;Label2 is thepre-processed labelofC2;D1 is the
similarityreportof Label Label

1 2
−( ) comparedto Label Label

2 1
−( ) ;D2isthesimilarityreportof

Label Label
2 1
−( ) comparedto Label Label

1 2
−( ) .Foreachpairofindividualterms,theauthors

takethemaximumsimilaritybetweenthetwovaluesprovidedbyanexternal knowledge resource
andJaro measure.

• Structural matcher:Measuresthesimilaritybetweenconceptsbasingontheirstructure,which
refers totheirrelatedconcepts.Theauthorsusethefollowingformulatocomputestructural
similaritiesbetweenancestors,descendantsandsiblingsofC1andC2:

StrSim C C
RC RC D D

RC RC
( , )

*
1 2

1 2 1 2

1 2

2
=

∩ + +

+
 (2)

whereRC1isthesetofconceptsrelatedtoC1;RC2isthesetofconceptsrelatedtoC2;
D1isthesimilarityreportof RC RC

1 2
−( ) comparedto RC RC

2 1
−( ) ;D2isthesimilarity

report of RC RC
2 1
−( )  compared to RC RC

1 2
−( ) . This similarity report is computed

using the terminological similarity equation (Equation.1) for each pair of individual
relatedconcepts.

Relatedconcepts(RC1forC1andRC2forC2)referstosetsofancestors,descendantsandsiblings
ofC1andC2foreachcase.

• Extensional matcher:TheauthorsmeasurethesimilaritybetweeninstancesofC1andC2using
theJaccardsimilarity,givenbyformula:

ExtSim C C
Inst Inst

Inst Inst
( , )
1 2

1 2

1 2

=
∩

∪
 (3)

whereInst1isthesetofinstancesofC1andInst 2istheinstancessetofC2.
Combiningtheindividualsimilaritymeasuresisnecessaryinordertogetthefinalsemantic

similaritybetweenC1(fromC+C’)andC2form(C”).Unlikeotherontologymatchingtechniques,
whichgiveequalweightsforsimilarityvalues,DeepOMcombinestheminanadditivewaythat,the
lackindividualsandrelatedelementsforsomeconceptswouldnotaffectthematchingperformance.
Algorithm2demonstratesthisprocess.
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Algorithm2.Measuresemanticsimilaritybetweentwogivenconcepts

Input:      C1
: Concept from Ontology1+Ontology2: Set of N1 

            concepts: C + Set of N2 concepts: C’, C = {c
i
, 

i = 1-N1
}, 

            C’ = {c’
i
, 

i = 1-N2
};

            C
2
: Concept from Reference ontology: Set of N3 

            concepts: C”, C” = {c”
i
, 

i = 1-N3
};

            Sim_Threshold. 
Begin
// Computing similarities between C

1
 and C

2

      Ins
1
 = list of c

1
 Instances

      Anc
1
 = list of c

1
 Ancestors

      Des
1
 = list of c

1
 Descendants

      Bro
1
 = list of c

1
 Siblings

            Ins
2
 = list of c”

2
 Instances

            Anc
2
 = list of c”

2
 Ancestors

            Des
2
 = list of c”

2
 Descendants

            Bro
2
 = list of c”

2
 Siblings

            TerVal = TerSim(c
1
,c”

2
)

            AncVal = StrSim(c
1
,c”

2
) \\ RC

1
 == Anc

1
; RC

2
 == Anc

2

            DesVal = StrSim(c
1
,c”

2
)  \\ RC

1
 == Des

1
; RC

2
 == Des

2

            BroVal = StrSim(c
1
,c”

2
)  \\ RC

1
 == Bro

1
; RC

2
 == Bro

2

            ExtVal = ExtSim(c
1
,c”

2
)  \\ Inst

1
 == Ins

1
; Inst

2
 == Ins

2

// Combining similarities between C
1
 and C

2

StrVal = Average(AncVal,DesVal,BroVal) 
If (StrVal>Sim_Threshold) and (ExtVal>Sim_Threshold): 
      SemVal = Average(TerVal,StrVal,ExtVal) 
Else: If (StrVal>Sim_Threshold): 
            SemVal = Average(TerVal,StrVal) 
       Else: If (ExtVal>Sim_Threshold): 
                  SemVal = Average(TerVal,ExtVal) 
               Else: 
                  SemVal = TerVal 
End
Output:     SemVal: Semantic Similarity value between two given concepts;

Step 3: Deep Ontology Matching With Auto-Encoder
Thisstepconsistsonusingdeeplearningtechniquestolearnhigh-levelembeddingsforconceptsof
thetwoontologies.Thistaskaimstoprovidemore accurateandless dimensionalrepresentations
forconcepts.Thatperfectlyrepresentstheinputontologiesinanunsupervisedway.

Auto-encoders seem tobeveryappropriate for suchpurposes.Theyarecapableofcreating
sparserepresentationsoftheinputdata.Therefore,theycanbeusedtocompresstheconcepts’vectors
resultedfromthepreviousstep,andrepresenttheminalatentspace.

Figure2presentsthearchitectureoftheauto-encodermodelofDeepOM.Itisadeepneural
networkwithmultiplelayers.Theoutputlayerhasthesamedimensionastheinputlayer.And,the
architecture between them is mirrored. The model has two components: Encoder and Decoder.
Theencodercompressestheinputdataintoalowerdimension.Then,thedecoderusesthecompact
representationstorecreatetheoriginalinput.

Thenumberoflayersofthedeepnetwork,thenumberofnodespereachlayer,thenumberof
trainingepochs,aswellastheotherauto-encoderparametersarefixedbytrial-and-error.Fortraining
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theauto-encodermodel,theauthorsusetheback-propagationlearningmethod.Theytakethecurrent
concepts’vectorialrepresentationsas input.Then, theytrain themodel to learnweightssoas to
compressdownthesevectorsintoalowerdimensionalspace.Thefinallearnedrepresentations(of
sizeN4asshowninFigure1)keepthemostimportantfeaturesofontologicalconcepts.

Step 4: Generate Ontology1-Ontology2 Alignment
Thisfinalstepisperformedintwosub-steps.

1. Measuring Embeddings Similarity
GeneratingalignmentbetweenOntology1andOntology2requirescomputingsimilaritiesbetween
theirconcepts.Since thoseconceptsarerepresentedbynumbers inavectorspace, thematching
processconsistsoncomputingsimilaritiesbetweenthecorrespondingvectors.Forthat,theauthors
usethecosinesimilaritymeasuredefinedby:

Cos( , )
.

.

� �
� �

� �x y
x y

x y
=  (4)

2. Pruning Generated Alignment
Once similaritiesbetweenconceptsof the inputontologieshavebeenmeasured, theyundergoa
filteringprocedure,soastokeeponlysignificantcorrespondences.Forexample,theauthorsdonot
consideraconcepts’pairofwhichthevalueisequalto0.0asacorrectcorrespondence.Forthat,
theydefineanalignmentthresholdT,fixedbytrial-and-error,toextractthefinalmapping,forwhich
thesimilarityvaluesexceedT.Theauthorsaimbythistaskatimprovingthematchingaccuracyby
removingirrelevantcorrespondencesoflowsimilarityscores,andkeepingonlythemostappropriate
correspondences.

EXPERIMENTS

Inordertoevaluatetheirontologymatchingsystem,theauthorsproceedanexperimentalprocedure
describedasfollows.

Figure 2. Architecture of the Auto-Encoder Model
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Experimental Design
OAEI2isaninternationalinitiativewhichaimstoevaluateontologymatchingsystemsusingdiverse
typesoftestontologies.Itisthemostauthenticatedinitiativeinthisscope.Itoffersvarioustestsets
aimingtocomparethedifferentparticipantsystemsonthesamebasis.

Inthispaper,theauthorsevaluatetheirsystemaccordingtoOAEI’sAnatomytrack.Zhangand
Bodenreider(2007)discussedthechallengesandissuesandrecapitulatetheirexperienceinaligning
large-scaleanatomicalontologies.Atpresent,OAEI’2020isthemostrecentOAEIcampaign.As
theauthorslookforpassingtheontologymatchingtasktothelargescale,Anatomytrackproposes
testontologiesofappropriatesizes.TheOAEI’2020Anatomytrack3comprisesasinglereal-world
testcaseaboutmatchingtwofragmentsofbiomedicalontologiesdescribingthehumananatomy
andtheanatomyofthemouse.Thetaskissituatedinadomainwherewefindlargeandcarefully
designedontologieswhicharedescribedintechnicalterms.Theevaluationisbasedonamanually
curatedreferencealignment.

Theinputontologiestobematchedare:humanontologywith3304classesandmouseontology
with2744classes.Theirconceptshavenoindividuals(instances).TheyarerepresentedinOWL
language.

Asreferenceontology,theauthorsusetheAnatomicalEntityOntology:AEO4,anOWLontology
ofanatomicalstructureswith250classes.ItexpandstheCommonAnatomyReferenceOntology
(CARO)5,whichisanupper-levelontologytofacilitateinteroperabilitybetweenexistinganatomy
ontologies for different species. AEO is intended for being useful in increasing the knowledge
amountofanatomyontologies,facilitatingannotationandinenablinginteroperabilityacrossanatomy
ontologies.

Thestructureofthetrainedauto-encodermodelis[250-200-150-100-150-200-250].Thesize
ofthereferenceontologyis250.Thatgeneratesavectorialrepresentationof250numbersforeach
concept.Itistokenasinputandoutputtothenetwork.

For theexternal resource,which is required formeasuring the terminologicalsimilarity, the
authorsuseBioWordVec(Zhangetal.,2019).Itisanopensetofbiomedicalwordembeddingsof
2,324,849distinctwords.Itcombinessub-wordinformationfromunlabeledbiomedicaltextwith
MeSH6,awidely-usedbiomedicalcontrolledvocabulary.

Toevaluatetheirontologymatchingsystem,theauthorsusethestandardevaluationmeasures:
precision,recallandF-measuredefinedinthefollowing.Precisionandrecallarethemostwidelyused
criteriaforsuchevaluation.TheyarebasedonthecomparisonoftheresultedalignmentAagainsta
referencealignmentR.Precisionandrecallareinverselyproportional.Forthat,theirharmonicmean,
F-measure,isalsocommonlyused.

Definition 1:Precisionmeasures the ratioof relevantly selected correspondencesover the total
numberofselectedcorrespondencesasinformula(5):

Precision
A R

A
=

∩
 (5)

Definition 2:Recallmeasurestheratioofrelevantlyselectedcorrespondencesoverthetotalnumber
ofrelevantcorrespondencesasinformula(6):

Recall
A R

R
=

∩
 (6)
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Definition 3:F-measureaggregatesprecisionandrecallevenlyasinformula(7):

F measure
precision recall

precision recall
− =

+
2 *

*  (7)

Experimental Results
In order to study the efficiency of DeepOM, the authors compare its results with the results7,8,9
of the new systems participant to the same matching challenge for the three most recent OAEI
campaigns.TheresultsoftheperformedevaluationaresummarizedinTable.1.Thebestscoresfor
eachevaluationmeasurearemarkedinbold.TheOAEIsystemswithwhichDeepOMiscompared
are:ATBox (Hertling&Paulheim,2020),OntoConnect (Chakraborty et al., 2020),ALOD2Vec
(Portisch&Paulheim,2020),FCAMap-KG(Changetal.,2019),DOME(Hertling&Paulheim,
2018),DESKMatcher(Monychetal.,2020),Holontology(Roussilleetal.,2018)andAGM(Lütke,
2019).StringEquivisabaselineofOAEIthatgeneratesalignmentbasingonexactstringmatching
ofconcepts’labels.TheyareclassifiedinTable1decreasinglyaccordingtotheirF-measureresults.

Astheaim,byDeepOM,istobothmaximizethematchingqualityandminimizethelarge-scale
matchingcomplexity,theauthorsevaluatetheproposedontologymatchingsystemattwostages.

1. Evaluate the Matching Quality
GraphsinFigure3outlinetheevaluationresultsintermsofthethreestandardevaluationmetrics
definedintheprecedentsub-section.

WecanseefromFigure3 that,1.DeepOMpresentsanexcellentprecisionscore(0.994). It
isamongthefivetoprankedsystemsofwhichthevaluesexceed0.99,andoutperformstheother
matchingsystemsintermsofprecision.2.Regardingrecall,DeepOMachievedagoodvalue(0.665).
Itpresents(withOntoConnect)thesecond-bestscoreafterATBoxwithaslightdifferenceof0.006,
andoutperformstheothersystems.3.ForF-measure,whichcombinesprecisionandrecallevenly,the
systemproposedinthisworkpresentsahighscore(0.797),greaterthanthebaseline(StringEquiv)
whichisbasedonnormalizedstringequivalence.DeepOMisamongthetopthreerankedsystems
thatexceed0.79.TheothermatchingsystemspresentcompetitiveresultsexceptingDESKMatcher,
HolontologyandAGM.

Table 1 Evaluation results for Anatomy’20 track
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2. Evaluate the Matching Complexity
As the authors really interest in reducing the matching complexity, they compare the matching
runtimerequiredbytheirsystemwiththeotherparticipantmatchingsystems.Figure4illustrates
thiscomparison.

WecanobservefromFigure4that,DeepOMperformstheontologymatchingprocessatshort
noticecomparingwiththeothermatchingsystems.Itisamongthe4systemsoutof9thatareableto
achievethematchingtaskinlessthan150seconds.TheseareDeepOM,ALOD2Vec,FCAMap-KG
andDOMEwhichhastheshortestruntime.

Experimental Summary
Accordingtothepreviousresults,wecanconcludethefollowing.AstheauthorsaimbyDeepOM
tobothincreasethematchingqualityanddecreasethematchingcomplexity,theyanalyseresultsof
F-measure,whichreflectstherealqualityofmatching,withrespecttothematchingruntime:

Figure 3 Evaluation results for OAEI-Anatomy track

Figure 4. Runtime analysis for OAEI-Anatomy track
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• The preliminary results of DeepOM are very promising. It has achieved a score of 0.8 for
F-measure,whichisaverygoodvaluefortheontologymatchingtaskatleastasastart.

• ComparingDeepOMwithdifferentmatchingsystemswhichhaveparticipated to theOAEI-
Anatomytrack,itoutperformsthemintermsofF-measure,excludingATBoxandOntoConnect.

• Asforthesetwosystems,DeepOMhasmatchingresultssimilartoOntoConnect.Theresultsof
ATBoxareabithigherbutwithaveryslightdifference(0.002).Regardingcomplexity,DeepOM
hastheshortestruntime.

The conducted evaluation of DeepOM demonstrates that, concepts’ embeddings using the
reference ontology and learning them with auto-encoder have improved the performance of the
ontologymatchingtask.Moreover,representingontologicalconceptsbynumericalvaluesinavector
spacehasefficientlysolvedthelarge-scaleontologymatchingproblem.

TheexperimentalresultsofDeepOMshowaverygoodmatchingperformanceatlowestcost.
Thismeansthattheauthorshaveachievedthetwoobjectivesofthissystem,whichareimproving
thematchingperformanceandreducingitscomplexity.Therefore,theyhaveeffectivelytackledthe
challengeoflarge-scaleontologymatching.

CONCLUSION

Theontologymatchingfieldismaturingwithenormousnumberofmatchingtechniques.However,
dealingwithlargeontologiesstillremainsakeychallenge.Theworkswhichdealwiththisproblem
arebasedonontologypartitioningwhich is also challenging. In thispaper, the authorspropose
DeepOM,alarge-scaleontologymatchingsystembasedondeeplearningtechniquestodealwith
thelarge-scaleheterogeneityproblemwithoutpartitioning.ThekeynoveltyofDeepOMistousea
referenceontologytocreatesemanticembeddingsforontologicalconcepts,whichareusedtotrain
anauto-encoderinordertolearnmoreaccurateandlessdimensionalrepresentationsforconcepts.

TheresultsofitsevaluationonlargeOAEIontologies,anditscomparisonwithontologymatching
systemsparticipanttothesametestcase,showthat,DeepOMoutperformstheontologymatching
baselinewithhighabilitytotacklethelarge-scaleproblem.Learningconcepts’embeddingsusing
auto-encoderiseffectiveformatchinglarge-scaleontologies,andallthematchingfactorsofDeepOM
arepositivetowardsimprovingtheontologymatchingquality.

Althoughtheexperimentalresultsofthisworkareveryencouraging,theauthorsaim,asfuture
work,atfilteringconceptsofthereferenceontology,andremovingitsisolatedanduselessconcepts
beforegeneratingthenewrepresentationsforinputontologies.TheyalsoplantotestDeepOMon
largerandmorehugeontologieswithmanyinstances.Inaddition,theyintendtodetaillyevaluateeach
stepofDeepOMseparately,andevaluatethegeneratedalignmentvaluesusingspecificevaluation
measuresdedicatedforsuchpurposes.
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