Sematic coordinationof hierartical
classi cationswith attributes

S. Sce er L. Serani S. Zanobini

Decenber 6, 2004



Contents

In tro duction

Hierarc hical classications with attributes

2.1 OVEIVIEW . . . it e e e e e
2.2 Formaldenition . .. ... .. ... . .. ... ..
2.3 Classication ... .. ... ... . .. .. .. e

A semantic metho d for schema coordination

3.1 The matching problem . . . . ... ... ... ... ........
3.2 Semariic methods . .. .. ... .. ... ... ... .. .....
3.3 Formalization of semariic methods . . . . . ... ... ... ...

The metho dology

4.1 Semaric explicitation . . . . ... ... ... ... ... ...,
411 Theproblem . ... ... ... .. ... ...
4.1.2 Knowledgefor semartic explicitation . . . . .. ... ...
4.1.3 Completeexample . . . ... ... ... ... .......
4.1.4 The algorithm . . . . ... ... ... ... . ... ...

4.2 Sematic comparison. . . . . . . . ...
421 Theproblem . ... ... ... .. ... ... ...
4,22 Completeexample . . . ... ... ... ... .......
4.2.3 Thealgorithm . ... ... ... ... ... ........

Discovering semantic relations between concepts

5.1 Introduction . . . . . . . . ...
5.2 Semariically relatedconcepts . . . . . ... ... ... ... ...
53 Thealgorithm . . . . . . ... ...
5.4 Sometheoretical remarks . . . ... ... o oL

CtxMatc h 2

6.1 Algorithm and data structures . . . . ... ... ... ......
6.2 Parsetreebuilding . ... ... ... ... .. . .
6.3 Semartic enrichment . . . . . ... ... ... L.
6.4 Semaric ltering . . . .. ... ... ...



6.5 Choosingan interpretation . . . . ... ... ... ... ... .. 64

6.6 Composingthemeaning . . . . .. ... .. .. ... ....... 67
7 Implemen tation 73
7.1 Processow andtechnologies . . . . ... ... ... ....... 73
7.2 Javacomponernts . . . . . . . e e e 77
8 Running example 83
9 Related works 93
10 Future works 97
11 Conclusions 104
Bibliograph vy 106



Chapter 1

In tro duction

In this paper, our purposeis to improve the CtxMa tch algorithm (i) in the
type of the schemas considered, (i) in the way we make the meaning of the
elemerns explicit and (iii) in the way we retrieve information from knowledge
bases.

Firstly, we extend the methodology to hierarchical classi cations with at-
tributes. Intuitiv ely, ead elemen of a schema can be assaiated with a set of
attributes which specify the featuresthat the objects classi ed under that ele-
ment must own. For example, it could be required for all the imagesunder the
nodes Images to specify their format, if they are multi{colored or black{and{
white, the corresponding subject and the place where they have been taken.
Note that attributes delineate the meaning of the nodes. For example, the
node Mountain on the left would represent “imagesof a given format in multi{
or black{and{white colors whosesubject is Tuscan mountains and which have
beentakenin a certain place'. Moreover, the selectionof a precisevalue for eath
attribute further restricts the node meaning. For example,it may become’large
multi{colored imagesof Tuscanmountains takenin Florence', where ‘large' rep-
resernts the image format.

The secondimprovemert we presert is the useof a di erent formal language
to represen the meaning of the nodes. CtxMa tch was essetially basedon
propositional logic. Therefore, the actual intepretation of the node Mountain
on the left was ‘imagesand Tuscary and mountain’. The dierent concepts
were simply connectedby the operator of conjunction. In this thesis, we discuss
the possibility of fully exploiting the expressie power of Description Logic to
formalize the meaning of the nodes. In fact, we employ DL roles and the
corresponding constructors in order to semartically connectthe schemaconcepts
which are involved in the meaningof a certain elemen. Intuitiv ely, we expect to
interpret the node Mountain on the left as ‘imagesabout mountains located in
Tuscary', where "about' and “located' represen the roles betweenthe concepts
‘images'and ‘'mourntains' and between ‘mourtains' and “Tuscary', respectively.

The needof relating elemens has motivated the third innovation preserted
in this thesis,i.e. a methodology for drawing possiblesematic relations between



conceptsfrom existing knowledge bases. For example, given the two concepts
“photo’ and “'mountain’, we aim at deriving that a "photo’ may showa ‘mourtain'
or that the “photo’ could have been taken on a “'mountain’ top. In particular, we
have developed a method to extract complexrelations from ontologiesexpressed
in the Description Logic (or equivalent) language.

The paper is organizedasfollows: Chapter 2 de nes the type of schemaswe
consider. Chapter 3 de nes the matching problem, introducesthe possibility
of solving it by meansof semartic methods and presens a notion of soundness
which aims at represetting a guideline for the evaluation of schema matching
techniques. Chapter 4 preserns our own methodology in the scope of semariic
methods and Chapter 5 illustrates our approad to the approximation of seman-
tic relations betweenconcepts. Chapter 6 intro ducesthe stepsof the algorithm
we apply to coordinate two given structures. Chapter 7 preseris the systemar-
chitecture and the implementation details of our prototypal application whose
tests on a simple caseare discussedin Chapter 8. Chapter 9 preserns the re-
lated works in the eld of semariic explicitation. Finally, Chapter 11 draws the
conclusionsof the whole work.



Chapter 2

Hierarc hical classi cations
with attributes

2.1 Overview

It would be a great advantage to be able to coordinate schemasin general,i.e.
with no regardsto any particular model instance. Anyway, semariic methods
needto considerthe purposeof the schemasthey analyzesincesud information
is usedto compute the meaning of the schema elemers. Indeed, although the
basic stepsof a semartic method (i.e. semartic explicitation and semaric com-
parison) are general,the way of performing them dependson the type of schema
and on the intended use. In this thesis, we focus on hierarchical classi cations
with attributes. Their practical purposeis to classify objects (e.g. documerts)
accordingto their topic.

Hierarchical classi cations are one of the most widely spreadmodels of data.
For example, le systems,web open directories (e.g. Google™ and Yahoo!™ )
and most of the electronic catalogs for B2B and B2C commerceare hierarar-
chical classi cations. Moreover, someof the most important standards for the
classi cation of products and servicesas Unspsc[14], ECI@ss[3], Kompass [4]
and Naics [7] are based on hierarchical schemas. Attributes are not largely
consideredin such real casesyet. Indeed, as far as we know, ECI@ssis the
only categorization system which usesa standardized set of attributes (SSA,
i.e. Standard Set Of Attributes). For example,it identi es the following basic
set of attributes for the category telecommunica tion devices (code 19-06-
92-90): Article numbker, EAN code, Manufacturer's name, Product name and
Product type description.

Furthermore, hierarchical classi cations are tree schemas essetially, thus
represering avery generalmodel of data sincemany other schemascan be easily
corverted to such a model. Relational schemasare examplesof tree schemas
wherenodesact astables, columns, user{de ned types,etc. XML schemaswith
no shared elemens can be also turned to tree schemas: tree nodes represen



XML elemens and attributes . Anyway, tree schemasdo not represen the
most general model employed in real cases. Indeed, they cannot share sub{
structures or have referertial constraints and there is no way of reducing such
properties to the available features of the tree schemag.

Hierarchical classi cations are schemasused for grouping objects into cat-
egories. They are tree schemas, where nodes represen categoriesdescribing,
in someway, the objects they corntain. Dierent kinds of objects can be cat-
egorized: for example, tuples if schemasdescribe relational databases, les if
schemasare le systems,imagesif we are dealing with photography repositories
or documernts in the caseof digital archives. Nodescan be assa&iated with sets
of attributes. Attributes indicate the featureswhich are required for the objects
in order to be classi ed under the node. For example,we could require that eat
imageis assiated with its sizeand with its colorsor that ead le species its
dimension and its extension, etc.

In hierarchical classi cations, nodesare labeledwith natural languagestate-
ments which are composed of words and, possibly, separators between them.
They are taken from a wide variety of linguistic expressionsand can be single
commonwords (e.g. “seaside'and ‘'mourtain’), noun phrases(e.g. ‘last minute
o ers') and expressionscortaining conjunctions (e.g. ‘insuranceand lost bag-
gage'). More complex formulae can be composedof prepositional phrases,verb
phrasesand punctuations. Unfortunately, natural languagestrings are not the
only expressionswhich are used to tag schemas. Indeed, users often prefer
acronyms, abbreviations and compact notations to identify (complex) concepts.
Futhermore, the range of possible values of compact notations is unlimited in
practice. By looking through schemasof product classi cations and ontologies,
we can easily meet expressionsas "Public-Compary', "CMU _Publication _Entry’
and “BomberPlane®, where words are separatedby special characters and cap-
ital letters.

Each node can be assiated to a conceptwhich is derived by analyzing the
labels during the browsing of the schemafrom the root node to the node under
exam. Intuitiv ely, an object is classi ed under a certain node, if it is atout the
conceptwhich is represerted by that node*. An examplewill help to clarify the
situation.

Figure 2.1 shows a hierarchy which is usedby a travel agencyto classify its
vacation o ers and the servicesit makes available for customers. The agency
has identi ed six dierent categorieswhich are represened by the six nodes:
Vacations , Reports, Last minute offers , Insurance andlost baggage Seaside
and Mountain. Sud nodesare arranged into a schema, and the category they
represen is given by the analysisof the path from the root to the nodeitself. For
example,the root node Vacations contains documerts atout “holidays' and the
node Reports contains documerts concerning ‘reports of past vacations'. The

1seeMadhavan, Bernstein et al. [34] for an example of conversion.

2A possible generalization of tree schemasin order to consider these prop erties is presented
in Madhavan, Bernstein et al. [34].

3Taken from the ontology library of the DAML site [2].

4This intuition will be formalized in Section 3.3.
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Figure 2.1: A Hierarchical Classi cation with Attributes

same for the other nodes: Last minute offers for ‘last minute o ers of va-
cations', Insurance and lost baggage for proposals of “insurance policies for
vacations', Seaside and Mountain for “last minute o ers for seasidedestina-
tions' and “last minute o ers for mountain destinations', respectively. We also
expect that all the documerts in the node Vacations specify one value for the
attribute location in the respective range, i.e. Country. Its value is supposed
to expressthe courtry where the vacation takes place. In other words, the
node Vacations corntains documerts about ‘o ers of holidays to be spert in
a given courtry'. The same consideration holds for the nodes Reports and
Insurance and lost baggage Similarly, documerts in the node Last minute
offers should specify a value for the attribute location in the range Country
and a value for the attribute departure in the range Date. The attribute dear-
ture is supposedto indicate the departure date of the holiday. Moreover, such
documerts are assaiated to one of the speci ed values(namely, 100$,500%and
1000%)in order to indicate the o er price, represened by the attribute price.

2.2 Formal de nition

In this section, we intro duce the notions of hierarchical classi cation, attribute
and hierarchical classi cation with attributes. The corresponding de nitions will
refer to the whole set of non{empty strings composedof generaland commonly
used expressionswith the notation N L.

De nition 1 (Hierarc hical classication) A hierarchical classi cation (CH)
is a triple H = hK; E;labi, wher hK; Ei is a nite rooted tree and lab : K !
N L is a function that tags each node with a string in N L.

A hierarchical classi cation is simply a tree where eac node is labeled with
a natural languagestring (or in generalwith an identifying expression).



De nition 2 (A ttribute) An attribute is a pair a = hd; Fi, wher id is a
string in NL and F is either the empty set, ;, or a string in NL, F,, or a set
of stringsin NL, F¢.

An attribute a = hd; Fi is a pair of elemens. The former represetts the
attribute name, while the latter is the attribute | ler. The ller can express
either the generic | ler range F,, i.e. the type of the ller, or the de nite
| ler range F;, i.e. the possiblevalues of the ller. An attribute hasa name
necessarily but it canlack an explicit ller, i.e. F is the empty string.

Example 1 The following pairs representpossibleattributes:

a; = Hhocation, Countryi;

a, = hdeprture, Datei;

az = hdeprture, ;i ;

a4 = hprice, 100, 5006, 1000g;i.

The attribute namesare “location’, “departure' and “price’, resgectively. The
rst attribute indicates "Country’ as | ler range. Intuitively, we are asserting
that the location must be speci e d in terms of a country. Similarly, the second
caseindicates that the | ler of the attribute departure® must be a date. In the
third case, the | ler is empty meaning that no specic type of | ler is required
for this attribute. In the last case, the | ler is expressé by its possiblevalues.
Therefore, the price is forced to assumeone of the speci e d values, namely,
100% 500%or 1000%

We now de ne hierarchical classifcationwith attributes as CH where nodes
can be assaiated with setsof attributes.

De nition 3 (Hierarc hical classi cation with attributes) LetA

be a set of attributes. A hierarchical classi cation with attributes (ACH) is a
4-tuple H = K ;E;att;labi, where hKK;Ei is a nite rooted tree, att : K | 24
is a function from the set of nodesto a (possibly empty) set of attributes, and
lab: K I NL is afunction that tags each node with a string in N L.

A hierarchical classi cation with attributes is a rooted tree, where ead node
k is assaiated with a label, lab(k), and with a set of attributes, att(k). att(k),
for a given node k, may be the empty set, i.e. k has no attributes. If att(k) is
the empty set for eadh k in K, the ACH becomesa hierarchical classi cation
(CH). Note that we allow attributes to be attached to the nodesof the structure
at ead level.

5In the following, we will refer to an attribute hid; Fi with the corresponding name, i.e. id,
where no ambiguit y exists about the attribute we are considering.



Example 2 Figure 2.1 representsan ACH with 6 nodes, namely, ko, K1, ka2,
ks, k4, ks. The nodesare connected by means of edgesresulting in a tree. kg is
the root node and k1, ks, ks, ks are called leaves ks is said to be a child of ky
which converselyrepresentsits parent. Each nodein a hierarchy has one parent
(except for the root node which has no parents). Both ko and k, are said to be
ancestorsof the node k3. All of them belong to the same E{path. Similarly,
this can be said for all the other nodesand for all the other paths.

The lab function applied to the nodes of the ACH returns the following
strings:

lab(ko) = Vacations

lab(k1) = Reports

lab(k,) = Last minute o ers

lab(ks) = Seaside

lab(ks4) = Mountain

lab(ks) = Insurance and lost baggage

Consider the set of attributes A de ned in Example 1. The att function
applied to the ACH nodesreturns the following sets of attributes:

att (ko) = fhlocation, Countryig

att(kq) = ;

att (kp) = fhdeparture, Datei, hprice, f 1005, 5005, 1000$gig
att(ks) = ;

att(kq) = ;

att(ks) = ;

ko and k, are the only nodes which are provided with a non{empty set of
attributes.

2.3 Classi cation

In this section, we provide a formal de nition of the notion of classi cation of
a set of objects in a certain ACH. We allow an object to be classi ed under one
node of the structure only. All the nodesof the schemacan contain objects and
attributes are inherited by all the descendats of the node to which they are
attached.

De nition 4 (A CH Classication) A classication of a set of objects D in
an ACH H = HK;E;att;labi is a pair h; i, where :D ! K is a partial
function from the set of objects to the set of nodesand : D A! NL is
a partial function from pairs object{attribute, d 2 D and a 2 A, to strings in
NL. s dened asfollows: if (d) = k and a= hd; Fi is an attribute of k,
a2 att(k), or of an ancestork® of k, a 2 att(k9, then:

V2Ff ifFZFf;

(d:a) = s2 NL otherwise



[ Vacations [ di |
[ Tocation | Ttaly |

Last minute offers
[Reports | d» | depar tur e :g;uraggggaagr;d da
(Tocation | Spain_| Ipcr)(l:gfion location ltaly |
Seaside Mountain ds
depar tur e depar tur e | 12 Dec 2004
price price 1000%
location location USA

Figure 2.2: Classi cation of a set of objects in an ACH

A classi cation classi es a set of objects under the nodesof an ACH. Note
that it is not required that ead object in D is placedin a node (i.e. the function
is partial). This correspondsto the intuition that a certain ACH is not right
for classifying any kind of object. Each object in an ACH is also required to
specify a value for ead ller of a set of attributes established by the ACH.
In particular, for ead object in the ACH, a value must be specied for eath
attribute attached either to the node k where it is classi ed or to an ancestor
of k. If the attribute doesnot specify the ller (i.e. F = ;) orif it species its
rangetypeonly (i.e. F = F;), the attribute value can be a genericnon{empty
string, whereasit must be a value in F;, if the possiblevaluesof the ller are
explicit.

Example 3 Supmse we have a set of documents D = fdi;d,;ds;dsg to be
classi ed in the ACH of Figure 2.1, where:

d; is a generico er of vaation in Italy by the travel agency;
d, is a report of a past vaation in Spain;

ds is a last minute o er for a vaation on the USA mountains; the depar-
ture date is set on the 12" of December and its price is 10008;

d4 is a possibleinsurance policy for holidaysin Italy.

Figure 2.2 representsa possibleclassi cation of D. Intuitively, each docu-
ment will be classi ed under the node best representingits topic. In this case,
d; is placd into the node Vacations because it is an holiday oer, d; into
the node Reports becauseit is a report of a past vaation, etc. Note that if
d; were a last minute o er of an holiday, it would be classi ed into the node
Last minute offers which best representsthat category. Formally, is de ned
as follows:

10



(d1) = ko

(d2) = k1
(d3) = Ka
(dg) = ks

Each documentis assaiated to a set of attribute valuesaccording to its posi-
tion in the hierarchy. For example,the | ler valueof d; for the attribute location
is “ltaly' (which we assumeto be a country, since “Country' representsthe type
of the I ler®). In fact, d; is an holiday o er in Italy. The document ds speci es
the value for the attribute location because Mountain (i.e. the node where d3 is
classi ed) is a desendant of Vacations and for the attributes departure and
price becauseit is a desendant of Last minute offers . Similar considerations
hold for d, and ds. Formally:

(di; &) = ltaly

(d2;a1) = Spain
(ds;a1) = USA
(dg; ) = ltaly

(ds;a2) = 12 Dec 2004
(ds;aq) = 10006

For all the other pairs document{attribute, is unde ned.

6This intuition will be formalized in Section 3.3.

11



Chapter 3

A semantic metho d for
schema coordination

3.1 The matc hing problem

Schema matching is an operation relating certain elemens of a schema S; to
certain elemens of a schema$S,. The semariics of the relations® dependson the
particular instance of the problem, i.e. the causefor which schema matching
is required. Generally, the mapping elemens we expect to determine between
two schemasof classi cation are relations between the content of the schema
elemerns. Indeed, when dealing with classi cation schemaswe are usually in-
terestedin the objects they contain and not in the schemasper se
Consider the ACH of Figure 2.1, H;, and the one of Figure 3.1, H,. Hi
represens a classi cation structure which can be used, say, by a travel agency
whereaswe may imagine H , to categorizethe cortract proposalsof an insurance
agency The travel agencyis not involvedin the insurancebusinessand it is not
interested in managing policies directly. Howewer, it may want to provide its
clients with possibleo ers of insurancecortracts for their holidays. Thus, in the
context of a partnership betweenthe two agenciesthe former decidesto import
the policy o ers of the latter. Obviously, the travel agencydoesnot needall the
possiblecortracts of the insuranceagencybut only thosewhich dealwith holiday
everts (in a certain courtry). The automatic identi cation of the parts of H,
containing documerts which are relevant for the travel agencyand which canbe
reasonablyimported in its classi cation categoriescan be viewed as a problem
of schemamatching. So, for example, we expect that the matching function is
able to recognizethat all the documerts which are classi ed in the node Italy
of H, can be also classi ed in the node Insurance and lost baggage of H1,
i.e. the relation betweenthe node Insurance and lost baggageof H; and the
node Italy of H, is more geneal than. In fact, we supposethat the former

1Rahm and Bernstein [40] discuss a set of possible expression values which have been used
in literature.

12
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Figure 3.1: Classi cation structure for insurance policies

contains proposalsof insurance policies for holidays in a given courtry 2, while
the latter contains proposalsof insurancepoliciesfor honeymoonsspert in Italy.
Given that a honeymaon is a vacation, we can derive that ead cortract for a
honeymaoon is also a possiblecortract for a vacation®, or better, for a particular
type of vacation.

We can formally de ne a mapping betweentwo hierarchical classi cations
with attributes asin the following:

De nition 5 (Mapping) A mappingM y, po betweentwo ACH, H = hK; E; att; labi
and HO = KK E%att®lab%, is a set of mapping elemers H;k%ri, where
k2K, k2K%ndr2f ; ; ;?2g.

A mapping is de ned asa set of set{theoretical relations* betweenthe nodes
of two ACH structures. Our claim is that the type of relations we are interested
in dependscritically on the useof the structure. Becauseof the fact that ACH
usersare concernedwith content classi cation (e.g. objects, documerts) and
not with abstract sthemas, and that they are primarily interested in nding
objects/documerts, we derive that the relevant relations are the set{theoretical
ones. We refer to thesekinds of mappings as pragmatic relations sincethey are
relations betweenthe content of schema elemeris.

Literature does not propose a uniform and general criterium for evaluat-
ing the soundnessof a mapping betweentwo classi cation schemas. Thus, we
intro duce a notion of soundnesswhich can be assumedas guideline in the per-
formance evaluation of matching methods of classi cation schemas.

ZNote that when a node label contains the “and' conjunction (e.g. ‘insurance and lost
baggage'), we usually mean that, in the node, we can nd elements about both the subjects
(insurance' and ‘lost baggage') mentioned in the label. Thus, from a logical point of view,
the “and' conjunction corresponds to the or operator.

3But not vice-versa: not all the contracts related to vacations can be tailored to honey-
moons.

4m?n must be interpreted asm\ n = ;, where m and n are two sets.

13



In the following de nition, we will usethe notation (k) to indicate the set
of objects classi ed in the node k of a given ACH H by a classi cation function
h; i of a setof objectsD, i.e. (k)=fd2 D j (d) = kg. Moreover, we
will usethe notation  (k#) to denote the objects classi ed under the subtree
rooted at k. Formally, let k#= fk°2 K j k%= k or k%is a descendantof kg be
the set of nodesin the subtreerooted at k, then  (k#) = 0, (K9.

De nition 6 (Soundness of a mapping) Leth; iandh® G be

two classi cations of a set of objects D in two ACH H and H° respctively.
A mappingM g, o is soundwith resgctto h; i andh % 9 if the following
conditions hold for each mapping elementhk; k% ri 2 M 1 o:

if ris then (k) o(k%);

if ris then (k# o(k9);

ifris then (k)  ok¥ and (k#)  o(K9):
if ris? then (K)\ ok = ;.

Mappings have to represen relations existing between sets of objects con-
tained in the sthemas. Consequetly, a mapping is consideredsound with re-
spect to a classi cation if it identi es the correct set{theoretical relations be-
tween the elemerns of the structures we examine. Moreover, the de nition
considersthe way objects are usually classi ed. Take the ACH H; rooted at
Vacations and a single{node ACH, Vacations . The documerts classi ed in
the node Last minute offers of H; would be probably classi ed in the node
Vacations of the single{node ACH. Thus, when considering, for example, the
mapping elemen hk; k% i , we require that the set of objects in k is contained
in k®and possiblyin its descendats. Now, considerthe relation of equality (i.e.

) and a corresponding mapping elemert, hk;k% i . In this case,we would be
tempted to require the equality of the objects cortained in the sub{trees rooted
at the nodesk and k° but it would not be a good notion of soundness.Con-
sider the two above mentioned ACH. An object which is classi ed under the
node Insurance andlost baggage of H; would not be probably classied in
any node of the single{node ACH. The causeresidesin the fact that hierarchical
classi cations are not taxonomies where eat object can be reasonably moved
up in the hierarchy oncethe corresponding node hasbeenremoved. Dual consid-
erations hold for the condition of soundnessof a mapping elemert as hk; k% ?i .
Consider, for example, the ACH H; and H, and the two corresponding root
nodes. Probably, a node would not cortain any object classi ed in the other
one and vice versa, anyway we have already said that the two structures could
sharepart of their content.

We can thus state that the goal of a matching problem isto nd a sound
mapping betweentwo schemaspossibly maximizing the number of the mapping
elemers identi ed.

14



3.2 Semantic metho ds

We have debatedthat mappingsrelating classi cation structures are meaningful
if they have a pragmatic value. In order to nd relations between sets of ob-
jects, we would needto ched the instancescontained in the two given schemas.
Obviously, we could not tackle the problem exhaustively (i.e by consideringall
the possibleobjects of the universewhich can be classi ed in the schemas)since
it would result in an undecidable computation. Howewer, in literature there
are someapproacheswhich usemachine learning techniquesto nd mappings°.
Machine learning techniquesare basedon induction sincethey essetially try to
deducethe potential cortent of a node from a set of training example$. The
main drawbadk of these systemsis that they require a relevant set of classi ed
objects to work properly. Unfortunately, this is not always the caseand in some
situations we canalso nd schemaswith no available content. Furthermore, note
that consideringthe actual content of schemaelemerns (without any mecanism
of induction) would not generategood answers for a matching method. In fact,
we could not discriminate betweensomeset{theoretical relations. For example,
if the nodesinsurance and lost baggageof H; and the node Italy of H, con-
tained one documert only concerning, sa, ‘insurance policies for honeymaoons
in Italy’, we would derive that the two nodes are equivalent But this result
would have a cortingent value only: it could not be true if we had somefurther
documerts. Similar casesoccur when two nodeslying in very di erent schemas
are both empty, and when two nodeslying in the identical position of identical
schemascontain di erent setsof documerts.

Therefore, we needto nd an alternativ e way of tackling the matching prob-
lem. One possibility is to simulate the human way of acting. In order to analyze
the human behaviour in caseof a matching problem, we can simply look at the
processwhich has led us to infer the relation more geneal than between the
node Insurance and lost baggageand the node Italy . We have rst assi-
ated a meaningto the two nodesand we have then derived the relation existing
betweensud interpretations (we call the relation betweenthe meaning of two
nodes semantic relation). Finally, we have directly derived the pragmatic rela-
tion from the semariic one.

Actually, there are three basic(and implicit) assumptionswhich support and
validate sud derivation”’:

1. our interpretation of the schemasis the sameasthe user (or the machine)
which has classi ed the objects (i.e. the classi er);

2. all the objects of the universewhich can be classi ed in the schemasare
e ectiv ely classi ed under them;

3. objects are classi ed accordingto a precisecriterium:

5See, for example, Doan, Madhavan et al. [25].

6Actually , they predict whether an instance d belongs to a category (node) k by training
a classi er with positive and negative examples of instances belonging to k.

"Section 3.3 is devoted to formalize these aspects.
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(a) eadt object d is assaiated to a meaning, (d) (i.e. its topic);

(b) ead node k is assaiated to an interpretation, | (k) (i.e. the topic it
classi es);

(c) ead object is classi ed under a certain node f its topic is semarically
related to the meaning of the node.

It is quite intuitiv e that relations between the meaning of the nodes do
not match relations betweentheir cortents if our interpretation of the nodesis
di erent from the one of the classi er (condition 1) or if objects are classi ed
casually(condition 3). Indeed, if the meaningwe have givento anodeis di erent
from the way the classi er intends it, we cannot expect that what we would
classifyin that node is the sameasits actual content. Moreover, any deduction
about the content of a node is tricky if the classi er puts a certain object in a
node whose category does not represeit the topic of the object. Finally, when
considering semartic relations, we implicitly refer to the potential content of
schema elemernts (condition 2) since we do not explore what they e ectiv ely
cortain.

Assumingthe validity of such a process,the problemof matching hierarchical
classi cations can be reduced to the problem of computing semantic relations
between the meaning of their elements Our approad to the matching problem
is basedon this process,which we summarizein the following two steps:

Semantic explicitation: its goal is to build a formal represenation of the
meaning of the nodes of a given ACH. For example, it assignsa formal
represertation | (k) (i.e. “insurancepolicies and lost baggagefor holidays
in a given courtry’) to the node k, Insurance and lost baggage and
a formal represenation | (k9 (i.e. ‘insurancepolicies for honeymoons in
Italy’) to the node k° Italy

Semantic comparison: its goal is to deducethe semariic relation holding
betweentwo nodes,i.e. the logical relation betweentheir meanings. For
example,it canderive that the interpretation | (k) of the node Insurance
and lost baggage subsumesthe interpretation | (k9 of the node Italy
accordingto someavailable knowldge O, i.e. O F | (k9 v | (k).

Our assumptionis that we can then easily derive mappings from this analy-
sis’. Benerecetti, Bouquet et al. [21] de ne semantic methads those which are
characterized by the two steps mentioned.

In Algorithm 3.1, we present a top level represertation of our semartic
method of schemamatching.

CtxMa tch-2 takestwo hierarchical classi cations with attributes and pro-
ducesa mapping In steps1 and 2, it builds the meaning of the elemeris of
the two input schemas, H and H® This results in two structures, Hs and
H?, enriched with semarnic information and with the interpretations of the

8Section 3.3 presents and formalizes the manner.
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Algorithm 3.1 CtxMa tch-2 (H,H9
. ACH: H = hK;E;att;labi; HO= hK % E%att % labC
V arDeclarations
semartic ACH: Hs, H?
semartic relation: rs
pragmatic relation: rp
mapping: M g, wo
Hs  semantic{explicit ation (H);
H?  semantic{explicit ation (H9;
for ead pair of nodesk 2 K; k%2 K°do
rs semantic{comp arison (Hs; H; k; k9);
o conversion (rs);
My Ho MH!Ho[fhk;kO;rpig;
Return M 4, Ho;

NO OB~ WN P

corresponding nodes. We call these structures semantic ACH . In steps 4{6,
CtxMa tch-2 comparesead pair of nodes of the two schemas and deduces
the corresponding semantic relation. The semartic relation is then turned into
a pragmatic relation (step 5) which is nally stored in the mapping variable
M 41 no (Step 6). The way semantic relations are turned into pragmatic rela-
tions is explainedin the next section formally. Intuitiv ely, ead set{theoretical
relation is simply mapped onto the corresponding logical relation (if the mean-
ing of a node k subsumeshe meaningof a node k®then CtxMa tch-2 produces
the mapping elemen hk; k% i , if the meaningof a node k is equal to the mean-
ing of a node k°then it producesthe mapping elemen hk; k% i , etc.). Finally,
step 7 returns the result of the process.

3.3 Formalization of semantic metho ds

In the previous section, we have provided the intuition of what a semaric
method is and the way it works to discover mappings between schemas. We
are now going to formalize the notions it is basedon and the conditions which
guarartee its soundness.

Initially , we formalize the concept of topic of a certain object d and of inter-
pretation of a certain node k. Both de nitions require the notion of ontology.
Ontologiesrepresen the knowledgeof usersabout the world and the fundamen-
tal elemer of any semartic method. Indeed, they provide both the information
usedby the semariic explicitation processto interpret schemaelemerns and the
badkground knowledge neededto compare nodes semariically 1°. Essetrially,
ontologies are setsof assertionsde ned on real world concepts.

9They will be formalized in Section 6.1.
10Wwe investigate these topics in the next chapter.
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De nition 7 (Ontology) An ontology O = hIBox; ABoxi is a knowledge
base of a Description Logic, where TBox is a set of terminological axioms and
ABox a set of factual axioms. They are de ned on a set of concept namesNc¢,
role namesNg and individual namesN, .

In the following, we will referto the setof all the possibleconceptsof a given
ontology O as C and to the set of all the possiblerolesasR.

We de ne the topic of an object d as the concept which best represetts
either the object itself or the subject it refersto (e.g. in caseof documernts,
descriptions, images).

De nition 8 (T opic) The topic of a setof objects D is a function o :D! C
relating each object to a (complex) concept of a reference ontology O.

Note that an object may be assaiated to many di erent topics generally
For example, this thesis could be classi ed as “semairtic interoperability’ or as
“ortology integration' or as “schema matching', etc. Anyway, we require that
only one subject is chosen,i.e. the most identifying.

We de ne asinterpretation of an ACH node k the categoryit represers. It
is identi ed by an ontological concept.

De nition 9 (No de interpretation)  The interpretation of a node k of an
ACH H = KK;E;att;labi is a function 15 : K I C relating each node to a
(complex) concept of a reference ontology O.

Note that there is not the right interpretation of a certain node but di erent
interpretations can be equally reasonablein the referencecontext. For example,
a user could refer to the node Insurance and lost baggageof H; as insurance
policies for vacations', while another user as “insurance policies stipulated on
vacation'. A user could interpret the node Vacations (of the sameACH) as
“the time dewoted to rest or pleasure’, while another user as "the act of making
something legally void', etc.

We also use the notion of interpretation to denote the meaning of a non{
empty string??. A string can be interpreted either asa conceptor asa role of a
certain ontology.

De nition 10 (String interpretation)  The interpretation of a string s 2
NL isafunction o :NL! fC[ Rg relating each non{empty string either to
a (complex) concept or to a (complex) role of a reference ontology O.

Note that both in the caseof the topic and of the interpretation, there is
no way to prevert dummy assignmets, i.e. we are not able to guarartee that
the topic we ass@iate to an object is reasonableor that a schema elemen or
a string are interpreted correctly. The only possible condition we can impose

11we use the same notation since the function we are referring to is determined by the
corresponding domain. Hence, no ambiguity is possible.
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is that they are validated by a human being. Howewer, the problem is quite
generaland commonto semartic theories basedon formal logic'?.

Finally, weintro ducethe notion of well{formed classi cation. In the previous
section, we have stated that objects must be classi ed accordingto a precise
criterium in order to support and validate the implicit derivation of pragmatic
relations from semaric ones(seecondition 3 in the previous section). In the
following de nition, we are going to formalize such conditions which represen
the usual human behaviour when classifying objects into an ACH.

De nition 11 (W ell{formed classication) A classication h; i of a set
of objects D in an ACH H = hK; E;att;labi is well{formed with respect to an
ontology O, to an interpretation | o andto atopic o if the following conditions
hold for each d 2 D, for eachk 2 K, for eacha = hd; Fi 2 A and for each
s2 NL:

if (d;a)=sandF = F; thenlg(s)Vv |o(F;);
if (d;a)=sthenOfE o(d)Vv 9lo(id):lo(s);
if k= (dthenOF o(d)v Io(k);

if k= (d) then thereis no k°2 K suchthat O F o(d) v 1o(k% and
OF lo(k) v Io(Kk);

if thereis anodek®2 K suchthat O F o (d) v 1 o(k% thend is classi ed
in H.

The rst two conditions deal with attributes. The former assertsthat if an
attribute is specied in terms of its | ler type, the corresponding value must
represen one of its possibleinstances. The condition prevents from assigning
attribute values casually. So, we require that the interpretation of a value of
the attribute a; in Example 1 is a Country(e.g. Italy, USA, France) intended as
conceptof a certain ontology. The latter guaranteesthat the topic of eat ob-
ject speci es a value for ead attribute characterizing it. For example,the topic
of the documert d; in Example 3 must expressthe fact that the holiday it refers
to will be spert in Italy. The third condition prevernts from classifying docu-
mernts blindly. It is stated that the topic of an object must be subsumedby the
interpretation of the node whereiit is classi ed. It preverts, for example, from
classifying an image of a landscape in the node Insurance and lost baggage
The fourth condition represens the principle of speci city : an object must be
classi ed in the node whoseinterpretation is the most speci ¢ amongthose sub-
suming the topic of the object. Note that in taxonomies this condition implies
that objects are pushed down in the structure. In fact, a strong assumption
about taxonomies is that objects under a certain node can be classi ed also
under its ancestors,i.e. the ancestorsof eat node subsumeits meaning. Un-
fortunately, hierarchical classi cations do not have this property. For example,

125eethe model{theoretic argument discussed by the philosopher H.Putnam [39] and the
discourse in Benerecetti, Bouquet et al. [21].
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consider the nodes Insurance and lost baggage and Reports of H;. They
classify “insurancepolicies for holidays' and ‘reports of spert vacations' respec-
tively, but Insuranceand Report are not Vacation which is the interpretation of
their parent: they are simply related to Vacation Finally, the fth condition
is quite trivial: it simply states that all the objects which can be potentially
classi ed in the structure must be e ectiv ely classi ed in it. This condition is
necessarysince in a classi cation is partial, thus allowing objects not to be
put in a structure.

Once we have de ned the basic notions of a semartic method and we have
determined the conditions which make a classi cation well-formed, it is quite
intuitiv e to formalize the soundnessof a semarnic method. Note that we have
already addressedthe topic in the previous section by providing the intuitiv e
conditions which allow to derive mappings from semartic relations correctly.

We usethe notion of node interpretation with respect to two ACH H and
Hlaslo :fK [ K%! C whereK 2 H and K°2 H° Moreover, we usethe
notion of well{fformed classi cation hh; 49;h ; Y of a set of objects D in two
ACH H and H? with respect to an ontology O, to a node interpretation | o
(with respectto H and HY% and to a topic o, whereh; i is a well{fformed
classi cation of D in H and h % 9 is a well{formed classi cation of D in H®.

Prop osition 1 Let! be a semantic methad based on an ontology O, and on
the interpretation | o, of two ACH H and H® ! is sound with resgct to a
well{fformed classi cation hh; 9;h ; Yi of the whole universeof objects D in
H and H° (with respect to O and | ), if the following conditions hold:

O v O;
for eachk 2 H and k°2 HO 1 5(k) = 1o, (k) and | 5 (k% = 1o, (K9;

I derives mapping elementsfrom semantic relations according to Table

3.1
Semantic relation Mapping element
O Flo (K)V Io, (K9 h; KO, i
O Flo, (KwWlo, (K9 h; KO i
O Flo (k) 1o, (K9 h; kS i
O Flo (Kulg, (K9v ? hk; KO, 2i

Table 3.1: Mapping from semartic to pragmatic relations

The basic assumptions for a semaric method of schema matching to be
sound(i.e. the mapping it returns is sound) are that the classi cation are well{
formed (seecondition 3 in the previous section) and the objects they consider
represen the whole universe (see condition 2 in the previous section). These
conditions have been already debated in depth. More attention is required
for the oneswe have itemized in the above proposition. First, the knowledge
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baseused by the semartiic method must be subsumedby the one used by the
classier. In fact, ead inference processperformed by the semaric method
must be consistert with the reasoningof the classi er. Then, it is required that
the schema interpretation of the classi er is the sameas the semariic method
(seecondition 1 in the previous section). Finally, the semanic method must
derive mapping elemerts from sematrtic relations according to the conversion
table proposed. It is quite trivial since it assaiates the corresponding set{
theoretical to ead logical relation. Note that this transformation represerts
the mecdanism usedby the function conversion of Algorithm 3.1to translate
sematrtic relations into pragmatic ones.

The major problem residesin the necessiy to interpret the schemaelemerts
in the sameway asa human classi er. The most we cando is trying to simulate
the human behaviour and its capacity of overcoming the lack of semartics of
schemasby meansof its knowledge and experience. Anyway, the processmust
be led by the awarenessof the non{existence of a solution but of the need of
guessingand misinterpreting as every other user does.
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Chapter 4

The metho dology

4.1 Semantic explicitation
4.1.1 The problem

The rst step in matching schemas with semaric methods is to reveal the
implicit meaning of schema elemerns. Schemasdo not completely expressthe
semarics of the data they describe and much is left to the ability of the user
to exploit the extant information in order to build the actual meaning of the
nodes. We aim at deriving the meaning of the nodes of an ACH, in the same
way as a human being interprets the labels of the structure. In particular, we
proposea methodology to automatically build the conceptsapproximating the
implicit node meaning. In this thesis, we discussthe possibility of using a very
powerful logic framework as the Description Logic [20, 29, 19]. We expressthe
meaning of ead node as a conceptterm of a Description Logic de ned on the
set of conceptsand roles of a certain ontology. We usethe ALCO? fragmert
of the DL for what concernsconcept constructors, while the expressienessof
the rolesis limited by the necessiy of dealing with a decidableand manageable
language.

Consider, for example,the ACH of Figure 2.1. In Section 2.1, we preseried
our intuitiv e interpretation of the meaning of its nodes, i.e. of the category that
ead elemen in the structure represens. The goal of semartic explicitation is
both to try to achieve the sameresults of our reasoningand to expressthem in
DL. Figure 4.1 shows the desired outcome of the processwith referenceto suc
a sthema.

Each node k is assaiated to a conceptterm, | o(k), expressingthe node
interpr etation. Concept names,role namesand nominals usedin the formulae
are assumedto belong to the referenceontology O. Each of them represers
the interpretation of the words in the ACH labels and attributes. For example,
Vacationis the interpretation of the string “vacation' in the label of kg, location

10 allows named individuals, called nominals [29], to occur in concepts.
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ko : Vacation u 9location:Country

kz : LastMinuteO er u 9location:Countryu

K1+ Report u 9about:(Vacationu 9departure:Date u 9price:(f 100$gt

ks : (Insurancet (Baggageu 9state:Lost)) u

9location: Country) f5008gt f10008g) 9about:(Vacation u 9location:Country)
ks : LastMinuteO er u 9location:Country ks : LastMinuteO er u 9location:Country
u9 depature:Date u 9price:(f 100$gt u9 departure:Date u 9price:(f 100$gt
f500$g t f1000$g) u 9type:Seaside f500$g t f1000$g) u 9type:Mountain

Figure 4.1: The expected result of the semartic explicitation process



of “location' in the name of the attribute location of kg, etc. Rolesrepresen the
implicit relations betweenthe conceptsof the structure. For example, Report
and Vacation are assumedto be related by the role about (represering the
subject of the report), LastMinuteO er (here intended as “last minute o er of
vacation') and Seasideby type (represening the type of vacation, e.g. vacation
at the seaside,on mountain), etc. Concept names, role namesand nominals
are assenbled by meansof the concept constructors of conjunction, disjunction
and existertial restriction. For example, ko respresets those instanceswhich
belongto the conceptVacationand which have a location{successorof the type
Country, k; represerts instancesof Report which have an about{successorof the
type of the conceptrepreserted by the root node, etc.

4.1.2 Knowledge for semantic explicitation

In order to make the meaning of schema nodes explicit, we needto consider
di erent sourcesof information. The meaning of a node depends on its label
and on its attributes but also on its position in the classi cation hierarchy.
We refer to the information given by the node label and by its attributes as
local knowledge while we considerthe information provided by its vicinities as
contextual knowledge The analysis of node labels, which are natural language
strings, requires grammatical knowledge and lexical knowledge able to assaiate
words with their possiblemeanings. Furthermore, we needontological knowledge
to connectsemartically the di erent conceptswhich areinvolvedin the meaning
of the node in exam. The ontological knowledge is also the main support to
disambiguate the possiblemeaningsof a node and selectthe interpretation which
is the most likely in the context of the given structure. The next sub{sections
detail these sourcesof information.

Note that the semartic interpretation of a stchema strongly depends on the
knowledgeused. Usershaving di erent perceptionsand modelsof the world may
interpret the samestructure (or the samenatural languagesertence)in di erent
ways. Furthermore, even if ead user interacting with the ACH had the same
knowledge, it would not be guaranteed that the respective interpretations are
equal (seeSection 3.3).

Local and Contextual knowledge

Let us considerthe node Insurance and lost baggage of Figure 2.1 and the
corresponding intuitiv e interpretation (see Section 2.1). Local knowledge i.e.
the node label, informs us that we are dealing with “insurancepolicies'. On the
other hand, the fact that Insurance and lost baggageis a child of Vacations
makes us aware that we are not dealing with “life policies' or “car policies' but
with ‘“insurancepolicies related to vacations'.

The information which is provided by the vicinities of the node in examand
which is involved in its meaningis called contextual knowledge Our methodol-
ogy considersthe ACH path from the root node to k asthe context of a given
node k. We assumethat all the information which is neededto interpret k can
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be found in that part of the ACH. Formally, a node context can be de ned as
follows:

De nition 12 (No de context) LetH = hK;E;att;labi be an ACH and k 2
K one of its nodes. The context of k is the ACH Hy = K % E% att% lab’%, where
K? K contains exactly k and its ancestors, and all the other elementsare the
restriction of the correspnding component of H on K.

Howewver, we may also draw more information from a larger context. For
example, “vacations in a given courtry' does not represen the most precise
interpretation of the node Vacations of Figure 2.1. Actually, the presenceof
the child node Last minute offers a ects its meaning: we could alsointerpret
it as vacationsin a given courtry which are not last minute o ers'. This is due
to the principle of speci city discussedin Section 3.3 that pusheslast minute
o ers, which are also vacation o ers, down in the hierarchical classi cation.
Anyway, note that we are not wrong with the rst interpretation: we are simply
lessprecise. Other casesvhere out{of{con text nodesmay in uence the meaning
of a given node can be considered. Imagine, for example, the ACH in Figure
4.2

vacation

séa void theories

Figure 4.2: Context{tric ky ACH

If we focusedon the node sea only, we would be probably tempted to con-
sider “vacation' in its main meaning: ‘leisuretime away from work dewoted to
rest or pleasure'. Howewer, this interpretation disagreeswith the meaning of
the node void theories that would probably intend “vacation' as "the act of
making something legally void'. Thus, it is not clear whether we needeither to
presene both meaningsof “vacation' or to focus on the meaning of “vacation' in
the given context only.

We may solve the problem by considering di erent notions of context of
a given node. In Bouquet, Serani et al. [23], the context of a node k was
intuitiv ely de ned asthe nodeslying in the path from the root to k and all the
correponding children. Other notions can be imagined, till the extreme case
when the whole hierarchical structure is considered. For the sake of simplicity,
in this thesis we focus on the simplest notion of node context asin De nition
12.

Ontological knowledge

We have said so far that the context of a node cortributes to its meaning and
that the context is given by the nodeson its path. Unfortunately, such nodes
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are not semartically related in hierarchical classi cations (and in schemas,in
general). Indeed, the ACH edgesdoesnot represer relations betweenconcepts,
but simply relations between elemerns of the structure. However, if we want
to interpret a certain node, we needto link the conceptsrepresened by the
nodesin its context. For example, a user could refer to the node Insurance
and lost baggage of Figure 2.1 as ‘insurance policies about vacations', while
another as “insurance policies stipulated on vacation'. In the former casethe
nodesVacations and Insurance and lost baggagewould be related by means
of about, whereasin the secondcaseby means of stipulated on. Each user
will selectthe most appropriate and probable connection according to its own
sensibility. The user'ssensibility is mainly givenby its experienceand perception
of the world. Sud sensibility (at leastthe rational one) canbe consideredasthe
knowledgeof the userabout the world. We referto this knowledgeasontological
knowledge and it can be formalized with ontologies (seeDe nition 7).

We de ne the ability of a user (or machine) to choosethe most appropriate
and probable semartic connection betweentwo conceptsaccording to its own
knowledge as follows:

De nition 13 (Semantic Relation) Let SRo : C C! R be a partial
function from two concept terms of an ontology O to a possibly empty sequene
of role terms, R = hRy; Ry; :::; R,i of the sameontology. R representsa
semaric relation between the two input concepts.

The function SR takestwo conceptsas input and returns a sequenceof
roles. Intuitiv ely, the output is the sequenceof relations which is neededto go
from the rst input conceptto the secondby meansof conceptualreasoning. In
the previous examples,the conceptsinsuranceand Vacation were connectedby
the role about or stipulatedon (i.e. R is a single{elemern set). If we considered
the conceptsinsuranceand Seasidewe could say that the corresponding seman-
tic relation is the sequencecomposedby the elemers about and spending In
fact, we can think that Insuranceis about-related to Vacationswhich in turn is
spent-related to Seaside

The function is not de ned for a giveninput if the referenceontology cannot
provide a reasonablerelation betweenthe two terms. When it returns an empty
set, we meanthat the former input conceptis subsumedby the latter, i.e. they
are IsA-related.

In Chapter 5, we formalize the concept of semantic relation and we de ne
the function SR from an algorithmic point of view.

Lexical knowledge

Local and corntextual knowledgedeal with labelsand attributes which are natu-
ral languagestrings (i.e. words). On the other side, ontological knowledgedeals
with concepts. Now we needa bridge relating the spaceof words to the space
of ontological conceptsand roles. Suc knowledge is called lexical knowledge
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and it represerts the ability to assaiate a word? with its possiblemeanings(i.e.
concepts). We model lexical knowledge as a lexicon, which we formally de ne
as follows:

De nition 14 (Lexicon) The lexiconLg : Lemma POS! 2Cis a function
relating each lemma (with its part of speech) to a set of (atomic) concepts of a
given ontology O.

A lexicon is a function from lemmas(and the corresponding parts of speed)
to set of concepts,where lemmasand parts of speed have to be intended asin
the NLP domain®. We assumeto be able to recognizethe lemma and the part
of speet of a given word. Note that both the lemma and the part of speed
are corntext{dep enden, i.e they depend on the label and on the position in the
structure where they occur.

Example 4 Suppsethat we havethe string “sea vaations' and that W ord-

Net 4 is usel as lexicon. Moreover, suppse we are interestel in the lexical
knowledge concerning the word “vaations', whosecontext is given by the word
‘saa’. We can easily derive that the lemma of “vaations' is “vaation' and that
its part of speechin the givencontextis noun. The output of the lexicon function
is f Vacation#1 ; Vacation#2 g, wher the elementsof the set are the following
concepts:

1. Vacation#1 : leisure time away from work devotal to rest or pleasure;

2. Vacation#2 : the act of making somethinglegally void.

The ability to identify the actual meaning of a word in a given context is a
problem which is commonly referred to as word sensedisambiguation® in the
NL community. In the following, we will presert our methodology of word sense
disambiguation which is basedon the following two obsenations: (i) we identify
in the concatenation of the two words “sea'and “vacations' the concept holidays
spert at the seaside'and (i) we do not recognizeany reasonfor assaiating the
concept Vacation#2 with the possible meanings of ‘sea’' (the context of the
word “vacations'). Note that it is our ontological knowledge (actually, semantic
relations) which allows us to make suc kind of reasoning.

2Note that in natural language, we can also nd multifw ords, i.e. words composed by
multiple words to be considered as a single one. Some examples are: “north America', last
minute tour’, etc.

3Lemmas are the ‘standard' entries of a dictionary . For example, in English, we have the
singular form for nouns (so that, for example, “girls' and “girl' refer to the samelemma: “girl"),
the innite form for verbs (so that, for example, "going' and “went' refer to the same lemma:
‘to go'), etc.

4In all the examples in the thesis, we have used WordNet as lexicon. WordNet synsets
represent ontological concepts.

5SeeChapter 9 for a survey of the major approaches.
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Grammatical knowledge

ACH labels and attributes are usually composedby more than one word® (or
expression). The analysis of the conceptthey represern dependson the ability
to identify their atomic parts (as the words composing the statemert), and, for
ead atomic elemen, its part of speed (i.e. noun, adjective, adverb, verb. etc.),
its syntactical category (i.e. the dependencyoccurring with the other elemers,
e.g. it can be the subject of the phrase or the modi er of some subject) and
its lexicon. The elemens have to be subsequetly connected semarically in
order to derive the complex conceptthey represen. In other words, we needto
identify the grammatical structure of a phrase. This is a common problem in
NLP techniquesand it is usually solved by building a parse trees Formally, we
de ne a parsetree asin the following:

De nition 15 (Parse Tree) A parsetree P. = hN;Gi is a nite rooted tree.
Nodes are de ned as 5-tuples hWord; Lemma; SynCat; POS; Senses or as the
symiol @ Word is an expressionin N L whoselemma, Lemma, is an entry of
a lexicon Lo (= L). SynCat and POS are respectively the syntactical category
and the part of speech of Word in the given context, and Sensesds the output of
lexicon applied to Lemma and SynCat, Senses= L o (Lemma; SynCat).

Parsetrees are structures that point out the dependenciesbetweenthe ele-
mernts of a phraseor a string. Sud elemerts are represened by the parsetree
nodes and are single{ or multi{w ords. Each elemen is assciated with some
grammatical information and with its possiblemeanings.

Example 5 Let us consider the phrase 'sea vaations' of Example 4. We can
identify two words: “vaations' and ‘sea’. The respective lemmas are “vaation'

and ‘sea’. Due to the grammatical structure of the English/A merican language,
“vaation' is a noun (part of speech) and it representsthe phrase subject (syn-
tactical category), whereas “sa&' is an adjective (part of speech) which quali es

the subject (i.e. it is the modi er). The correspnding parse tree is representel
in Figure 4.3. The node which refersto “se’ is classi ed as child of “vaation'.

By accessingthe lexicon, it is possibleto consider the possibleword meanings:
“vaation' can denotethe concepts Vacation#1 and Vacation#2 , while “saa' can
denote the concept Sea#1l

Parsetrees will be further investigatedin Section6.2.

4.1.3 Complete example

We are now going to preseri a complete example which starts from a node of
a schema and createsthe corresponding concept term. In particular, we will
explorethe di erent phasesof the processby shonving what stepshuman beings

61n caseof compact notations, wecan also nd more words appearing asa single non{spaced
word (e.g. ‘BomberPlane' can be decomposedin ‘Bomber' and “Plane’, "Public Company' in
“Public' and “Company').
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w vacations
L vacation
SC Head
PS Noun
S Vacation#1
Vacation#2
W sea
L sea
SC Mo d
PS Adj
S Sea#l

Figure 4.3: Parsetree of the label “seavacations'

implicitly do when interpreting classi cation structures. Our methodology is a
simulation of such a processfor what concernsthe output of eat step. The
algorithms which lead to the intermediate results will be discussedin detail in
Chapter 6.

The node we will analyzein the rest of the sectionis Insurance and lost
baggageof Figure 2.1. Our goalis to useall the described sourcesof knowledge
to derive its meaning. We expect that the result of the processis a conceptterm
expressingthat the node concerns’insurancepolicies and lost baggagerelated
to vacations spert in a given country'.

Firstly , we focuson the part of the ACH which contains information which we
considerrelevant for the interpretation of the node meaning, i.e. the node con-
text. In this case,it is represerted both by the nodeInsurance and lost baggage
and by the root node, Vacations . Figure 4.4 shows the context of the node in
exam.

ko : Vacations
hlocation; Countr yi

ks : Insurance and lost baggage

Figure 4.4: Context of the node Insurance and lost baggage

The next step analyzesthe local meaning of eat node in the given context
by parsing the corresponding label and attributes. Figure 4.5 shows the parse
tree of the node Insurance andlost baggage We haveidenti ed two subjects,
‘insurance'and “baggage'(the symbol @ indicates that the corresponding chil-
dren are not dependen, i.e. they are coordinate terms) and “lost' asmodi er of
the latter.

Figure 4.6 shaws the parsetree of Vacations . It has vacation' asroot node
and “courtry' as modier. The modier represerts the ller of the attribute
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A

w insurance w baggage
L insurance L baggage
SC Head SC Head
PS Noun PS Noun
S S
w lost
L lost
SC Mod
PS Adj
S

Figure 4.5: Parsetree of the label “insuranceand lost baggage'

W vacation
L vacation

SC Head

PS Noun
S

w country
L country

SC Mod

PS Noun
S

Figure 4.6: Grammatical structure of Vacations
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location. A node attribute represerts something that quali es the concept ex-
pressedby that node. Therefore, we can considerits ller asa modier of the
label subject(s).

Note that the two structures identify the dependenciesamong the terms
of the nodes but they do not highlight the type of semaric relation existing
betweenthem.

Words do not actually represent concepts. Thus, the next step is to ex-
ploit lexical knowledgeto relate ead word with its possiblemeanings. We have
already discussedthe two possible meanings of the word “vacation' as noun,
namely Vacation#1 and Vacation#2 . Moreover, we assumethat “courtry’ and
‘insurance'as nouns and “lost' as adjective have one possible meaning, respec-
tively:

1. Country#1: a particular geographicalregion of inde nite boundary;
2. Insurance#l : promise of reimbursemert in the caseof loss;
3. Lost#1: no longerin your possessioror cortrol.
Finally, we assiate "baggage'to two possibleconcepts:
1. Baggage#1 usedto carry belongingswhen traveling;
2. Baggage#2 a worthless or immoral woman.

Note that the lemma and the part of speed of eadh word (which are re-
quired to accessthe lexicon function) are provided by grammatical compe-
tence according to the context in exam (i.e. the phrase which the word be-
longs to). The structure in Figure 4.7 represerts the parse tree of the node
Insurance and lost baggage enriched with concepts,while Figure 4.8 that of

Vacations .
A baggage

W @nsurance T baggage
L insurance sC Toad
SC Head
PS Noun
PS Noun B 71
S Insurance#1 S B:ggzgg#Z
W lost
L lost
SC Mo d
PS Adj
S Lost#1

Figure 4.7: Parsetree of Insurance and lost baggageenriched with the lex-
icon
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W vacation
L vacation
SC Head
PS Noun
s Vacation#1
Vacation#2
w country
L country
SC Mo d
PS Noun
S Country#1

Figure 4.8: Parsetree of Vacations enriched with the lexicon

By means of this operation, we have consideredall the possible meanings
of eadh word. Actually, words do not usually represen all the conceptsthey
can refer to but their meaning dependson the corresponding context. All of us
would probably interpret “vacation' asVacation#1 and "baggage'as Baggage#1
in the given ACH. In order to interpret with good precision the meaning of
the node Insurance and lost baggage we needto perform the sameselection
automatically. Giventhat the meaningof eady word dependson its corntext, the
corresponding disambiguation can occur by analyzing how ead conceptcan be
semartically linked to the rest of the context.

Thus, the next step in semartic explicitation is to seard possiblesemariic
relations existing betweenthe conceptsin the context (we call it semantic en-
richment). Ontological knowledge supports us during this process.We assume
that it provides us with the most likely semariic relation, if any, betweentwo
given conceptsthrough the SR function. Supposeit returns the following
semantic relations composedby onerole:

1. Baggage#lis related to Lost#1 by meansof state#3 ;
2. Insurance#1 is related to Vacation#1 by meansof about#1;

3. Vacation#1 is related to Insurance#1 by meansof organizedBy#1 .

Note that Description Logic roles are returned as sensesand not as strings
which can be ambiguous. In the rst case,state#3 refersto "the way something
is with respect to its main attributes’, in the secondcase,about#1 refers to
‘imprecise but fairly closeto correct', and in the third caseorganizedBy#1
refersto “plannedand directed'. In the caseof attributes, the semartic relation
betweenthe node conceptandthe ller is already explicit in the form of a natural
languagestring, i.e. the name of the attribute. Unfortunately, a string doesnot
expressa role (which must be assaiated to the intended meaning), therefore we
needto look out for possible meaningsof the attribute name which represen
possiblerelations between one (or more) meanings of the subject of the node
label and one (or more) meaningsof the ller. In the example, we assumethat
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“location’ can only refer to “a point or extent in space',location#1 , and that it
represens a reasonablesemartic connection betweenthe conceptsVacation#1
and Country#1 only.

Now, all the semaric information derivable from the structure has been
elicited. Hence,it is time to make precise choicesabout the meaning of eat
word and the way it is linked to the rest of the cortext. Note that suc choices
are the result of experienceand reason,i.e. of heuristic criteria basedon the
available semariic information.

For example, we may discard the senseVacation#2 of "vacation' becauseit
is not related to any other conceptin the context. On the contrary, the other
meaning of “vacation' is semartically connectedboth to Country#1 by means
of location#1 and to Insurance#1 by meansof about#l and organizedBy#1.
In other words, we are saying that “vacation' as "the act of making something
legally void' is completely disjoint from the rest of the schema. Similarly, we
may discard the concept Baggage#2becauseit is independert from the rest of
the corntext, whereasBaggage#1is related to Lost#1 by meansof state#3 . The
result of this operation (we call it semantic ltering ) is that we have assciated
ead word with a more precisemeaning. The criteria we have usedto perform
the processare very similar to the oneshuman beingsimplicitly use. In fact, we
have consideredthe meaning which better ts in the given context asthe most
probable.

The last step beforeformalizing the meaningof the node in examis to choose
a set of sematrtic relations which allow a sensibleinterpretation. For example,
the nodes Vacations and Insurance and lost baggage could be linked both
as “insurance policies for holidays' and as “vacations organized by insurance
(agencies)'according to the relations previously found. We could certainly say
that the interpretation of the node Insurance and lost baggageis “insurance
policies for holidays or vacations organized by insurance (agencies)'. Anyway,
we would lack precision since the intended meaning is probably only one of
those we have mertioned. Unfortunately, the choiceis not easyand the criteria
human beings use are basedon their sensibility and on the evaluation of the
coherenceof the choicewith respectto the rest of the context. For this example,
supposewe prefer the rst possibleinterpretation, thus discarding the relation
organizedBy#1 (and the conceptsit links if they are not related to any other
elemer in the context).

The processof semartic explicitation of the node Insurance and lost
baggage endsby assenbling the conceptsof the context in such a way to rep-
reseri the meaning of the node. Our formal languageis the Description Logic
framework de ned on the set of conceptsand roles which we have met during
the process.

First of all, we must identify the conceptterm represering the local meaning
of the nodesin the corntext. The corresponding grammatical structures suggest
the dependencysubject{mo di er betweenthe node elemerts, while the semartic
relations identify the type of dependency Intuitiv ely, we formalize a dependency
subject{modi er asa concept (i.e. the subject) with an existertial restriction
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of the involved relation on the modi er 7.
With referenceto the node Vacations , we thus expressits interpretation as:

Vacation#1 u 9location#1 :Country#1

which represens the intuitiv e concept "holidays spert in a given courtry'.

7Section 6.6 futher investigates the way of formalizing a node meaning in DL.
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Similarly, we interpret Insurance and lost baggageas:

Insurance#1 t (Baggage#1u 9state#3 :Lost#1)

represening “insurancepolicies and lost baggage'.

Finally, we need to semarically link the concepts expressedby the two
nodes. Note that in this casethe ACH structure does not provide any infor-
mation about which is the subject and which is the modi er. Thus, we must
only rely on the semartic relations we have found betweenthe two nodes, i.e.
about#1 betweenlInsurance#1 and Vacation#1 . The composition of the inter-
pretations of the two nodesresults as follows:

(Insurance#l t (Baggage#lu 9state#3 :Lost#1))u
9about#1:(Vacation#1 u Ylocation#1 :Country#1)

It correspondsto the intuitiv einterpretation of the node Insurance andlost
baggage as ‘insurancepolicies and lost baggageabout vacationsin a courtry'.
Note that the meaning of the root node represerts the modi er of that of the
child node. Finally, note that an attribute keepsthe semariic connection with
the node to which it is attached. In other words, location refersto “vacations'
independertely from the node we are examining.

4.1.4 The algorithm

In the previous sections, we have presered the information which is required
to make the meaning of a schemaexplicit and the expected processwhich leads
from the pure structure to the conceptsit represerts. In this section, we propose
an algorithm to simulate this process.In particular, we de ne the stepswhich
we have discussedin the previous section from an operative point of view.

The function semantic{explicit ation in Algorithm 3.1 takes an ACH
asinput and returns a semartic ACH, Hs, containing the interpretation 1 (k)
of eah node k. The processadds and arranges grammatical and semartic
information in Hg, gradually, till the nal synthesisin the schemaintepretation.

Algorithm 4.1 reproducesthe processby clearly indicating the macro{steps
of the procedure. Chapter 6 will be dewoted to investigate the corresponding
sub{steps.

For eat node of the structure, the algorithm performs the steps we have
preseried in the previous section. We rst focalize on the context of k (step
2). Then, we assaiate ead node of the context to the corresponding parse
tree (step 3), i.e. we add grammatical and lexical information to the input
ACH. The resulting structure is a semartiic ACH. In step 5 and 6, we complete
the local analysis of the nodesby searding all the possible semaritic relations
which connect the di erent elemers of a single node (step 5). Moreover, we
discard somepossiblemeanings(step 6) accordingto somelocal analysis. The
steps we have preseried so far are local processesbhecausethey act on eat
node independertly, whereassteps 7 and 8 work on the basis of contextual
considerations. Step 7 seardes all the semariic relations between di erent
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Algorithm 4.1 semantic{explicit  ation (H)
. ACH: H = KK ; E;att; labi
V arDeclarations
context: Hy
semartic ACH: Hg

1 for eah k 2 K do

2 Hk context (H;K);

3 Hs parse{tree (Hy);

4 for ead node k°2 Hs do

5 Hs local{semantic{enrichment (Hs:; K9;
6 Hs local{semantic{fil tering (Hs;k9;

7 Hs global{semantic{enrichment (Hs);

8 Hs global{semantic{fil tering (Hs);

9 Hs choose{co vera ge(Hs);

10 I (k)  composing{the{meaning (Hs);

11 Return Hsg;

nodes by means of ontological knowledge. Step 8 performs the same Itering

as step 6 but with a global perspective (i.e. with respect to the context of k).
Indeed, it discards all those node meaningswhich are not related to the rest
of the context. Note that step 6 and 8 jointly work by simulating the same
reasoningthat led usto discard the conceptsVacation#2 and Baggage#2 Step
9 selectsa set of semairtic relations so that we can interpret k in a univocal
way. It resultsin a Itering of the relations (and of the sensesaccordingly) in
the semariic ACH. This processis the one which made us discard the relation
organizedBy#1 . Finally, step 10 builds the DL term expressingthe meaning of
the node k and it storesthe result in the variable | (k) of the semaric ACH
which will be nally returned to CtxMa tch-2 . The expansionof the function
composing{the{meaning  in Section 6.6 will shaw that we rst formalize the
local interpretation of the contextual nodesand we subsequetly assenble them
in 1 (k).

Note that the algorithm is not optimized computationally. In fact, it must
interpret all the nodesof the structure thus making someoperations repetitiv e.
In particular, steps3{7 can be executedonly oncebecausethey do not depend
on the node we are analyzing or, in other words, they are not cortext dependert.

4.2 Semantic comparison
4.2.1 The problem

The secondstep in matching schemaswith semariic methods is to derive re-
lations betweennodes (i.e. mappings) by the relations betweenthe assaiated
meanings. We named these relations semantic relations becausethey hold be-
tweenconceptsexpressedn someformal language. In our case,a node meaning

36



is a term in Description Logic. Thus, the relations we are interested in are the
set of DL logical operators fv , w, g . Moreover, we use the notation ? to
indicate that two conceptsare disjoint, i.e. C? D meansthat CuD v ? (the
empty concept). Then, ead symbol will be mapped out on the set{theoretical
relaton , , and ?, respectively. According to Section 3.3, such a transla-
tion allows us to derive pragmatic relations from semariic onesand it provides
the elemerts for a mapping M , 1o betweentwo ACH structures H and H°,
Semantic comparison is basedon the useof DL reasonersand it is supported
by ontological knowledge® to make inference,as we shaw in the next section.

4.2.2 Complete example

Supposewe have to match the ACH of Figure 2.1 and the one of Figure 3.1 and
that we areinterestedin the relation holding betweenthe nodesinsurance and lost baggage
and ltaly , respectively.
We expect that the processof semariic explicitation has produced the fol-
lowing conceptterm, C, for the former node:

(Insurance#l t (Baggage#lu 9state#3 :Lost#1))u
9about#1:(Vacation#1 u 9location#1 :Country#1)

The most intuitiv e interpretation of the node Italy is “insurance policies
for honeymaoons spert in Italy’. Assuming that the only meaning of "honey-
moon' and “ltaly’ are respectively “a holiday taken by a newly married couple’,
Honeymoon#land “a republic in south Europe', ltaly#1 , we can formally ex-
pressthe meaning, D, of the node ltaly as:

Insurance#1 u 9about#1:(Honeymoon#li 9location#1 :ltaly#1 )
Moreover, supposewe have an ontology O containing the following axioms:

Honeymoon#¥ Vacation#1
ltaly#1 v Country#l

Semariic comparisonevaluatesif it is possibleto infer somerelation between
the meaning of the nodesaccording to the knowledge available. By meansof a
DL reasonerwe can easily entail from O that Dv C, i.e.

OF Dbv C

We can conclude that the semantic relation between the meaning of the
nodes Insurance and lost baggage k, and Italy , k is more geneal than.
This result will nally producethe mapping elemen hk; k% i accordingto the
corversion table of Section 3.3.

8Note that the knowledge base used in semartic comparison is not necessarily the same
as employed in semartic explicitation. Moreover, the reference ontologies used to interpret
the two input schemas of the matching problem may be dieren t, too. In the worst case, the
dieren t parties will be not able to communicate becausethey do not share the same concept
and role names thus not nding any match.
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4.2.3 The algorithm

The algorithm of semaric comparisonusesthe notion of logical consequencé¢o
derivethe relation holding betweentwo DL terms. The degreeof DL expressivity
usedto formalize the ACH semariics strongly a ects the algorithm e ciency
and decidability. The crucial choice is represerted by the complexity of the
rolesreturned by the function SR (seeDe nition 13). The decidability of the
DL framework made of the ALCO fragmert and the role constructors involved
guararteesthe sameproperty to the semartic comparisonalgorithm, aswell.

Algorithm 4.2 is that we apply to identify the semantic relation holding
betweentwo nodesk and k° of two ACH H and H®.

Algorithm 4.2 semantic{comp arison( Hs;H2; k; k9
. semantic ACH: Hs; H?
. node: k 2 Hs, k92 H?
VarDeclarations
referenceontology: O
semartic relation: r

1 fFOF ((ul%kY) v ?then r 2;
2 elseif O (1(k) 19%k9) then r :
3 elseif O (1(k)v 1%Kk9) then r

4 elseif OF (I (k)w1%KkY) then r :
5 elser ;

6 Return r;

The input of the algorithm is given by two semariic ACH and the two re-
spective nodeswe needto sematically compare. Steps1{4 determine the logical
relation existing betweentheir conceptterms, | (k) and | (k9. The variable O
represens the knowledge sourcewe useto support the entailment process.

Note that if we do not nd any relation betweenthe concepts, we return
the relation which we interpret as possibleintersection or compatibility . Es-
sertially, we want to have a placeholderfor potential relations that we cannot
deduce, but we cannot reject, either. For example, ‘dogs' and “cats' will be
evaluated as compatible unlesswe have positive information that dogsand cats
are disjoint. Of course, one might say that this conclusionis wrong, but we
needto considerthat in other cases(e.g. “churches'and ‘'monumens') it would
be right (for the sake of argumernt, let us imagine that there is no explicit con-
nection between churches and monuments in the knowledge basein use). So
the decisionis betweenreasoningunder a closal world assumption which would
prevernt us from nding any relation in both cases,or reasoningunder an open
world assumption which would allow us to nd a relation of compatibility in
both cases.The open world assumption increasesthe recall, but decreaseshe
precision of the algorithm, whereasthe closedworld assumption has the oppo-
site e ect. Our decision was to go for an open world solution. In fact most
concreteontologies are not rich enoughto support the conjecture that anything
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which cannot be deducedis false.
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Chapter 5

Discovering semantic
relations between concepts

5.1 Intro duction

Semartic relations are a way to connect dierent concepts: given a certain
context and a set of concepts,we identify the possibleways of connectingthem
and we choosethe most appropriate in that case.

Consider, for example, the concepts “person' and "name'. All of us would
probably assaiate them by assertingthat ead personhas a name, where “hav-
ing a name' represens the relation which occurs between the two concepts.
However, one could also relate them by “having a nickname' or “writing', etc.,
and none of them may be consideredthe right one or wrong.

Consider also this further example: “person’ and “John'. In this case,we
cannot state that ead person'snameis John but we can guessthat, if a relation
betweenthe conceptsmust occur, it would be probably of the type "hasname'.
In other words, we are saying that the name of a personis not John necessarily
but it could be. Anyway, even in this case, other possible relations may be
considered.

Note that ead user relates conceptsaccordingto its own knowledge,i.e. to
its own model of the world and to someevaluations which are in uenced by the
cortext.

Ontologies contain the knowledgeabout semariic relations and the possible
ways of connecting concepts. The fact that ead person, Person has a name,
Name may be formalized in an ontology O as:

Personv 9hasNameName

where Personand Nameare in Nc and hasNamein Ng. The axiom expresses
that ead personhasto have a name. On the other hand, the fact that “John'
is a possiblename for a personmay be formalized as follows:
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Personv 9hasNameName
fJohngv Name

where the former axiom states that ead person has a name, while the latter

that John is a name. Actually, John is one possible name, since other concepts
(or individuals) could be namestoo. In the following, we will refer to the rst

type of relations between concepts as necessary, while to the secondtype as
possible Our goalis to investigate a formal de nition of semariic relation and
a methodology to extract this kind of knowledge from ontologies. Section 5.2
formally de nes what we mean for two conceptsto be semartically related,
while Section 5.3 presens a decidable algorithm to extract semartic relations
from ontologies (i.e. the SRy function of De nition 13). Finally, Section 5.4
will discussthe formal di erences between possible necessary and tautological
relations with respect to a certain ontology.

5.2 Semantically related concepts

We rst introducethe notion of simple sematriic relation and then we extend it
to the one of semantic relation.

Beforethe de nitions, we present a notation which we will usein the follow-
ing in order to simplify the reading. Given an ontology O = hTBox; ABoxi and
two conceptterms Cand D in C, O  C @D meansthat:

OE Cv D,
O6Dv C.
The notation simply intro ducesthe notion of strict subsumption.

De nition 16 (Simple semantic relation) Given an ontology O = hTBox; ABoxi,
two concepts C and D in C are semariically related if there is a role Rin R
satisfying one of the following conditions:

1. OF Cv 9R:D;
2. there is a concept E in C such that:

(@ OfF Cv 9REand O E D @E;
(b) thereis no concept Fin Csuchthat: OF Cv 9R:IFand O F F @E.

and Cu 9R:D is satis able with respect to O, i.e.:
O6 Cu9RDvV ?

R representsa simple semartic relation between concepts C and D.
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The rst condition refersto the de nition of necessaryrelation aspreseried
intuitiv ely in the introduction. It statesthat C is semarically related to D by
means of R, if ead instance of C is required to have an R-successomwhich is
an instance of D. The secondcondition corresponds to possible relations. It
requires the existenceof a concept E with the same property of D in the rst
condition and which subsumes(strictly) the target concept D. Condition 2.b
allows to prevent from sometricky caseswhich can emergewhen expressing
possiblerelations in DL. Indeed, we must guarantee that the relation between
C and E is directly assertedin the ontology. Consider, for example,an ontology
composedof the following axioms:

Sunsetv 9hasColo:f Redy
fRedyv Cola
fGreegv Cola

Condition 2.a would nd a simple semariic relation of the type hasColo
betweenSunsetand f Greemy, which doesnot match what we intend for semartic
relation. Indeed, if the ontology consideredthe possibility for a sunsetto be
green, it would assertthat (assumingthat no other colors are presern in the
ontology):

Sunsetv 9hasColo:Cola

Instead, by linking Sunsetwith fRedy only, it is explicitly excluding the
casethat a sunsetis of a color dierent from red. Thus, hasColo cannot be
considereda possiblerelation between Sunsetand f Greem.

Finally, note that an ontology could alsoreturn no simple semaric relations
betweentwo conceptsor it could return more relations (i.e. there are more roles
satisfying the conditions of De nition 16).

Example 6 Consider an ontology O = hIBox;ABoxi de ned on the set of
concept and role names of Table 5.1 and suppse the TBox to be composal as
in Table5.2.

Nc NRr

Insurance about
Vacation spendingPlace
Honeymoon | departure
Location

Leisure

Date

Table 5.1: Concept and role names

According to De nition 16, we can identify at least 7 simple semantic re-
lations between atomic concepts. We represent the pairs which are related by
means of the about role in the left{hand part of Table 5.3, those which are re-
lated by means of the spendingPlaceole in the center and thoserelated by means
of the depature role in the right{hand part.
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Axioms

Insurancev 9about:Vacation
Vacation v Leisure

Honeymoon v Vacation

Leisurev 9spendingPlace Location
Honeymoon v 9departure:Date

Table 5.2: TBox axioms

about spendingPlace departure

(1) Insurance! Vacation (1) Leisure! Location (1) Honeymoon! Date
(2) Insurance! Leisure (2) Vacation! Location

(3) Insurance! Honeymoon | (3) Honeymoon! Location

Table 5.3: Simple semartic relations betweenatomic concepts

All the semantic relations, except for the number 3 of the about role, are
givenbythe rst condition of De nition 16. In fact, we can entail them from the
givenontology. On the contrary, Insuranceand Honeyman are about{r elated for
condition 2 of De nition 16 because Honeyman is subsume by Vacation which
is an about-suacessor of the Insuranceconcept.

Actually, we could identify some more simple semantic relations if we con-
sidered complex roles. For example, Insuranceand Location are semanticlly
related by the role term:

about spendingPlace

where representsthe DL role constructor of composition. Moreover, any other
role term which subsumeghosewe have pointed out is a valid semantic relation
between the concepts which the subsume role refersto.

Conditions 1 and 2 of De nition 16 only identify those relations which rep-
reseri potential candidatesfor semartically connecting C and D. Stating that
C and D are related through R implicitly meansthat we are deriving and ex-
porting the presenceof a conceptlike Cu 9R:D. Thus, we alsorequire that it is
satis able with respect to the given ontology.

We now recursively extend the notion of simple semariic relation between
conceptsby the following de nition of semantic relation:

De nition 17 (Semantic relation) Given an ontology O = hTBox; ABoxi,
two concepts C and D in C are sematriically related by a sequene of rolesR =
hRy; Rp; i1 Ryi in R if there is a concept E in C satisfying the following
conditions:

1. Ry is a simple semantic relation between C and E;
2. E and D are semanticlly related by means of R%= fR,; :::; Ryg.

R representsa semariic relation between concepts C and D.
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A particular instance of De nition 17 occurswhenR is the empty sequence,
i.e. Cis subsumedby D. In this case,we say that C and D are related by an
ISA relation.

De nition 17 allows to consider semartic relations which are not contem-
plated by De nition 16. This isthe caseof one(or more)roleof R = fRy; Ry; :::;
other than R,, represeting a possible semariic relation accordingto condition
2 of De nition 16. The presenceof possible relations in a chain of roles rep-
reseris one of the reasonswhich di erentiate the concept of semantic relation
from the role composition (i.e. the operator ). The other divergenceconcerns
the necessiy for a semartic relation to specify the \bridge" concepts(e.g. E
in De nition 17) univocally, cortrary to the semartics of the role composition
constructor (seeBaader and Sattler [20]).

Summing up, we sgy that two conceptsare semantially related if it exists
a role R satifying the conditions of De nition 16 or a sequenceof roles R as
in De nition 17. In the former case,R is said to be a simple semattic rela-
tion betweenthe concepts,whereasin the latter caseR respresets a semantic
relation.

Example 7 With reference to Example 6, all the semantic relations we have
identi e d are simple relations, i.e. R = fRg is composel of one elementonly.
R is either an atomic role as in the case of about, spendingPlaceand depature
or a composel role asin the caseof about spendingPlace Furthermore, we can
say that Insuranceand Date are related, too. Indeed, there is a possiblerelation
between Insuranceand Honeymamn and a necessaryrelation between Honeymmn
and Date. R is thus composel of two elements,R = habout; depaturei, and the
role of concept E in De nition 17 is played by Honeymmn. Note that such a
semantic relation can only be captured by De nition 17, therefore, it is not a
simple semantic relation.

5.3 The algorithm

Once we have formally de ned the concept of semartic relation, we introduce
the algorithm to extract them from a certain knowledge base. In other words,
we show the internal medanisms of the function SR of De nition 13. Our
goal is to identify the semariic relations which occur betweentwo conceptsof
an ontology O, accordingto De nition 17. Actually, the SR o function requires
that only onerelation is e ectiv ely returned. It should represen the most likely
semaric connectionbetweenthe two input conceptsand the relation which best
ts in the context. In this version of the algorithm, we considerthe relation R
with the minimum number of elemens as most probable. In fact, it represens
the most intuitiv e relation, that is the onewhich requiresthe smallestreasoning
e ort for connectingthe two concepts. The reasoningminimization is allowed
by the minor number of conceptswhich are neededto be involved in the process
(i.e. \bridge" concepts).

Beforepreseriing the algorithm, we must point out someobsenations related
to the decidability of the procedure. Note that:
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Algorithm 5.1 SR (C; D)
. atomic concepts: C;D
VarDeclarations
ontology: O
relation matrix: M
semartic relation: R
if (OfF Cv D) Return hi;
M rela tion{ma trix (O);
While (true)
R next-shor test-p ath (M;R;C;D);
if (R=null) Return null;
if (consistency{check (O;R;C;D)) Return R;

OO WNE

1. in De nition 16, it is stated that any role term R can represent a simple
semariic relation betweentwo concepts;

2. condition 2 of De nition 16requiresthe existenceof a conceptE subsuming
the target conceptD and being a successonf the sourceconcept C;

3. condition 2.b of De nition 16 needsto ched the non{existenceof a concept
F with well{de ned properties;

4. de nition 17 involvesbridge concepts(i.e. conceptE) which are quali ed
as generalconceptterms.

An algorithm searding semariic relations betweenconceptsmust obviously
iterate over all the possiblevaluesof such genericterms (role term R in casel,
conceptterm E in case2 and 4 and conceptterm F in case3), thus a ecting the
decidability of the procedure. In order to guarantee the property, we restrict
the analysis to atomic concepts,C in N¢, in cases2, 3 and 4 and to atomic
roles, R in Ng, in casel. The simpli cation we makein 1, 2 and 4 doesa ect
the completenessof the algorithm but not its correctness, whereasthe trick
usedin case3 impacts the correctness,too. In fact, we could nd no atomic
conceptsof the type expressedin condition 2.b but it may exist somecomplex
concept satisfying that condition. This meansthat the algorithm could return
somerelations which do not meet point 2.b. In order to maximize the number
of relations which are found by the algorithm and to minimize those which do
not full condition 2.b, we assumethat ead complex conceptin the ontology
is the de nition of an atomic concept. Finally, we remark that under the
simpli cations mertioned, the possible number of elemers in a relation R is
limited by the number of conceptnamesin the ontology, i.e. it is nite.

Algorithm 5.1shawsthe procedure. The variable O represetts the knowledge
sourcewe use for supporting the processof semariic relation discovery. Each

1Formally, for each complex concept D in the ontology O, there is a concept name C in
N¢ and a concept de nition C = D in the TBox .
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entailment processof the Algorithms 5.1 and 5.2 can be performed with well-
known DL reasoners.In the rst step, we ched if D subsumesC. It corresponds
to the casewhen R equalsthe empty sequencean De nition 17. Step 2 builds
the relation matrix assaiated to the ontology. The matrix rows and columns
are the concept namesof the given ontology, C in N¢, while the crosspoints
contain the role names,R in N, which satisfy conditions 1 and 2 of De nition

16, between the corresponding concepts. In other words, the relation matrix
contains all the simple semartic relations between pairs of concepts. Actually,
they are all the possible candidates, since we have not performed the ched of
consistencyyet. Further details will be provided in Algorithm 5.2.

Steps 4{6 compute the \shortest" semariic relation (i.e. R with the mini-
mum number of elemerns) betweenthe two input concepts. In particular, step 4
builds a nite oriented graph, N ; Ei, accordingto the relation matrix. Nodes,
n in N, represen conceptnames,i.e. the relation matrix rows (and columns),
and arcs, e in E, the simple sematrtic relations betweenthe conceptsassaiated
to nodes. Note that for ead pair of nodes, we can have either no links, if the
corresponding conceptsdo not have any candidate to relate them semarically
(i.e. the matrix crosspoint is empty), or onelink, if the corresponding concepts
do have somecandidates (i.e. the matrix crosspoint contains one or more ele-
ments). We assumethat ead graph edgehasthe samecost (weight) and we do
not di erentiate the possibledi erent relations which connectthe samepair of
conceptg. The next-shor test-p ath function returns the \shortest" relation
betweenthe input concepts,if any, while the consistency{check  procedure
cheds the consistencyof the ontology once added the relation derived. If the
relation a ects the consistencyof the ontology, we seart the next \shortest"
relation. Thus, the next-shor test-p ath function will have to take care of the
previously returned relation in order to identify the next shortest one. Finally,
we return null if no semariic relation betweenthe input conceptscan be found
in the given ontology O (step 5).

In Algorithm 5.2, we analyzethe rela tion{ma trix function in detail. The
Acn and the Agy array variables contain all the concept namesand all the
role namesof the input ontology, respectively. Step 1 builds a matrix whose
rows and columns represert the elemers of Acyn . Steps2{8 Il the matrix.
For eat row and column, i.e. for ead pair of atomic concepts,we seart the
roles which are candidates for connecting them semarically. Steps5 and 7
correspond to conditions 1 and 2 of De nition 16. Note that step 7 requirestwo
more iterations over the content of the Acy array in order to chedk both the
presenceof the A elemen and the lack of an elemen like B. Finally, steps6
and 8 add those roles which satisfy the conditions (i.e. they are candidates for
being simple sematrtic relations) to the corresponding matrix crosspoint.

2This is object of studies in the next future.
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Algorithm 5.2 rela tion{ma trix( O)
. ontology: O
V arDeclarations
relation matrix: Mg
array of concept names: Acn
array of role names: Arn
Mr  array[card(Acn)][card(Acn)];
for each row rw in Mg do
for ead column cm in Mg do
for ead role Rin Agrn dO
if (O F Acn [I’W] v 9R:Acn [cm])
Mg [rw][cm] = Mgr[rw][cm][ fRg;
if (exists A2 Acn (O FE Acn[rw]v 9R:A and O F Acn [cm] @A
and not exists B 2 Acn (O F Acnfrw]l v 9RBand O F B @
A))
Mr[rw]lcm] = Mr[rw]lcm][ fRg;
Return Mg;

~NOoO o~ WNBE

©

5.4 Some theoretical remarks

We believe that ontology reasoningin the eld of semartic explicitation must be
performed in open world assumption becausewe cannot assumethat practical
ontologies contain all the possibleknowledge about the world. Thus, we must
considerthe possibility that something which is not assertedin the knowledge
baseis true anyhow. This necessaryassumption makesa conceptas Cu 9R:D
satis able most of the times, for any C, D and R in the ontology. In fact, in order
to make the concept unsatis able, it should be explicitly stated, in someway,
that Cv 8R:: D (assumedthat C and D are satis able). However, we cannot
allow that ead role is consideredas a candidate for semariically relating any
pair of concepts(thus making it an actual semariic relation most of the times,
giventhe above consideration). This would make the work of relation extraction
dummy becausewe would not emplay the knowledge cortained in the ontology
e ectively. Instead, our goal is to extract relations with respect to which the
ontology tells somethingwhich is not tautological. This is the di erence between
relevant and non{relevant relations as far as our methodology considersthem.
Relevant relations are the previously named necessary and possible while the
non{relevant are called tautological. This section presens the di erence among
thesethree typesof relations from an ontological point of view.

Necessary relations are those which can be inferred from the ontology asin
the following examples:

TBox; = fEv 9R:D; Cv EgF Cv 9R.D;
TBox, = fCv 9REE; Ev DgfF Cv 9R:D.

The evidence of the reasonssupporting the inference can be achieved by
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considering number restrictions in Description Logic. Consider the following
two knowledgebasesin a DL with quali ed number restrictions. They represert
the extension of the previous exampleswith cardinalities (n > 0, m is not
constrained):

TBox{=fEv ( nRDu mRD); Cv Eg;
TBoxy = fCv ( nREu mRE); Ev Dg.
Inferential reasoningleadsto the following conclusions:
TBox{F Cv ( nRDu mRD);

TBox3F Cv ( nRD).

Both the minimum and the maximum cardinalities are inherited by the in-
ferred relation in the former case. In the latter case,nothing can be deduced
about the maximum cardinality. The inheritance of the minimum cardinality
represerns the common feature of the two examplesand the implicit reason
which validates the inferencein the caseof lack of number restrictions.

We considerthis type of relation betweenC and D asnecessaryand it is con-
sideredin the rst condition of De nition 16. It de nes R as a simple semartic
relation betweenC and D, if all the instancesof C must be R{antecederts with
respect to an instance of D, for any model of the given ontology. In other words,
it captures all those relations which are required to occur for ead instance of
the sourceconceptC and whoserangeis represeried by an elemern of the target
concept D. These relations can be directly inferred from the knowledge base
(necessary relations).

Now consider two more examplesabout inferential reasoning (similarly to
what introduced in Section 5.2, we use C @ D to denote that C v D and
CuDv ?):

TBoxz = fCv 9RE; D @EgF C ?D;
TBox4 = fEV 9R:D; E@CgfF C?D.

In both cases,we cannot deduce any kind of relation between C and D.
Now, considertheir extensionwith qualied number restrictions (n > 0, m is
not constrained):

TBoxy = fCv ( nREu mRE); D @Eg;
TBox, = fEv ( nRDu mRD); E@Cg;
Inferential reasoningleadsto the following conclusions:
TBox3jF Cv ( ORDu mRD);

TBox$F Cv ( ORD);
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The inferenceabout the relation betweenC and D in the latter caseis tau-
tological, i.e. the minimum cardinality is 0 and the maximum cardinality is
unlimited. This meansthat in any model of the ontology, an instance of C
could have no R-subsequets of the type of D or an unlimited number, that says
nothing (we are reasoningin open world assumption). On the cortrary, the
relation inherits the maximum cardinality in the former case. The minimum
cardinality setto O prevents from inferring the presenceof the relation if car-
dinalities are not considered(i.e. the relation is not necessary), however what
hasbeendeducedis not tautological becauseof the inheritance of the maximum
cardinality.

We do not considertautological relations becauseit is asif the ontology did
not say anything (i.e. we would nd sud relations for any pair of concepts
unlessexplicitly forbidden as explained at the beginning of the section), while
we identify a possiblerelation in those caseswhere the maximum cardinality is
presened (although the minimum is setto 0). The secondcondition of De nition
16 approximates these cases.

More complex situations must be dealt with when consideringdi erent sub-
sumeef the sameconcept, oneof which represerting the range of an existertial
constraint. Consider, for example, the following knowledge base:

TBoxs = fCv 9RE, E@F;, D @F; EuDVv ?g

According to what we have stated about possible relations, we would be
tempted to considerconceptsC and D semariically related by meansof R. In
fact, Cisinferentially relatedto F and D is a subsetof F. Thus, we may conclude
that a possiblerelation betweenC and D exists. Unfortunately, a more careful
analysisdeniesthis conclusion. Intuitiv ely, if R is constrained by minimum and
maximum cardinalities, n and m respectively, the inferred relation between C
and F losesthe superior boundary (seethe caseof TBox;,) and the relation
betweenC and D through F doesnot result necessary (i.e. minimum cardinality
setto 0). Thus, the nal relation is tautological. Condition 2.b of De nition 16
avoids these misunderstandingsby requiring that E is the most speci ¢ concept
represering the range of the existertial constraint for C with respect to the role
R (i.e. there is no conceptF such that: O F Cv 9R:Fand O F F @E).

49



Chapter 6

CtxMatc h 2

6.1 Algorithm and data structures

In Chapter 4, we have discussedthe semariic method we apply for matching
hierarchical classi cations. The methodology is basedon the derivation of the
node meaning and on their logical comparison. Since semartic comparisonis
simply a matter of reasoningon Description Logic terms, the hardest step is
represened by semartic explicitation. In Section4.1.4, we have intro ducedthe
macro{steps which are required to perform the process.We have identied the
necessiy of (i) analyzing the grammatical structure of natural languagestrings,
(i) assaiating ead node with the respective lexicon, (iii) enriching the schema
with the semartic relations which connectthe di erent conceptsand (iv) nally
Itering and selectingthe most appropriate interpretation for the nodes of the
structure. In this chapter, we discussthe way of e ectiv ely executing the single
macro{steps. In some cases,our cortribution is only in terms of procedures
(e.g. building of the parsetree, semartic enrichmert), while in other caseswe
proposethe heuristic criteria we adopt for simulating those stepswhich humans
usually perform accordingto their own sensibility and experience(e.g. semaric
Itering, choosing one interpretation).

Before preseriing the algorithm details, let us introduce the notion of se-
mantic ACH formally. We have already discussedthat the processof meaning
derivation requires a sequenceof steps aimed at collecting all the possible se-
mantic information. A semantic ACH is simply a data structure whosepurpose
is to store the information collected. The algorithms we describe in this chapter
elaborate the content of the semaric ACH and generatethe formalization of
the node interpretations.

We refer to the elemens of a node n = hWord; Lemmag SynCat, POS;
Senses of a parse tree P as Word(n), Lemma(n), SynCat(n), POS(n) and
Sensegn), respectively. Moreover, ‘'word_emma' and “wordpps ' represen the
lemma and the part of speed of the word “word', respectively.
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De nition 18 (Semantic ACH) The semaric labelingofan ACH H = K ; E; att; labi
is the 5-tuple Hs = HH; PT;Eac v ; Ept;labsi, wher:

1. PT:K ! fP_g, is a function which relateseach node k 2 K to a parse
tree, P.;

2. Ept is asetof 3-tupleshik;na;sai;K;ng;sgi;Ri, wherek 2 K, ny and
ng are di er ent nodesof PT(k), sa 2 Sensesia), sg 2 Sensesfg) and
R = SRo(sa:ss);

3. EacH is asetof 3-tupleshlka;na;sai;tkg;ng;sgi;Ri, where ks and kg
are di er ent nodesof H, ny and ng are nodesof PT(ka) and PT(kg),
respectively, sa 2 Sensefna), sg 2 Sensesfg) and R = SRo(Sa;Ss);

4. labs : K ! C, is a function that relateseach node k 2 K to a concept of
the ontology O.

The resulting structure, Hs, is called semartic ACH.

PT assaiates eadh node of an ACH to a parsetree represerting the gram-
matical structure of the node and storing the lexicon of its elemeris with respect
to a lexicon function, L. Ept is a set of ontological relations connecting the
di erent elemerns of the samenode. Similarly, Eac y is a set of relations con-
necting the di erent nodesof the ACH. Finally, labs represens the result of the
semartic explicitation process,i.e. the interpretation we have assignedto eah
node k of the structure, i.e. | (k).

Next sectionsdescribe the procedureswhich add semartic information to the
ACH and elaborate its cortent. Section 6.2 describesthe mechanismsto de ne
the PT function, Section 6.3 those to enrich the ACH with semartic relations
(i.e. de nes Ept and Eac 1) and Section 6.4 preserts the heuristic criteria and
the algorithm to Iter those conceptswhich do not t in the context. Section
6.5 further discards conceptsand relations in order to selecta unequivocal in-
terpretation. Finally, Section6.6 builds the conceptterm describingthe cortent
of the ACH nodesby de ning the labg function.

6.2 Parse tree building

The rst step in semariic explicitation is to analyze labels and attributes in
order to identify the corresponding constituents (e.g. single{ and multi{w ords)
and the grammatical dependenciesexisting between such elemens. This is a
common problem in the eld of NLP as already claimed in Section4.1.1. The
parsing of natural language strings leads to the building of a parse tree (see
De nition 15) represening the grammatical structure of the phrase,identifying
the grammatical nature of its elemens and assaiating eat of them with the
corresponding lexicon.

In this section, we describe how parsetreescan be composed,i.e. we presen
the function parse{tree  of Algorithm 4.1. In particular, we rely on existing
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functions in the eld of NLP both to perform the grammatical analysis of the
labels (and attributes) and to add lexical information to the elemerns of a parse
tree. Wereferto such functions asnlp{p arsing . Note that we alsoassumethat
anlp{p arsing function is able to recognizeand deal with acronyms, abbrevia-
tions, compact notations and all those expressionswvhich are commonly usedin
labels. Our cortribution is to include the node attributes aspart of a parsetree,
sincethey can be consideredas modi ers of the conceptexpressedby the node
label. Actually, attribute llers (i.e. F) are modiers of the node subject(s),
whereasattribute names(i.e. id) represen the semartic relation connectingthe
node concept to the attribute ller. Thus, we append attribute llers to the
parsetree structure as children of the label subject(s) (i.e. parsetree elemeris
whosesynctactical category is setto Head) and we add attribute namesto the
set of sematrtic relations (i.e. Ept). Unfortunately, attribute namesare natural
languagestrings, therefore we do not know their actual meaningin the current
corntext. In other words, we would needa processof word sensedisambiguation
for them, too. In this version of the algorithm, we simply refer to them as the
disjunction of all their possiblemeanings.

We now analyzein detail the function parse{tree  of Algorithm 6.1. It takes
anACH, H = K E;att;labi, and returns asemartic ACH,Hs = lH;PT;EacH;
whereEac 1, Ept and labs are unde ned. Its goalis to build the PT function,
i.e. to assiate ead node of H to a parsetree.

The sameset of operations (steps 2{19) is repeated independertly for each
node of the input ACH structure. Step 2 parsesthe label, lab(k), of a node k
and builds a parse tree object. Note that the root of a parsetree can be alsoa
virtual node @. The symbol @is usedwhen the phrase cortains more than one
subject. In that case,all the subjects are identied as children of the virtual
node. Actually, we will alsousethe node @to intro duce sub{trees represeiting
attributes. The causewill be clearerin Section 6.6, where we will presen the
symbol semartics. Steps3{19 aim at including into the parsetree of a node its
attributes a = hd; Fi. Step 5 setsthe variable R (i.e. the semariic relation
betweenthe label subject and the attribute ller) to the disjunction of all the
possible meanings of the attribute name, id. We assumethat the attribute
name is a string which can be directly mapped onto ontological concepts,i.e.
it is a lexicon entry. This guarartees that no further parsing is required for
the id string, except for the recognition of its lemma and its part of speed,
idLemma and idpos, respectively. Step 6 createsthe virtual node, @, which is
usedto precedeany attribute and which will be nally appendedto the parse
tree headersin step 16. Steps 7{15 build the tree structure represerting the
attribute a. It will be then appendedto the virtual node @ (seesteps9 and
14). Steps8{10 and 12{15 represen the di erent algorithm behaviour according
to the possiblevalues of the attribute ller F, namely ;, F; and F,. In case
F = ;, weassumeit represerts the ontological top concept> (i.e. the attribute
value can be of any type). Thus, we create a node corresponding to the top
concept (step 8) and we sematrically link it to the virtual node (step 10) by
means of the relation R. Note that the syntactical category (SynCat) of the
attributes must be always set to Mod becausethey always represert modi ers
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Algorithm 6.1 parse{tree (H)
. ACH: H = hK;E;att;labi
V arDeclarations
semartic ACH: Hs = HH;PT;Eac n;Ept;labsi
parsetree: P. = hN; Gi
semartic relation: R
parse tree node: v

1 for eadh nodek 2 K do

2 PL  nlp{p arsing (lab(k));

3 for each noden 2 N where SynCat(n) = Head do

4 for ead attribute a= hd; Fi 2 att(k) do

5 Rhl e 0 (id Lemma iid pos) COI;

6 m @;

7 if (F =) then

8 v h;_;Mod; ;f>gi ;

9 P.  APPEND( m,v);

10 Ert = Eprt [ h@Ik;v;>i ;Rig;

11 else

12 for eah f 2 F; (or f = F;) do

13 v nip{p arsing (f);

14 P.  APPEND( m,v);

15 for eadh s, 2 Sensegv) do
fh@, hk; v;svi; Rig;

16 P.  APPEND( n,m);

17 for each s, 2 Senseg¢n) do

18 Ept = Ept [ thhk;n;shi; @ Rig;

19 PT(k) Pr;
20 Return Hs;

Ept

Ert [

53




W vacation
L vacation
SC Head
PS Noun
s Vacation#1
Vacation#2
D
w country
L country
SC Mo d
PS Noun
S Country#1

Figure 6.1: Parsetree of Vacations

of the label subject(s). The casesF = F; and F = F, are managedin the same
way, since F¢ is a set of strings and F,, which is a string, can be considered
a single{elemen set. In step 13, we create a node for eah elemen f of this

set. The node is the result of the parsing procedure applied to the eleme.

Note that f could be a string of any complexity (e.g. "Republican courtries and
nations'), thus the result of the parsing of a ller is a parsetree rooted at v.

For the sake of simplicity, we assumethat it is a single{node structure, however,
the extensionto the generalcaseis quite immediate. In step 15, we enrich the
set of the parsetree relations, Ep 1, with the links betweenthe virtual node @
and all the possiblesensesf f . Note that if F = F,, the procedureresultsin a
singleiteration of the cycle at step 12. Once we have created the tree rooted at

@represering the attribute a, we appendit to the existing parsetree structure

(step 16). In step 18, we add the relation R from all the sensesof the subject
n of the node label to the virtual node (precedingthe attribute). Note that at

this step, we do not know not only the meaningwhich an attribute namerefers
to, but alsothe conceptwhich is represened by the subject of the ACH node
and by the attribute ller. Hence,we link any senseof the subject(s) to any
senseof the ller elemeri(s) by meansof the node @. Finally, step 20 returns
the semartic ACH with the PT function de ned.

Example 8 Consider the node Vacations , k, of the ACH in Figure 2.1. The
resulting parse tree is representa in Figure 6.1. Two elementshave been iden-
tie d: the node which refersto the label "vaations' and the node which refersto
the | ler “oountry'. “Vacation' is both the word and the lemma, it is the header
of the label and a noun. Moreover, we relateit to the two concepts Vacation#1
and Vacation#2 . The ACH node has one attribute, a = Hocation; Countr yi.
We link the correspnding node to the parse tree header by means of the virtual
node @ and we set its syntactical category to Mod. Finally, given the lexicon,
location#1 , of the attribute name “location’, we enrich the Ep1 set with three
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AW baggage

W insurance L ba
L insurance el
SC Head
SC Head
PS Noun
PS Noun Baggage#1
S Insurance#1 S Baggage#2
W lost
L lost
SC Mod
PS Adj
S Lost#1

Figure 6.2: Parsetree of Insurance and lost baggage

triples representing the semantic relation from the node label to the attribute

| ler, namely, htk; n; Vacation#1 i; @ location#1 i, hik; n; Vacation#2 i; @ location#1 i,
h@ hk; m; Country#1i;location#1 i, wher n is the parse tree element which
refersto “vaation' and m to “country'.

Example 9 In this example,we considerthe node Insurance andlost baggage
of Figure 2.1. The resulting parse tree is depicted in Figure 6.2. It has no at-

tributes but two headersand a modi er.  The headersare resgectively “insurance'

and “bhaggage'which are rooted at @ The adjective “lost' geneates one more

parse tree node: it is a modi er and we can identify the word it refers to by
means of the tree structure: "baggage'.

6.3 Semantic enrichment

The researd of the semairtic relations betweenthe elemens of an ACH is the
major enhancemen that our methodology intro duceswith respectto traditional
techniques of matching. Indeed, we proposeboth to disambiguate and to build
the interpretation of a node in the structure by nding and using the semaric
relations between those conceptswhich are contextually involved in the node
meaning. In particular, we seart sematrtic relations (i) betweenthe elemers
belonging to the grammatical structure of an ACH node (i.e. local semantic
enrichment) and (ii) between the conceptswhich are assaiated to the ACH
nodes(i.e. glokal semantic enrichment). With respect to local enrichmert, we
intuitiv ely needto discover relations betweenwords in labels and attributes in
order to make the meaningof natural languagestrings explicit. Consider,for ex-
ample, the following part of the label of the node Insurance and lost baggage
“lost baggage'. We know that “lost' is an adjective for "baggage'but we are also
interested in realizing how the adjective speci es the corresponding noun. In
this case,we could deducethat ‘lost' represens the state of the baggage,as
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Algorithm 6.2 local{semantic-enrichment (Hs; k)
. semantic ACH: Hs = lHH;PT;Eac H ;Ept;labsi
. Node: k2 H
VarDeclarations
parsetree: P. = hN; Gi
semartic relation: R
P PT(k)
for ead pair m;n 2 G where n =CHILD (m)
for eac pair sm 2 Senseg¢m);s, 2 Sensegn)
R SRo(sm;sn);
if (R != null)
Epr  Ept [ fhhk;m;sni;H;n; s i;Rig;
Return  Hs

~NOoO o~ WNBE

Algorithm 6.3 global{semantic-enrichment (Hs)
. semantic ACH: Hs = hH;PT;Eac 1 ;EpT;labsi
VarDeclarations
sematrtic relation: R
1 for eac pair k;k°2 E
2 for each pair m 2 PT(k), n 2 PT(k% (SynCat(m) = SynCat(n) =
Head)
for each pair s, 2 Senseg¢m); s, 2 Sensegn)
R SRo(Sm;Sn);
if (R != null)
Eacn  Eacw [ fhhk;m;smi; k% n; sqi; Rig;

~NOoO Ok~ w

Return Hs

well as we could say that “large’ represerts its size if we had a label like “large
baggage'. Moreover (consideringthe global enrichmert), the meaning of a node
in an ACH dependson its context, thus its semariic relation with the corre-
sponding ancestorsis fundamertal for its interpretation aspointed out sincethe
rst lines of our dissertation.

Semairic enrichmernt is supported by the SR function which returns the
most probable sematrtic relation betweentwo conceptswith respect to an on-
tology O.

local{semantic{enrichment in Algorithm 6.2 takes a semariic ACH,
Hs= HH;PT;EachH;EpT;labsi, andanodek 2 H, asinputs whereasglobal{
semantic{enrichment in Algorithm 6.3 takes the semaric ACH structure
only. The former function lls the Ept set with the relations between the
elemeris of the node k, while the latter seartiesthe inter{no de relations, i.e.
the elemerns of the Eac 4 Set. The two proceduresare actually very similar.

In both casesthe structures on which sematriic enrichment works are trees:
the parse tree of a node in local semariic enrichment and the input ACH in

56



global semartic enrichment. Step 2 in Algorithm 6.2 correspondsto step 1 in
Algorithm 6.3. Indeed, step 2 triggers a cyclic repetition applied to eat node
pair of the parsetree, while step 1 doesthe samefor ead node pair of the ACH.
In this version of the algorithm, we only seard relations betweennodeson the
samepath®: of the parsetree in one case,i.e. m;n 2 G, and of the ACH in
the other one, i.e. k;k®2 E. The main di erence betweenthe two algorithms
can be identied in the code where n=CHILD(m)of step 2 of Algorithm 6.2. In
parsetrees, the structure suggeststhe ertities betweenwhich the relation must
be searted. Indeed, the edgesof the structure start from a subject and point
to its modi er(s) and analogously semariic relations are directional: from the
relation subject to the object. Therefore, we can seekonly the relations from
a node to its children which are all and only the modi ers of that node (given
the way parsetrees are built). The samedoesnot hold for global enrichment
where we must also seard relations from a node to its ancestorsand between
nodesat any distance. Step 2 of Algorithm 6.3 selectsthe headernodes of the
parsetrees of the ACH nodeswe are analysing. In fact, we are only interested
in relating the subjects of di erent nodes since modi ers can only refer to an
elemen of the corresponding ACH node. Steps3{6 of both algorithms extract
the relations betweenead pair of sensesf the nodes selectedand, if any, they
add it to the corresponding set: Ept in local enrichment and Eac 1 in global
enrichmert. The nodes selectedare two di erent nodes of the sameparsetree
in the former caseand two headersof two di erent nodes of the ACH in the
latter. Note that if one of the two nodesis a virtual node @, the algorithm
does not perform the usual process:if @ represetts the parsetree root, there
is no point in searding relations from @to its children, while if @ introduces
an attribute we do not have to link it to any other concept sincethe semartic
relation from the label subject(s) to the attributes have already beenidenti ed

and consideredin the function parse{tree . Finally, step 7 in both algorithms
returns the semariic ACH where either the Ep1 setor the Exc 1 Sethave been
de ned.

Example 10 Consider the node Insurance and lost baggage of the ACH in
Figure 2.1 and its context Vacations . The tree structure in Figure 6.3 is a
partial representation of the correspnding semantic ACH.

The resarch of elementsof Ept concerning the node Vacations does not
give any result because the corresmpnding parse tree has only one node which
does not represent an attribute: the concept Country#1 is an attribute | ler,
thus its relation with the header is already identi e d by the attribute name. In-
stead, the relations in Insurance and lost baggage are not explicit. Supmse
that local semariic enrichment nds the relation R = fstate#3 g between the
concept Baggage#land the concept Lost#1. Note that the relation is found
between a node (i.e. the one which refers to the concept Baggage#) and its

LFuture work will investigate the possibility of enhancing the algorithm performances by
considering relations between non{directly dependent nodes (i.e. nodes which do not belong
to the same path). In the caseof ACH trees this corresponds to the extension of the concept
of context.
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w vacation
L vacation
SC Head
PS Noun
s Vacation#1
Vacation#2
D)
w country
L country
SC Mo d
PS Noun
S Country#1
W insurance VIY Egggzgz
L insurance sC Head
SC Head
PS Noun
PSS | Noun - S Baggage#l
nsurance: Baggage#2
W lost
L lost
SC Mo d
PS Adj
S Lost#1

Figure 6.3: Part of the semariic ACH assaiated to the cortext of Insurance
and lost baggage
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child (i.e. the one which refers to the concept Lost#1). Global semariic en-
richment searchesrelations between the headers of the two parse trees, i.e. be-
tween the sensesof “vaation' and those of “insurance' and “baggage'. We sup-
posethat SRo returns a non-null elementfor the concepts Insurance#1 and
Vacation#l, R' = fabout#lg, and between Vacation#1 and Insurance#l ,
R" = forganizedBy#1g. R® and R%are then addel to the Eac 4 Set.

6.4 Semantic Itering

Semaric Itering is the opposite processcompared to semaric enrichmert.

Summing up: (i) parse{tree hasassciated eat elemen (i.e. lexicon ertry)

to all the corresponding concepts, (i) semantic{enrichment has detectedall

the possiblerelations betweenthem, (iii) semartic Itering aimsat ltering both

of them. The presenceof many conceptsfor the sameword and the presence
of many possiblesemariic relations are a sourceof ambiguity to determine the
meaning of the nodes. At this step, the semartic ACH contains all the informa-

tion we needto make the semartics of the nodesexplicit but unfortunately we
can interpret them in many di erent ways. The goal of semartic ltering is to

disambiguate the senseof words similarly to how human beingsdo by examining
the context.

The criteria for Itering the possiblemeaningsare heuristic and their choice
and de nition strongly in uence the algorithm performances.Let us supposewe
have collected all the information which is necessaryto establish the meaning
of the structure (it is a matter of linguistic resourcesand ontology selectionin
the functions parseftree  and semantic-enrichment ), we may achieve the
maximum recall by providing all the possibleinterpretations for ead node but
we would lack precision. Therefore, we must reduce the ambiguity in order to
balancethe two performanceindexes. The heuristic criteria we adopt are based
on the intuitiv e assumption that the most likely meaning of a word is the one
which best ts in its own context.

We apply two di erent methodologieswhich are respectively basedon the
two following intuitions:

Semantic rule: supposewe have a natural languageword, w, which is ass@i-
ated to more than one concept (i.e. possiblemeanings). We assumethat
the right meaning of w is one of those which are sematrtically related to
someother elemerts of the context. In other words, we trust the phaseof
semaric enrichment and we only keepthe word interpretations which are
linked to the rest of the context.

Subsumption rule: supposewe have a natural language word, w, which is
assiated to more than one concept and suppose that one of them, C
in the lexicon of w, is related by an IsA or PartOf relation with another
elemen of the context. Hence,we assumethat C is the right meaning of
w. In other words, we are biasedtowards structures which are basedon
IsA and PartOf relations.
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Algorithm 6.4 local{semanticfil tering (Hs; k)
. semantic ACH: Hs = lHH;PT;Eac H ;Ept;labsi
. node: k2 H
VarDeclarations
parsetree P. = hN; Gi
PL PT(k)
for eahn 2 N
for eat s2 Sensegn)
i (:9 e(e: eEk-I;—n;s i ) u 950 9e (e= eEk-l;—n;s 0 $ ))
remove s from Senseg¢n) and eadh € = eny.ns i ;
if (8e(e= el lnsis ) (ReB ISA u Re 6 PartOf)) u
9s%e (e= e lhsos U (Re=ISAt Re = PartOf)))
remove s from Sense¢n) and eadh € = €yns i ;
Return Hs

O©OOoOoO~NO O WNLPE

Note that sud criteria do not fully solve the ambiguity becauseeat of them
cortinuesconsideringall the conceptswhich satisfy its conditions and does not
discard any meaningif no elemen satis es them.

We distinguish betweentwo phasesof semartic ltering: local Itering and
glokal ltering . The former considersthe label and the attributes of a node
independertly from the rest of the ACH, whereasthe latter takescare of all (or
part of) the structure. Let w be a word of the label or of an attribute of a node
k. Local ltering considersthe other elemeris of the label and of the attributes
of k as context of the disambiguation processof w. Instead, such a context is
represerted by the elemeris of the other nodes of the ACH in global Itering.
Actually, we only considerthe nodesin the context of k and the corresponding
headers. Anyway, local and global Itering are basedon the sameabove criteria
and work very similarly.

Local{semantic{fil tering in Algorithm 6.4takesa semaric ACH, Hg =
MH;PT;Each;Ept;labsi and a node k 2 H, whereas global{semantic{
fil tering in Algorithm 6.5 the ACH structure only. The former Iters the
sensedf the elemens in PT (k) and the corresponding relations in Ep 1, while
the latter the sense®f the headersof the nodesin H and the relationsin Eac H .

We have introduced a compact notation for the relations in Eacy and in
Ept to simplify the reading. e = ¢*CH indicates that e belongsto the Eac
set, while e = €”T indicates that e belongsto the Ept set. If the top index
is not presert, e can be an elemen both of Epcy and of Ept. € = eyinsi:
meansthat e hastk;n;si as rst elemen of its triple (i.e. the anteceden of this
relation), while e = en.nsi mMeansthat e hastk;n;si assecondelemert of its
triple (i.e. the subsequen of this relation). e = ey.nsis is usedif Hk;n;si can
be both the antecedert and the successoof e. Note that if the top index or an
elemen of the triple in the bottom index are not presen, it meansthat their
value can be any. Finally, R indicates the third elemen of a triple in Ept or
Eac H, i.e. the semartic relation.
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Algorithm 6.5 global{semantic{fil tering (Hs)
. semantic ACH: Hs = lHH;PT;Eac H ;Ept;labsi

1 for eahk2H

2 for each n 2 PT(k) where SynCat(n) = Head

3 for eath s 2 Sensegn)

4 if (:9e(e= eynsis)u9s’%e(e= eﬁl?an os )

5 remove s from Sensegn) and eadh € = €y i ;

6 if (Be(e= exnsis ) (ReB ISA U Re 6 PartOf)) u
7 9s%e (e= )t s U (Re= ISAt Re = PartOf)))
8 remove s from Sensegn) and eath e = ey is ;

9 Return Hs

EpT EAC H
hVacation#1 ; @; hlocation#1 ii hinsurance#1 ; Vacation#1 ; habout#1ii
hvacation#2 ; @; hlocation#1 ii hvacation#1 ; Insurance#1 ; horganizedBy#1 ii

h@; Country#1; hlocation#1 ii
hBaggage#1 Lost#l; hstate#3 ii

Table6.1: Ept and Eacy Sets

The algorithms apply the samerules but with respect to dierent sets of
relations: Ept in caseof local ltering and Eacy in caseof global ltering.
Algorithm 6.4 focuseson eadt senseof ead node of a given parse tree (steps
1{3), while Algorithm 6.5 on ead senseof eat header (steps 1{3). Steps4{
5 and 6{8 of both the algorithms are respectively the semantic rule and the
subsumptionrule. Note that semantic{fil tering removesa senses when it
matchesthe rule conditions both locally and globally in glokal Itering (steps4
and6{7: e = ey.nsis ), While it only chedslocalrelationsin local ltering (steps
4 and 6{7: e= €[ ;s ). When it removesa senses from the corresponding
set, it also removes all the relations involving it both as antecedernt and as
subsequen Finally, step 9 returns the input semanic ACH with a subset of
the pre{existing sensesand relations.

Example 11 Considerthe resultsof the semantic enrichment processof Exam-
ple 10. Figure 6.4 representspart of the current semantic ACH. In particular,
we have highlighted the concepts assaiated to each parse tree node.

We can summarize the composition of the setsEpt and Excy asin Table
6.1 (we omit the ACH nodesand the parse tree nodesin the triples).

By applying the heuristic rules of Itering for each parse tree (i.e. locally),
we can notice that both the concepts of “vaation' are internally related with
Country#1 throughthe node @ while only the concept Baggage#1lof “baggage'
is related to other elementsof the correspnding parsetree. Thus, weonly trigger
the sematrtic rule in the latter case and we removethe concept Baggage#2 No
glokal rule is triggered. The ltering resultis shownin Figure 6.5.
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vacation
Vacation#1
Vacation#2

K=

country
Country#1

- baggage
e
Baggage#2

lost

Figure 6.4: Part of the semariic ACH assaiated to the context of Insurance
and lost baggagebefore semartic Itering

vacation
Vacation#1
Vacation#2

RS

country
Country#1

@,

[ insurance | [ baggage |
| Insurance#l | | Baggage#l |

lost

Lost#1

Figure 6.5: Part of the semariic ACH assaiated to the context of Insurance
and lost baggageafter semartic Itering
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vacation
Vacation#1
Vacation#2

country
Country#1

last minute oer
LastMinuteOffer#1
LastMinuteOffer#2

Figure 6.6: Part of the semaric ACH assaiated to the context of Last minute
offers beforesemartic Itering

EpT Eac H

hVacation#1 ; @; hlocation#1 i hLastMinuteOffer#1 ; Vacation#1 ; hii
hVacation#2 ; @; hlocation#1 i hLastMinuteOffer#2 ; Vacation#1 ; habout#1lii
h@; Country#1; hlocation#1 ii

Table 6.2: Ept and Eaxcy Sets

Example 12 Suppseto consider the node Last minute offers of Figure 2.1
and the correspnding context: Vacations . For the sakeof simplicity, we only
consider the attributes of the node Vacations . Suppsethat the function parse{
tree works on the node Vacations as descriked in Section 6.2 and that it
assaiates the lakel “last minute o ers' to the following two concepts:

1. LastMinuteOffer#1 : a vaation proposal which occurs just before the de-
parture date with advantag®us economic conditions;

2. LastMinuteOffer#2 : an oer of something which occurs just before a
deadline is 0.

Moreover, supmse that the function semantic{enrichment has provided
two relations: an IsA from LastMinuteOffer#1 to Vacation#1 and a relation
About#l from LastMinuteOffer#2 to Vacation#1l. Figure 6.6 representsthe
concepts assiated to each parse tree element.

We can summarize the composition of the setsEpt and Excy asin Table
6.2 (we omit the ACH nodesand the parse tree nodesin the triples).

Heuristic rules applied locally do not alter the composition of the semantic
ACH. Glomal ltering considers the headers of the parse trees: we can identify
the presene of an ISA relation between LastMinuteOffer#1 and Vacation#1
which makesit so that any other senseof “last minute o er' and “vaation' is
removel for the subsumption rule. Note that this processremovesalso all the
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vacation

Vacation#1

country
Country#1

[ Tast minute oer |
| LastMinuteOffer#1 |

Figure 6.7: Part of the semaric ACH assaiated to the context of Last minute
offers after semaric ltering

relations involving the concepts deletal, i.e. the second relation in Ept and in
Eac 1. The remaining concepts are shownin Figure 6.7.

6.5 Choosing an interpretation

We have claimed that the processof semartic Itering is not able to fully dis-
ambiguate the meaning of ead word in the ACH and the way conceptsare
sematrtically related. Node interpretations can be arbitrarily complex but we
expect that an interpretation of an ACH node (by human beings) is subject to
somewidely applied rules. For example, the concept Insurance#1 in Example
11 could be semariically related to the conceptVacation#1 through either the
role about#1 or the inverseof organizedBy#1. Probably, a human will not con-
sider both the possibilities but it will only selectoneof the two: either “insurance
(policy) for vacations' or “vacations organized by an insurance agency'. Since
our goalis to reproduce asaccurately as possiblethe human behaviour, we need
to capture the empirical rules that make a node interpretation unequivocal. In
other words, we aim at identifying all and only the conceptsand relations which
are essetial for the meaningof a certain node. Suc conceptsand relations rep-
resen the interpretation of the node though they have not beenexpressedand
assenbled in a DL term yet.

De nition 19 (No de coverage) Let Hy be the context of the node k in the
ACH H and Hgx = MH;PT;Each;Epr;labsi the restriction of the semantic
ACHHsonHy. AsetE fEacu [ Eptgis saidto be a coveragefor the node
k, if it satis es the following conditions (e and e° representgeneric elementsof
E):

1. E is acyclic;
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2. 8e8ele= e, "e¥=€iC"; ) (Re= Reo)"9k%Ye= e "el=
eﬁ(co;'j_i! );

3. 8e8ee=¢f[., "e=¢€l. ;i ) Re=Re);
4. Se(e: €rk:n;s i ) 980(802 €hk:nisi )_ 9 eO(eO: €hk:n; _i ))

Condition 1 preverts the semariic relations from being cyclic. Note that
this constraint is applied only to global relations, becauselocal ones,e in Ep,
are mono{directional (see Algorithm 6.2). Given two ACH nodes, condition
1 avoids, for example, that the corresponding meaningsare both subject and
modi er mutually. Condition 2 ensuresthat there are not two ACH relations,
ein Eac 1, converging to the sameACH node unlessthey comefrom the same
node and they refer to the same semartic relation. Intuitiv ely, it meansthat
a node can be modi er of another ACH node at most. In this way, we also
prevent two nodesfrom being related by di erent semartic relations. Condition
3 is similar to condition 2 but it refersto the local case: a modi er and the
corresponding subject can be linked by one semartic relation at most. Finally,
condition 4 ensuresthat the meaning of ead parse tree elemen (including
headers) stays consisten. Intuitiv ely, it meansthat if we have assciated a
certain concept to a certain parse tree elemen (in order to link it with its
subject), we cannot changethe elemern meaning(i.e. choosinganother concept)
in order to link the elemen with its modi er(s). As an example,imagine a parse
tree elemen containing the word “bank'. We cannot choosethe sense'bank as
credit institute' to semartically relate it with its subject, and then choosethe
sense bank as part of ariver' to relate it with its modi er(s).

Example 13 Consider the node Insurance and lost baggage of Example 11
and the correspnding semantic ACH. A possible coverage (E1) is representel
by the following set of relations:

hVacation#1 ; @ location#1 i

h@ Country#1; location#1 i
hHnsurance#l ; Vacation#1 ; about#1li
hBaggage#] Lost#l; state#3 i

Another possible coverage (E) is given by the following set:

hvacation#1 ; @ location#1 i

hvacation#2 ; @ location#1 i

h@ Country#1; location#1 i

hvacation#1 ; Insurance#1 ; organizedBy#1i
hBaggage#1 Lost#1; state#3 i

They mainly dier for the selection of the semantic relation connecting the
concepts Vacation#1 and Insurance#1 . Moreover, in the rst case, we cannot
consider the edgehvacation#2 ; @, location#1 i becauseVacation#2 is not the
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madi er of any other concept and the other senseof “vaation' has such a role
(see condition 4 of De nition 19).

Note that the empty setis a possible coverage(E3), too, since all the condi-
tions are automatically satis ed.

From De nition 19 and from the above example, we can easily deducethat
a set of semairiic relations can generate more possiblenode coverages i.e. in-
terpretations. Formally, it exists one possible coverage only if no semaric
relations have beenfound (i.e. Eacy = Ept = ;). Indeed, if one semartic re-
lation hasbeenfound, at least two possiblecoveragesexist, the one considering
no relations at all, and the one consideringthe relation found.

Let us call 2fEac v [Er70 the set of all the possiblecoveragesof a given
node k. In the following, we proposethree heuristics in order to chooseone (or
a subset) of them. As a support, we rst introduce somefurther de nitions.

De nition 20 (Senses induced by a node coverage) LetHgy =
MH;PT;Each;Ept;labsi be the semantic labeling of the context of a node k
and E 2 a possiblecoveragefor k. The set of sensesnduced by E, | (E), is
de ned as follows:

I(E)=fsj9%k2H 9n2 PT(k) (s2 Sensest) " (9e2 E
(6= ennsis ) _ 9 e2E(e= ewn; s ))d

The sensesinduced by a node coverage are those which are involved as
antecedents or subsequets of its relations. If a parsetree node is neither the
starting point nor the arrival point of any relation, we selectall the sensesof
that parsetree elemen.

De nition 21 (T axonomic relations) LetHsx = H;PT;EacH;
Ept;labsi be the semantic lakeling of the context of a node k and E 2 a
possiblecoverage for k. The set of taxonomic relations in E, T(E), is de ned
as follows:

T(E)=fe2 Ej9k9k°2 H (e= efSH,, ~ e=¢lSH, ~
k°2 DESCENDAN T(k))g

where DESCENDANT : K | 2K is a function that relatesa node k in H to
the set of its desendantswith resgect to the hierarchy KK ; Ei.

We de ne astaxonomic the global relations which have the samedirection of
the edgesof an ACH structure. The edgesof an ACH structure point from anode
to all its children. Intuitiv ely, they are called taxonomic becausethey consider
a descendah node as a modi er of an its ancestor, therefore a speci cation of
its concept.

We now preseri three heuristics to Iter the set of possiblecoverages =

Maximization of semantic relations:

m = fE 2 jcard(E) = maxfcard(E,);:::;card(E,)gg:
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Minimization  of senses:

m=fE 2 jcard(l(E)) = minfcard(l (E1));:::;card(l (En))gg:

Taxonom y biasing:

w=FfE2 jcard(T(E)) = maxfcard(T(E));:::;card(T(En))go

The rst rule prefers the coverageswith the largest amount of relations.
Intuitiv ely, it selectsthe interpretations which best connectthe conceptsin the
structure. The secondrule selectsthe coverageswhich involve the smallest
number of senses.In other words, it prefersthose which best disambiguate the
meaningof the nodes. Sinceall the sensef a parsetree elemen are considered
if the elemen is not related to the rest of the context, the minimization of
the sensesgenerally implies the maximization of the relations and vice versa.
Finally, the third rule prefersthe coverageswith the largest number of relations
connectingthe ACH nodesto their descendats.

Example 14 Let us consider Example 13 and three of the possiblecoveragesof
the node Insurance and lost baggage namely E;, E; and E3. The following
table showsthe correspnding number of relations, of sensesinduced and of
taxonomic relations.

card | | | T
E1 4 5|0
E, 5 6|1
Ea 0 6|0

E1 minimizes the numkbker of senseswhermas E> maximizesboth the number
of semantic relations and of taxonomic relations. The nal choice of one cov-
eragefor the node Insurance and lost baggage dependson the priority which
is assignel to each heuristic.

Algorithm 4.1 usesthe function choose{co vera ge to selectone coverage
among those which are allowed by the semartic information available. It takes
a semarnic ACH Hg = lH;PT;EacH;Ept;labsi represering the context (en-
hancedwith semaric information) of a given node k and it selectsone of the
possiblecoveragesk in , accordingto one (or more) heuristic criterion (and
possibly randomly). Moreover, it discards all the relations in fEacx [ EpTQ
which do not belongto the coverageE, and all the sensesn PT which are not
induced by E. It nally returns the resulting semaric ACH cortaining only the
sensesand the relations in E.

6.6 Comp osing the meaning

The previous stepsof semartic explicitation have led to gather the essetial and
unequivocal information for the interpretation of a given node: a set of senses
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denoting the meaningof ead elemert in the context of the node and a set of re-
lations holding betweensud concepts. In this section, we intend to expressand
formalize the interpretation (represered by a coverage) in Description Logic.

When combining dierent elemeris in a logic formula, we needto choose
the way of expressingthe intended global conceptwith the fragmert of the DL
framework we are going to consider. As already claimed, we employ the ALCO
fragment for what concernsconcept constructors, while the choice about role
constructors depends on the roles returned by the function SRo. Obviously,
the decisionis not free from relevant consequencessinceit strongly impacts on
the algorithm decidability and e ciency .

In general, we expressthat the concept M is a modi er of the concept S
through the semaric relation R = HRy; Ry :::;Ryi (R 6 ;) with aDL existertial
restriction as follows:

Su9R;9R,:::9R,:M

We will usethe above expressionwhen linking di erent elemeris of the same
ACH node or the conceptswhich refer to di erent nodesin the context of the
onewe are examining. In caseR = hRi is a single{elemern set, the term reduces
to:

Su 9R'M

We expressthat two conceptsS; and S, are coordinate (i.e. ead of them is
independert from the other) by meansof a disjunction term:

Sit S

The expressionis neededin those caseswvherenode labelshave more subjects
(e.g. “insuranceand lost baggage')or whereattribute llers aresetsof values(i.e.
F = F¢). In both cases,the alternatives (i.e. dierent subjects and di erent
attribute values, respectively) are linked with the disjunction operator.

In Algorithm 6.6, we proposethe algorithm to composethe meaning. It
takes the semaric ACH (containing one coverage) referring to a node k and
returns the corresponding node interpr etation, i.e. a conceptterm.

The algorithm has two distinct parts: the former (steps 1{4) builds the
DL terms expressingthe local meaning of eat node in the cortext, while the
latter (steps 5 and 6) assenbles them and producesthe nal interpretation.
The local interpretations are generatedby the function build{local{meaning
and stored in an array, F, indexed by the nodes. The input of build{local{
meaning is composed by three elemers: the parse tree of the current node
k, the corresponding root (seestep 3) and the set of relations connecting the
elemeris of k (seestep 2). Step5 collectsin M all the ACH nodes,m, which are
not modi ers of any other node, i.e. they are not subsequets of any relation
in the coverage. Step 6 builds the nal term by arranging the DL formulae
represening the context subjects, m (and their modiers). Note that if the
coverageis a connectedgraph (all the nodes are related), the cortext has one
subject only (i.e. the cardinality of M is 1). Thus, we use the conjunction
operator of step 6 only if we have not been able to relate all the nodes in
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Algorithm 6.6 composing{the{meaning (Hs)
. semantic ACH: Hs = lHH;PT;Eac H ;Ept;labsi
VarDeclarations

set of relations: Eg
parse tree node: n
array of DL terms: F
set of ACH nodes: M
DL conceptterm: t

1 for eadh nodek 2 H

2 Ex feje=ell s 0

3 n  ROOT(PT(k));

4 F (k) = build{local{meaning( PT(k);n; Ex);

5 M fk2Hj:9e(e=ec" g

6 t u m,2m build{global{meaning (H;F;mi;Eacn);

7 Return t;

the context. In this case,we assumethe DL constructor u as default logical
connection between the subjects. For example, consider a node Vacations
represening the concept Vacation and its corntext Insurancerepreserning the
concept Insurance . Moreover, supposethat a possiblecoveragefor the latter
node doesnot include any relation betweenthem. In this casethe interpretation
of Vacations would be:

Vacation u Insurance

We now analyze Algorithm 6.7 which builds the meaning of a single ACH
node. The algorithm works in a recursive way by building the term of the input
node and connecting it to the one of its modi ers. The input elemers are a
parsetree, a set of relations betweenits elemens and one of its nodes. In steps
1 and 2 we deal with the virtual nodes, @. They are usedwithin a node label
either when it has more headers or to introduce an attribute. In the former
case,the children of @ are the di erent subjects, while in the latter casethey
are the possible attribute values (seethe Algorithm 6.1). In both cases,the
children are required to be in disjunction asthe following examplesshow.

Example 15 A lakel as “insurance and baggage'with two subjects, “insurance’
and “baggage',will be interpreted as:

Insurancet Baggage
where Insuranceand Baggageare assume to be two conceptsof a given ontology.

Example 16 Let us consider the node Last minute offers of Figure 2.1 and
its attribute price: hprice;f 1004 500% 1000%)i. In order to expressthe possible
valuesof the | ler, we will write:

100§ t f500% t f1000%
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Algorithm 6.7 build{local{meaning( P;n;E)
. parse tree: P
. parse tree node: n
. set of relations: E

V arDeclarations

DL term: t
array of semartic relations: A
1 if (n= @)
2 Return (t c2cHILD (n) build{local{meaning (P;cE));
3t (t sZSenses(n)S);
4 for each c2 CHILD (n)
5 if (9e2 E(e=epn it ™ e=epci ))
6 A(c) = Rg;
7 else A(c)= R ;
8 t (tu u c2cH1LD (n)9A(C): build{local{meaning( P;c,E));
9 Return t;

where f 1008, f 5008 and f 1000% are assumel to be nominals of a given on-
tology.

Step 3 producesthe DL term of the input node. We combine all its possible
meanings(i.e. thosewhich are induced by the coverage)through the disjunction
operator. Actually, we have more conceptsin disjunction only if we have not
beenable to fully disambiguate the meaning of the parse tree elemen. Steps
4{7 identify the semartic relation holding between the current node and its
children (i.e. its modi ers) and store it in the array A (step 6). Note that from
De nition 19, if more than one relation exists betweenthe sameelemeris, e.g.
e; and ey, they must refer to the samesemartic relation, i.e. Re, = Re,. When
we cannot identify a relation betweenan elemen and one of its modi ers, we
apply a special role, R , whosepurposeis to be a placeholderfor maintaining
the dependencybetweenthe two elemerts accordingto the parsetree structure?.
Step 8 connectsthe DL term of the current node with those of its modi ers by

is actually expanded as follows® (seethe discussionat the beginning of the
section): R1:9R; :::9R,. Finally, note that all the modi ers are in conjunction
onewith ead other.

Example 17 Suppmsethat in Example 14, we prefer the coverage which maxi-
mizesthe number of sensesnduced: E;. The function build{local{meaning

2|n semartic comparison, its semartics will be any relation. For example, consider the
following three terms: (t1) Cu 9R:D, (t2) Cu 9R1:9R2:D and (t3) Cu 9R :D. In this case,we
would assert that t3 = t; and tz = t; but not necessarily t1 = t;.

31f R = hi, it represerts the relation IsA. In this case,we simply connect the two concepts
by means of the conjunction operator. For example, given two (complex) concepts C and D,
we return Cu D.
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Algorithm 6.8 build{global{meaning (H;F; k;E)
. ACH: H = KK ; E;att; labi
. array of DL terms: F
. ACH node: k
. set of relations: E
V arDeclarations
set of ACH nodes: C
relation: ex ¢
array of semartic relations: A

DL term: t
1 Cf c2Kj9e2E (e=eéex._i' " €= €n_.i )0
2 for eahc2 C
3 & ¢ €2E(e=en._ it " €= éen_i )
4 A(C) Rek! c;
5 t (F(k)u uczc9A(c):build{global{meaning( H;F;cE));
6 Return t;

returns the following DL term for the node Vacations :
Vacation#1 u 9location#1 :Country#1

For the header “insurance' of the node Insurance and lost baggage it re-
turns:
Insurance#1

Whereas the DL term assaiated to the header "baggage'is:
Baggage#1u O9state#3 :Lost#1
Finally, step 2 connects thesetwo headers through the disjunction operator:
(Insurance#l) t (Baggage#lu O9state#3 :lost#l )

Finally, we presen build{global{meaning in Algorithm 6.8. Its goal is
to connect the meaning of the nodes in the cortext to build the corntextual
interpretation of a given elemer.

Algorithm 6.8takesa setof relations, E, through which contextual nodesare
connected. Furthermore, it is provided with the DL terms, F, represening the
localinterpretation of ead of thesenodes. The processs recursive: givenanode
k asinput, the algorithm combinesits term, F (k), with the one of its modi ers
(step 5). Step 1 identi es all the modi ers of the current node accordingto the
coverageE, whereassteps 2{4 store the corresponding semaric relation in the
array A. The way of treating A(c) is the sameasin build{local{meaning
Step 6 returns the resulting complex concept. Note that the procedureis very
similar to Algorithm 6.7.
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Example 18 With reference to the coverageE; of Example 14 and to the local
interpr etations of Example 17, build{global{meaning combinesthe meaning
of the nodesVacations and Insurance and lost baggage as follows:

((Insurance#1) t (Baggage#lu 9state#3 :lost#1 )) u
9about#1:(Vacation#1 u 9location#1 :Country#1)

It representsthe formalization in Description Logic of the coverageE, i.e.
the node interpretation of Insurance andlost baggage contextualized with the
node Vacations .
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Chapter 7

Implemen tation

7.1 Process ow and technologies

One of the main goals of our investigations was the dewelopmert of a schema
matching system basedon a semaric method. Our intent was the evaluation
of the algorithm precision in computing the meaning of the schema elemerts
comparedto the previous version, CtxMa tch , and the comparison with the
results of traditional methodologiesfor schema matching. Hence, we have im-
plemented a prototypal application for the experimentation of our theories on
simple test caseswhereasthe developmert of a ful{featured systemfor perfor-
mance comparisonrepresens the work of the next future.

In this section, we analyze the whole processof schema matching, focusing
on the system componerts and on the corresponding interactions. We will
explain the technologieswe have employed for their realization and the external
resourceswhich support the system. In the next section, we will dealin detail
with someaspects which depend on the implemertation technology adopted.

We can identify two main componerts in the architecture of the system.
They correspond to the two basic stepsof semartic methods: sematrtic explici-
tation and semartic comparison.

We start by analyzingthe rst component. Figure 7.1 shawsthe correspond-
ing processow. The rst processis the context extractor which correspondsto
the function context in Algorithm 4.1. It works on the input ACH which we
implement asan XML documert. The browsing and the processingof the tree
structure of the ACH is performed with the help of the Saxon technology by
Michael Kay [12]. While working on a Java application, it can be accessedrom
it by using the standard JAXP API. The context of the node in exam is then
passedto the processof tree parsing (corresponding to the function parse tree
in Algorithm 4.1), which parsesthe labels and the attributes of the nodes. We
useMiniP ar [6], a broad{coverageparserfor the English language,asdefault tree
parser (it correspondsto the function nlp{p arsing in Algorithm 6.1). The next
stepis the lexical enrichment of parsetrees, i.e. the assaiation of ead word (or
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multi{w ord) with the corresponding lexicon. We usethe WordNet dictionary
[16] aslexicon function (seeDe nition 14). Semariic explicitation continuesby
enriching the ACH with semartic relations and by ltering the possible word
senses.Semantic enrichment and semantic Itering are rst performed locally
(i.e. independertly from the contextual nodes) and then glokally. The extrac-
tion of semartic relations from existing ontologiesis executedby the componert
SR. It correspondsto the homonymous function (seeDe nition 13) and it has
beenimplemented according to the algorithm proposedin Section 5.3 (seethe
next section for implementation details). It derivessemartic relations between
ontological conceptshy interacting with RACER [11] (or Pellet [10]), a Descrip-
tion Logic reasoningsystem by Volker Haarslev and Ralf Mller. We use OWL
DL [15] (or equivalert languages,e.g. DAML, RACER language)ontologies as
supporting knowledge bases. However, they present one main drawbadk: con-
ceptsand rolesin ontologiesare usually expressedasstrings of natural language,
whereasWordNet returns senses.Thus, passingfrom WordNet synsetsto
ontological concepts (and roles) and vice versais not trivial *. At the current
time, we have solved the problem by simply tagging the ontologies of interest
with WordNet sensesmanually. This problem does not exist if we directly
use the knowledge cortained in WordNet . Thus, for practical purposes,we
have also used the linguistic relations which WordNet makes available (e.g.
hypernymy, hyponymy, meronymy, holonymy) by assigningan ontological value
to them?. So, for example, hyponymy has beenmapped onto the ISA semartic
relation, holonymy onto the PartOf relation, etc.

The processof semartic explicitation endsby chaosing one possiblecoverage
for the node in exam and by represerting it through the processcomposing the
meaning.

We point out that those processesvhich are depicted in grey in Figure 7.1
work in a global perspective with the aim of contextualizing the local meaning
of the node in exam. Thesealsorepresen those stepswhich must be performed
independertly for each node we needto interpret. On the cortrary, white boxes
are processesacting locally, i.e. node by node, thus they can be computed all
in one batch for ead node of the ACH and then be re{used in the semariic
explicitation of any schemaelemen. Finally, Figure 7.1 preserts the main type
of knowledgerequired by ead step of the processon the left.

The secondmain componert of the schema matching system is semantic
comparison whose goal is to compute the semaric relation existing between
two (or a set of) DL conceptterms. Figure 7.2 presers an overall view of the
system with particular emphasison this component (in grey color). Its input
is a pair of DL conceptterms. Each term is the result of the computation
performed by somesemantic explicitation process.We canimagine that XML1
and XML2 in Figure 7.2 aretwo independen schemas(sited at any geographical
distance) and eat processof semartic explicitation producesthe corresponding
interpretation. Note that the external resources(e.g. lexicon, knowledgebases)

1We discuss this problem and the possible ways of solving it in Chapter 9.
2SeeChapter 9 for a more formal discussion about this issue.
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which ead processusesare not required to be the same(e.g. eat party can
employ its own badkground knowledge). The componert semantic comparison

comparesthe results of the two mertioned processesand identi es the logical

relation betweenthe terms. It is basedon DL inferential procedures(seeSection
4.2.3),thusit needsthe support of a DL reasonerinteracting with a badground

knowledge base. Note that semantic comparison and its external resources
are independent from the processesand the resourceswhich have produced
the interpretation of the two schemasto be matched. The decidability of the

algorithm of semariic comparisonis ensuredby the employment of ontologiesin

OWL DL which return rolesguaranteeing the decidability of our logic framework

(seeSection 4.2.3).

7.2 Java comp onents

The needto integrate and interact with numerous existing technologies (e.g.
Saxon,RACER, tree parsers)whoseimplementation or APl isin Javarepreseits
the main causewhich hasled usto the employmernt of the sametechnology for
dewveloping our prototypal application.

In this section, we analysein more detail two speci ¢ aspects of the system
architecture: how the semantic ACH data structure hasbeenrealizedand how
the componert SR has beenimplemented.

The semantic ACH preseried in Section6.1 reproducesthe tree structure of
the corresponding ACH and storesthe di erent typesof information which are
neededto interpret the schema. It stores(i) the grammatical structure and the
lexicon of the ACH labels (and attributes) in parse trees (seethe P T function),
(ii) the semantic relations holding between ACH conceptsin Ept and Eacn
and (iii) the conceptterms expressingthe node interpretations in labs.

Figure 7.3 shaws the implementation details of the semantic ACH. Let us
focus on the classesContext and ContextElement which realize the structure
of the ACH asa tree. Context represerts the ACH. It cortains the root node
(represerted by the variable root) which in turn is linked to all its children
(represeried by the variable children). Each node k of the ACH is implemented
asan object belongingto the classContextElement It is provided with a set of
variables as follows:

an identi cation number id;

the path of the node in the ACH xPath;

the node label (i.e. lab(k)) label;

the identi cation number of the father fatherld;
the link to its children (i.e. E) children;

the node interpretation (i.e. labs(k)) glomlConcept.
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Figure 7.3: Classdiagram highlighting the semariic ACH structure
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The link to the children is allowed by meansof Java Hash Tables both to
avoid the introduction of an order among them (as in the caseof Vectors or
Arrays) and for the sake of an e cient and easyaccessto the single elemeris
of the set. Note that in the current implementation, attributes are not contem-
plated yet. The methods of ContextElement arethe typical get and set functions
de ned for ead variable. Each elemern of the type ContextElement is assai-
ated to the corresponding parsetree (due to the PT function) implemented as
ParseTree. The relation existing between ParseTree and ParseTreeElement is
the sameasbetweenContext and ContextElement, i.e. ParseTree represens the
whole parsetree by containing the parsetree root (represeried by the variable
root) which in turn is linked to all its children (represeried by the variable chil-
dren). Indeed,remenber that both ACH and parsetreesare organizedastrees.
Each parsetree node is implemented asan object of the classParseTreeElement
A ParseTreeElementis composedby:

an identi cation number id;

the word it represerts (i.e. Word) word;

the word lemma (i.e. Lemma) lemma;

the word part of speed (i.e. POS) pos;

the word syntactical category (i.e. SynCat) synCat;
the word lexicon (i.e. Lo applied to Word) concept;

The link to its children children.

Even in this case,the accesgo the children of the elemen and to the word
lexicon occurs by meansof Hash Tables, and the classmethods are the typical
get and set functions.

An important variable of the classParseTree is headerHS which keepstrack
of all the header elemens of the parse tree (i.e. the subject(s) of the corre-
sponding label).

Relationsin Ept and Eac i are represetted by the classSemanticRelation.
Each elemert of sudh setsis composedby atriple asfollows: hika; na;sai;kg;ng;sgi;Ri.
The terms of the relation are mapped 1:1 onto the variables of the classSeman-
ticRelation:

ka onto sourceNadeld;

na onto sourceParseElementld
Sa onto sourceConcept;

kg onto targetNaeld;

ng onto targetParseElementid
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Sg onto targetConept;

R onto semRel.

Note that the semariic relation R is here represerted as a string, i.e. the
concatenation of the namesof the roles composingR. The relations in Ep1 are
stored in the Hash SetlocalAxioms of the classParseTree, whereasthe relations
in Eac n in the Hash Set gloalAxioms of the classContext.

Context and ParseTree are provided with all those methods implemerting
the algorithms of semartic explicitation as preseried in Chapter 6. Context
methods work at global level (i.e. with respect to all the contextual nodes),
whereaslocal operations (i.e. working on a single ACH node) are directly per-
formed by ParseTree. With referenceto the process o w described in the pre-
vious section, we can recognizethe methods which realize the single processes,
respectively:

focus in Context extracts the context of a given ACH node;

parse trees and the corresponding lexicon are automatically built when
de ning a new ContextElement (in the classconstructor);

semanticEnrichment in ParseTree performs local semartic enrichmer;
semanticFiltering in ParseTree performs local semariic ltering;
semanticEnrichment in Context performs global semaric enrichmert;
semanticFiltering in Context performs global semariic ltering;

extractNodeCoverges and chaoseNaleCoverge in Context choose one
node coverage;

buildLocalFormula in ParseTree builds the concept term expressingthe
interpretation of a single ACH node;

composingMeaning in Context builds the conceptterm expressingthe con-
textual interpretation of a given ACH node.

All the methodsreproducethe corresponding algorithm presered in Chapter
6. For the sake of relevancefrom an implementation point of view, we point out
that the proceduresfor building local formulas and for composing contextual
interpretations are recursive algorithms.

We nally presen the architecture of the componert SR which extracts se-
mantic relations from existing ontologies, i.e. implemerting the algorithm of
Section5.3. Figure 7.4 shows the classesnvolved. The main classis ExtractRe-
lation. It is fed with an ontology and provides somefunctionalities to explore
it. It can identify all the concept names(i.e. N¢) and the role names(i.e.
Ngr) by meansof the methods getCon@pts and getRoles respectively. The core
method is getSemanticRelation which correspondsto the function SR. It needs
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Figure 7.4: Classesnvolved in the extraction of semariic relations from ontolo-
gies
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three more classesin order to work properly: Reasoner, RelationMatrix and
Dijkstr aAlgorithm.

The rst classallowsto edit and make inferenceon the given ontology (repre-
serted by the variable Kb) by the interaction with a DL reasoner(e.g. RACER).
The methods addConeptAxiom and isKkBConsistent are usedto add concept
axioms to the ontology and to ched its consistency respectively. They are
mainly usedin step 6 of Algorithm 5.1 in order to ched the consistencyof the
knowledgebaseafter having derived and stated the possiblepresenceof a certain
semaric relation betweentwo given concepts. Inferenceis performed by means
of the methods conceptSubsumesQconceptSupsumesQ conceptDisjointQ and
conceptEquivalentQ which seard possiblelogical relations betweentwo input
conceptsasit can be easily imagined by looking at the namesof the methods.

Class RelationMatrix represens the homonymous data structure. It is im-
plemented asa matrix of Vectors (represered by the variable relation_matrix ),
where eadh elemen of a Vector is a candidate for sematically relating the con-
ceptsrepresetted by the matrix coordinates of the vector. RelationMatrix em-
ploys Reasoner in order to make inferenceas largely visible in Algorithm 5.2.
We nally mention the method isNecessaryRelation: it allows to chedk whether
a certain semairic relation betweentwo given conceptis possible or necessary
(seeSection 5.2).

Class Dijkstr aAlgorithm implements the Dijkstra algorithm for calculating
the shortest path betweentwo nodesin an oriented graph. The graph is realized
asamatrix (represered by the variable graph) of integers(i.e. edgecosts). Each
step of the algorithm is represerted by an object belonging to the classatom.
We nally mertion the method getCostwhich computesthe cost of a given path
betweentwo nodes.
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Chapter 8

Running example

In this section,we presen oneof the simpletest casesve have dealt with. In this
thesis we have not beenable to perform complex and complete testing sinceit
would have required a lot of extra{w ork. The implemertation of an architecture
to support intensive testing and to compare performanceswith other matching
systemswill be the object of future work.

One of the main limits of the practical part of the thesishasbeenthe lack of
ontologiesbeing both geneal (i.e. describinga range of conceptswidely shared)
and precise (i.e. rich in information describing and constraining concepts). We
believe that satisfying both requiremerts is very hard when considering non{
speci ¢ domains as our analysis on some of the most popular ontologies (e.g.
SUMO [13], OpenCyc [9], Mikrok osmos[5]) has con rmed. This is the reason
which has led us to focus on speci ¢ domains and not on large{scale contexts
like web directories. In speci ¢ domains satisfying these requiremerts is much
simpler and someexisting ontologies can e ectiv ely do this (seefor examplethe
DAML library [1]). Anyway, we are still far from having a large repository of
well{founded knowledge bases: think for example that at the momert a large
percertage of the ontologiesin the DAML library are non{consistert aswe have
veri ed by meansof RACER.

We now presert our simple example tested on the prototypal architecture.
It allows usto make a rst ched about the possibleresults of our methodology
and to make someconsiderationsconcerningthe useof the systemin real cases.

Supposeto match the hierarchical classi cations of Figure 8.1. In the fol-
lowing, we will refer to the left structure asH; and to the right asH».

First of all, we needto de ne the knowledgebasewhich supports the process
of semartic explicitation and comparison. We have not found any existing
ontology providing a number of semartic relations betweenthe terms of H; and
H, (i.e. being generaland precisewith respect to the domain of interest). So,
using the OWL DL language,we have created a small knowledge base, which
formalizes conceptsand relations in the music domain asin Table 8.1. We are
aware of a ecting the reliability of the test by creating the ontology on our
own. Anyway, we think that no more signi cant axioms relating the possible
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k; : Classic music ¢y : Holy music

k, : Baroque ¢, : Bach

ks : Organ

Figure 8.1: Classi cation structures for test case

TBo x axioms

Music v 9style:MusicStyle

Holy v MusicStyle

Classicv MusicStyle

Baroque v Classic

Music v 9composed Composer
Music v 9played:(Instrument t Voice)
Bach v Composer

Organ v Instrument

9style:Holy v 9played:Organ
9composedBach v 9style:Baroque

Table 8.1: Music domain ontology

meaningsof the terms of H, and H, canbe given'. Thus, the semariic relations
which we are able to derive can be consideredfairly completewith respectto the
terms of the structures (and to the speci ¢ domain considered). Furthermore,
the assertionsof Table 8.1 seemreasonableand not biased towards our way of
working.

The formalization givenin Table 8.1is the commonway of expressingontolo-
gies. Howewer, as we have already claimed in Section7.1, the useof W ordNet
as lexicon makes it necessaryto map the ontological conceptsand roles (ex-
pressedas natural language strings) on WordNet senses. Hence, we have
manually tagged ead term in the ontology with the corresponding sensesas
givenin Table 8.2. A term as example#Xnmeanssensenumber n of the entry
example of WordNet 2.0. X refersto the corresponding part of speet (N
= noun, A = adjective, V = verb). The top index =~ 1'in caseof verbs means
that we refer to its passiwe form.

Once de ned the knowledge base, we have started the processof semartic
explicitation whoseresults are reported in the following tables:

Tables8.3 and 8.6 cortain the results of those operations which are inde-

1we could assert, for example, that instruments are built according to some style (e.g.
baroque). This would certainly intro duce some more relations between the concepts in Hq,
however, it would be a piece of information not strictly related to the music domain as we
intend it here (i.e. not referring to the way instrumen ts are built).

84



Terms WordNet senses

Music Music#N1, Music#N3
MusicStyle | Style#N3

Classic Classic#Al

Baroque Baroque#Al

Holy Holy#A1

Instrument Instrument#N6
Composer Composer#N1

Voice Voice#N2; Voice#N7
Organ Organ#N5 Organ#N6
Bach Bach#N1

style style#N3

composed compose#V2 !
played play#v3 !

Table 8.2: Mapping ontological conceptsand roles on WordNet senses

pendent from the node to be interpreted, i.e. tree parsing, lexical enrich-
ment, local semantic enrichment and local semantic ltering . Table 8.3
refersto Hq, while Table 8.6 to H».

Tables 8.4 and 8.7 contain the results of glotal semantic enrichment and
glokal semantic ltering , i.e. contextual processes.The tables report the
results oncefocusedon the context of ea node of H; and H, respectively.

Tables 8.5 and 8.8 contain the results of the processeschmse coverage
and composing the meaning (both locally and globally). The heuristic
applied for choosing the coveragehas beenthe maximization of semantic
relations. However the results would be the sameasin caseof taxonomy
biasing Table 8.5 refersto H;, while Table 8.8to H».

Table 8.9 shows the matching results, i.e. the mapping elemeris.

Note that semaric relations are represened as pairs where the former term
represens the direction of the relation (from subject to modi er) and the latter
the role (P stays for possible semartic relation, whereasN for necessary).

The results of the test appear quite encouragingsincethe expectedrelations
between schema elemerns have beenactually found and selected. This hasled
to arelevant improvemen with respectto CtxMa tch . In fact, if conceptswere
simply assenbled through the logical operator of conjunction (as CtxMa tch
does), all the mapping elemerns would be compatibility relations, . In other
words, both versionsare correct (we assumethat CtxMa tch selectsthe same
sensessversion 2 for eac schemaelemen) with respectto the knowledgeavail-
able and to the intuitiv e interpretation of the schemas,but only CtxMa tch {2
guararteesthe completeness.

The processof word sensedisambiguation has reducedthe word senseshy
more than 50%. Both the disambiguation processand the selection of the ex-
pected relations are strictly dependert on the badkground knowledge.

The more geneal the ontologies are, the more semariic relations between
the samewords we nd, becausemore of their possiblemeaningsare considered
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Tree parsing { Lexical enrichment

k1 k2 k3
w music w baro que W organ
L music L baro que L organ
SC Head SC Head SC Head
PS Noun PS Adj PS Noun
Music#N1 S Baroque#Al Organ#N1
Music#N2 Organ#N2
S Music#N3 s Organ#N3
Music#N4 Organ#N4
Music#N5 Organ#N5
Organ#N6
W classic
L classic
SC Mod
PS Adj
S Classic#Al
Classic#A2
Local semantic enrichment
Music#N1! Classic#Al ; style#N3 (P)
Music#N3! Classic#Al ; style#N3 (P)
Local semantic fil tering
k1 ka2 k3
W music W baro que W organ
L music L baro que L organ
SC Head SC Head SC Head
PS Noun PS Adj PS Noun
s Music#N1 S Baroque#A1l Organ#N1
Music#N3 Organ#N2
. Organ#N3
Organ#N4
Organ#N5
W classic Organ#N6
L classic
SC Mo d
PS Adj
S Classic#Al

Table 8.3: Local processespplied to H;
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Node

Global enrichment

Global fil tering

k1

music
Music#N1
Music#N3

classic

Classic#Al

ka

Music#N1!
Music#N3!

Baroque#Al, style#N3 (P)
Baroque#Al, style#N3 (P)

music
Music#N1
Music#N3

classic
Classic#Al

baro que

Baroque#Al

ks

Music#N1!
Music#N3!
Music#N1!
Music#N3!
Music#N1!
Music#N3!

Baroque#AZ style#N3 (P)
Baroque#AZ style#N3 (P)
Organ#N5 play#v3 ! (P)
Organ#N5 play#v3 ! (P)
Organ#Neéplay#v3 ® (P)

Organ#N6 play#v3 ! (P)

music
Music#N1
Music#N3

classic
Classic#Al

baro que
Baroque#Al

organ
Organ#N5
Organ#N6

Table 8.4: Global processespplied to H1
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Node Covera ge Senses induced Local meaning Global meaning
music
i i Music#N1 . . . .
K Music#N1! Classic#Al ; style#N3 (P) Music#N3 k1 : (Music#N1t Music#N3u (Music#N1t Music#N3u
usic ! assic ; style style: :Classic; style: :Classic;
1 Music#N3! Classic#Al le#N3 (P l 9style#N3 :Classic#Al 9style#N3 :Classic#Al
Classic#Al
music
MUSICENL kit (Music#N1t Music#N3u
MUSIGHNL!  ClassichAL o3 (P) Music#N3 9style#N3 :Classic#Al
usic ! assic ; style . .

. Music#N3! Classic#AL ; style#N3 (P) | gyﬁ:ﬁ?%%;ﬁﬁﬂ?ﬁ
2 Music#N1! Baroque#Al style#N3 (P) gstyle#N3 :Baro UeHAL
Music#N3! Baroque#Al style#N3 (P) Classic#AL Y -baroq

ko : Baroque#Al
Baroque#Al
music ki : (Music#N1t Music#N3u
Music#N1 9style#N3 :Classic#Al
Music#N3
Music#N1! Classic#Al ; style#N3 (P) l
Music#N3! Classic#Al ; sty:e#N3 EP; Classic ((MUsic#N1t Music#N3u
Music#N1! Baroque#Al style#N3 (P . )
Music#N3! Baroque#Al style#N3 (P) Classic#Al gSty:ezmg :glassm#:}\]zju
ks Music#N1! Organ#N5 play#v3 ! (P) kz : Baroque#Al QSTy e#v3 ! a(;oque#NE
Music#N3! Organ#N5 play#v3 ! (P) OFr)?/n#Nﬁ (Organ
Music#N1! Organ#N6 play#v3 ! (P) 9
Music#N3! Organ#N6 play#v3 ! (P)
organ ks : Organ#N5t Organ#N6
Organ#N5
Organ#N6

Table 8.5: Interpretation of Hy




Tree parsing { Lexical enrichment

C1 C2
W music W Bach
L music L Bach
SC Head SC Head
PS Noun PS Noun
Music#N1 S Bach#N1
Music#N2 Bach#N2
S Music#N3
Music#N4
Music#N5
w holy
L holy
SC Mo d
PS Adj
S Holy#A1
Local semantic enrichment
Music#N1! Holy#A1l; style#N3 (P)
Music#N3! Holy#Al; style#N3 (P)
Local semantic fil tering
C1 C2
W music W Bach
L music L Bach
SC Head SC Head
PS Noun PS Noun
s Music#N1 s Bach#N1
Music#N3 Bach#N2
w holy
L holy
SC Mo d
PS Adj
S Holy#A1

Table 8.6: Local processespplied to H,

89




Node Global enrichment Global fil tering

music
Music#N1
Music#N3

C1

holy

Holy#A1

music
Music#N1
Music#N3

Music#N1! Bach#N1 compose#V2 ! (P)

e Music#N3! Bach#N1 compose#V2® (P) holy
Holy#A1

Bach

Bach#N1

Table 8.7: Global processespplied to H»,

and related in the ontology. This increasesthe complexity of the selection of
one coverageas the amourt of possiblecoveragesis larger. Furthermore, gen-
eral ontologies allow to relate a conceptto many others and in many di erent
ways. The same conceptis in fact not only analyzed and de ned in a given
small domain but in many di erent perspectives. The disambiguation process
is therefore made very e ectiv e becausethe risk of leaving an elemert not con-
textually related (which could causethe selection of all its possible meanings)
is very low.

Similarly, the more precise the ontologies are, the more concepts are re-
lated to others, sincefor eat conceptthere are many restricting axioms. This
increasesthe complexity of the selection of one coverageasin the caseof gen-
eral ontologies. Moreover, if concept descriptions are very detailed, concepts
are unequivocal (intuitiv ely, the mapping on WordNet sensess 1:1 and not
1:n), thus making the disambiguation processvery e ective. In fact, relations
are found betweensingle sensesand not groups of sensegepreserting ontology
concepts.

We can cometo a conclusion: the more generaland precisethe ontologies,
the more complexthe coveragechoicebut the more e ectiv e the disambiguation.
This empirical though inductiv e result, given by our methodology, matchesin-
tuition: the more our knowledge, the more the possible ways of interpreting
schemashbut alsothe more precisethe nal result.

Finally, notice that most of the ways to relate concepts(all in this case)are
semartic relations of the type possible (P).
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T6

Node

Covera ge

Senses induced

Local meaning

Global meaning

C1

Music#N1!
Music#N3!

Holy#A1, style#N3 (P)
Holy#A1; style#N3 (P)

music

Music#N1
Music#N3

holy
Holy#A1l

Cqp:

(Music#N1t Music#N3u
9style#N3 :Holy#A1l

(Music#N1t Music#N3u
9style#N3 :Holy#Al

C2

Music#N1!
Music#N3!
Music#N1!

Holy#AL; style#N3 (P)
Holy#A1; style#N3 (P)
Bach#N1 compose#V2! (P)

Music#N3! Bach#N] compose#V2® (P)

music

Music#N1
Music#N3

holy
Holy#A1l

Bach

Bach#N1

Cqp:

Co !

(Music#N1t Music#N3u
9style#N3 :Holy#Al

Bach#N1

((Music#N1t Music#N3u
9style#N3 :Holy#A1)u
9compose#V2 1 :Bach#N1

Table 8.8: Interpretation of H,




[ Hi [ H2 [ Mapping element |

K1 C1
K1 C2
ka2 C1
Kz C2
k3 C1
k3 C2

Table 8.9: Mapping betweenH; and H»
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Chapter 9

Related works

Our approacd to schemamatching is basedon the ability to establishthe mean-
ing of eath schemaelemen accordingto the information available. This problem
requires both the interpretation of strings in natural language (or general ex-
pressionscommonly used) and the capacity to generatethe semariics which is
not presern in schemas. Both theseaspectsare subject to sciertic researt. In
this section, we present the main cortributions mentioned in literature to the
corresponding elds.

We can compare the problem of enriching hierarchical classi cation with
sematrtic information to the work done by Woods [45] on conceptual indexing.
Woods parsesead phraseinto one or more conceptual structures represering
how the elemens of the phrase are assenbled to form its meaning. Then,
he usestaxonomies of conceptsidentifying generality relationships among the
individual elemerns of the phrasein order to determine when the meaning of
a phrase is more general than the meaning of another. For example, he can
automatically determine that “car washing' is a kind of “automobile cleaning’,
given the information that a “car' is a kind of “automobile' and that “washing'
is a kind of “cleaning'. Even if similar methodologiesare applied, our approact
aims at interpreting already existing taxonomiesin order to make a number of
semartic relations explicit, while in conceptual indexing the starting point is
extracting terminology from documerts.

The contextual interpretation of schemaelemeris hasbeenalsosuggestedoy
Kavalecand Svatek [31] with particular emphasison Web directories. Howewer,
their goalis di erent sincethey usethe knowledgeembeddedin the structure to
obtain labeledtraining data with limited human e ort for information extraction
from Web documerts. Otherwise, our goal is to interpret schema elemers in
orderto discover the content of the documerts classi ed without analysingthem.

The interpretation of node labels and attributes in an ACH requires the
identi cation of the conceptto which ead word refersin that particular context.
This problem is commonly named as word sensedisambiguation In literature,
it is widely studied asshown in the detailed survey provided by Ide and Veronis
[30]. Word sensedisambiguation is usually tackled through two macro{steps:
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(i) the identi cation of the word sensesrelevant to the corntext (e.g. phrase,
text, structure) under consideration and (ii) the assignmen of the word to the
appropriate sense.The rst stepusually occursby assaiating the word to some
speci ¢ information which can characterizeit, e.g.:

the corresponding de nition (e.g. dictionaries);

groups of features, categories,or ass@iated words (e.g. synoryms, asin a
thesaurus);

ertries in a transfer dictionary (e.g. the corresponding translations in
other languages).

Howewer, the precisede nition of a senseis still subject to considerablede-
bate within the community and it seemsto have not easyand de nitiv e solution
in short time (seethe argumert by Ide and Veronis [30]).

The secondstep is achieved by relying on two major sourcesof information:

the context of the word, in the broad sense;

external knowledge resources(e.g. lexical and encyclopedic resources),
which provide data useful to assaiate words with senses.

The disambiguation processworks like this: it can either match the context
where we nd the instance of the word to be disambiguated with information
from an external knowledgeresource(seethe approac by Leskin the following),
or it matches the word corntext with information about the cortext (derived
from corpora) of previously disambiguated instances. Assaciation methods are
then usedto determine the best match betweenthe current cortext and one of
theseinformation sources.The best match indicates the most likely senseto be
assciated to ead word occurrence.

Oneof the rst works on word sensedisambiguation was carried out by Lesk
[32. He proposedto disambiguate the senseof the words in a given context
according to the co{occurenceof words in the corresponding de nitions. For
example,givena corntext as\there wasashfrom the coal re", “ash'wasresolved
as\the soft grey powder that remains after something hasbeenburnt” instead
of \a foresttree commonin Britain", sinceit cortained the verb "to burn', which
was also contained in the de nitions of coal (i.e. \a black mineral which is dug
from the earth, which can be burnt to give heat") and re (i.e. \the condition
of burning; ames, light and great heat"). An ewlution of this methodology
has beenproposedby Manabu in [36)].

Another relevant proposalis the one of Agirre and Rigau [18]. They pro-
posea procedurefor lexical ambiguity resolution basedon an elaboration of the
conceptual distance among concepts,i.e. conceptual density [17]. The system
clusters words in semartic classesaccordingto the word lexicon and analyzes
how classesare hierarchically organised. Then, the system resoles the lexi-
cal ambiguity by nding the combination of senseswhich maximizes the total
conceptual density.
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This procedure and many others in the eld of word sensedisambiguation
are basedon the notion of conceptual distance among concepts. In literature,
we can nd many di erent approadcesto the redkoning of such a distance. The
one proposedby Agirre and Rigau [18] and the one by Resnik [41] are among
the most relevant. Resnik statesthat the more information two conceptsshare
in common, the most similar they are. The information sharedby two concepts
is indicated by the information cortent of the conceptsthat subsumethem in a
given taxonomy. The information content of a conceptis computed as negative
the log likelihood, according to the information theory. So, the more abstract
a concept, the lower its information cortent.

Many other approacesto word sensedisambiguation can be found in lit-
erature as the one of Yarowsky [46], of Li, Szpalowicz et al. [33], of Okumura
and Honda [38], of Sanderson[42], etc.

Some of these methodologies and our work, too, are basedon the use of
WordNet [16]. WordNet is an online lexical reference system whose de-
sign is inspired by current psydolinguistic theories of human lexical memory.
English nouns, verbs, adjectives and adverbs are organizedinto synorym sets,
ead represeting one underlying lexical concept. Dierent relations link the
synorym sets (e.g. hypernym, hyponym, meronym, holomyn). Howewer, suc
relations are only few among the possiblerelations existing between concepts
and have a linguistic value mainly. Thus, the use of WordNet as ontological
resourceis quite limited. Anyway, someresearders are currently involved both
in the analysisof WordNet assemartic resourceand in its possibleextension
asontology. For example,Gangemi, Guarino et al. [26] discussthe semartic lim-
itations of WordNet and proposean upgrade of its top{lev el synsettaxonomy
in order to make it more conceptually rigorous and cognitively transparert.

A di erent approach to the ontological enhancemeh of WordNet isto align
it with existing available ontologies. Ontologies [27] are formal descriptions of
the conceptsand relations which can exist for an agert or acommunity of agens.
Howewer, conceptsand relations are usually represertied asstrings in ontologies,
thus they are subject to the same problem of a natural language text: the
word ambiguity. The solutions to the problem are basically two: (i) applying
techniquesof semartic explicitation (asthe onewe have preseried in this thesis)
to the strings represeriing ontological concepts and relations or (ii) aligning
ontologieswith a lexical systemasW ordNet manually or semi{automatically.
The rst possiblesolution has not beenimplemerted yet, whereasthe second
way hasbeenconsideredin somerecert works, e.g. the mapping of W ordNet
to the SUMO ontology by Niles [37].

One of the most important topics discussedin this thesis and related to on-
tologies is the extraction of possiblesemartic relations from knowledge bases.
As far as we know, there is no approad in literature which is directly compa-
rable to ours. Howevwer, it is our duty to mention some similar works which
focuseither on ontology exploration or on the extraction of conceptualrelations
from texts. With respect to the former case,we only remark the existence of
a tool called OntoXpl [8] by Ying Lu of the Concordia University. Ontoxpl
retrieves the implicit information in a given ontology and reorganizesit in a
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way sud that userscan get a global picture of ontology information and ex-
plore the knowledge basee cien tly (e.g. discovering all the role restrictions of
a given concept, nding out all the instancesof a given concept). The second
category of works is studied in the eld of ontology learning, i.e. methodologies
to build up and expand existing ontologies (semi{)automatically. Generally,
systemsfor conceptual relation discovery can seard both unnamed and named
relations. Unnamed relations expressthe fact that two conceptsare more or
lessstrongly related, although the exact nature of the relation is unknown. In
order to nd unnamed relations, the technique of collocations is usually em-
ployed. Collocations are occurrencesof two or more words within well{de ned
units of information (e.g. a documert). Signicant collocations are selected
according to di erent possible measuresas discussedby Smadja in [44], e.g.
Heyer, Luter et al. [28] usea measurequite similar to the log likelihood index
(applied to the number of sertencescortaining one of the two words or both
of them). Once signi cant collocations have beenfound, the relation strength
betweentwo given words is usually computed by meansof statistical methods.
For example, Maedde and Staab [35] use ass@iation rules and calculate the
relation strength accordingto the con dence and the supprt of the two given
words. Relewvant relations are then identi ed through suitable thresholds. Note
that words in texts are not concepts, however word sensedisambiguation can
help recognizing the particular concept which the word in the text refers to,
thus allowing to discover relations not betweenwords but concepts.

Namedrelations, i.e. relations with a well{de ned type, are stipulated when
a conceptoccursin a certain expected grammatical pattern in the text. When
concepts are encourtered in a pattern, a triple is extracted: two concepts
and a relation which is found to hold betweenthem. Consider the example
proposed by Byrd and Ravin [24]: if we de ne a pattern as: 'PERSON, ...
of ORGANIZATION', it is matched, for example, by this occurrencein the
text: \T oday, Gerstner, the CEO of IBM, announcedthat the compary...", to
yield the conceptualrelation CEO between Gerstner and IBM .

A number of variants to the problem exist and usually di er for the classof
pattern they use,e.g.:

patterns which andchor the positions of both conceptsand allow for the
discovery of the relation name in the remainder of the pattern;

patterns which anchor the positions of both conceptswithin a constan
pattern and yield a xed relation name;

patterns which anchor the position of one of the conceptsand of a xed
relation name and allow for the discovery of the secondconcept.

For a more detailed discussion,refer to the paper by Byrd and Ravin [24] or
by Sintex, Junker et al. [43]. Note that all thesemethodologiesare basedon the
availability of large corpora to discover new relations from texts, whereasour
methodology focuseson the extraction of relations de ned in existing ontologies,
thus not requiring any data instance. Their purposeis to build ontologies, i.e.
our exact opposite: exploiting knowledge preser in ontologies.
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Chapter 10

Future works

Our proposal only represens a preliminary version of the CtxMa tch {2 algo-
rithm and a lot of work remainsto do in order to guarantee pragmatic relevant
matchings between concept hierarchies. The e orts must be directed towards
the improvemert and the re nement of the dierent steps of the semariic ex-
plicitation process.The intended objectiveis to provide a schemainterpretation
which matchesthe classi er's as claimed in Chapter 3. The key of the success
of semartic methods residesin the ability of exploiting all the contextual infor-
mation which is available in the schemata and in the capacity of selectingand
Itering the badground knowledge which is required for the interpretation of
the given schemas.

In the following, we provide a list of possibleenhancemets of the procedures
at the di erent stepsof the semartic explicitation algorithm.

Natural language parsing

The node label parsing is sensibleto the improvemerts of the natural language
processingbut some more work can be done for tailoring sud techniques to

structured schemas. Indeed, schemata spread semarically related expressions
throughout di erent nodes, depriving the parsing processof the single node of

useful information. The key challange is the adoption of methodologieswhich

are able to guarantee a synergy among the di erent and independent (in this

version) processe®f node label parsing. One proposal is about the multiw ords
recognition across multiple nodes. Consider that the presenceof multiw ords
easethe interpretation processbecauseit minimizes the number of conceptsto

be semariically linked within a given context. A trivial exampleis represeried

by the following phrase, ‘saccer player', which is tagged as multiw ord in the

WordNet dictionary. A possibleACH could be rooted at “player' and it could

have a sonrepreseiting “saccer' asin the following:
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Player

Soccer

The interpretation of the Soccer node would be easedby any processable
to recognizethat the concatenation of the root node label with “saccer' results
in a multiword. In this case,the Soccer node would be assaiated with the
respective multiw ord concept, Soccerplayer, and we would be prevented from
semarically connectingthe two nodes, namely the concept Player and the con-
cept Saccer.

Semantic enric hment and relations extraction

The semariic enrichmernt is basedon the extraction of semartic relations from
a knowledgebase. This step represetts one of the most innovativ e issuesof our
methodology but it still requiresa lot of study whoseresults will strongly in u-
encethe succesf semariic methods. In the Appendix 5, we provide our own
de nition of semartic relation with respectto a givenontology and an algorithm
for deriving connectionsbetween concepts. Anyway, other methodologiescan
be found in literature asthe onewhich proposesof extracting semariic relations
from natural languagetexts according to statistical methods []. The synergy
of the di erent algorithms, their re nement and the ltering of the knowledge
on which they work according to the domain of interest represen someof the
major challangesin this eld.

Somework must be also carried out in the ACH attributes managing. In
the current version, we simply connect eat possibleinterpretation of a given
node with ead possibleinterpretation of the attribute llers by meansof a DL
role represetting the disjunction of all the possibleintepretations of the attribute
meaning. We do not exploit at all the information which is givenby the attribute
itself. Consider, for example, the Vacation node and the respective attribute
of Figure 2.1. If we are able of deriving that the only reasonableinterpretation
of the node is “vacation (as leisure time) whoselocation (as point in space)is
a courtry (as geographicalregion)', we could avoid of linking any other sense
of “vacation' (dierent from leisure time') with any other senseof “courtry'
(dierent from “geographicalregion’). Moreover, we could disambiguate the
attribute role by assaiating it only with the intended sense. We can modify
our algorithm for this purposewith a two{steps procedure: (i) eliminating the
steps 12, 18 and 21 in the Algorithm 6.1 and (ii) adding to Ept only those
relations which can be derived from the given knowledgeand which correspond
to one of the possible meaningsof the attribute, in the Algorithm 6.2. If we
are not able of disambiguating the attribute meaning, we keepall the possible
sematic connectionsasin the current version of the algorithm.
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Semantic ltering

The processof semartic ltering is basedon heuristic procedures.In the Section
6.4, we preseried two rules, respectively the subsumption and the semartic rules,
which we apply in the current versionof the algorithm. They prefer those senses
which are sematrically linked to the rest of the context and, in particular, those
which are IsA or PartOf{related. The choice of such criteria was driven by
their semplicity and easeof implementation. Furthermore, they represen a
point of corntinuity with respect to the rst version of the algorithm [] where
their e ectiv enesshas beenpartially experimented with good results. Anyway,
the employment of di erent proceduresrepreserts one of the next challanges.
The experimental results will track the way to be followed and will help to nd
the set and the sequenceof heuristics which guarantee the best performances.
In particular, the heuristics selectivity will in uence the algorithm precision
proportionally.

The successf someheuristic proceduresalso depends on the organization
and categorization criteria which have beenapplied in the schema design. In
the following, we present a new proposal which highlights this dependency In
many concept hierarchies and in the most of the taxonomies, we can identify a
sort of symmetry or similarity among the siblings of the samenode. Consider
the following CH examples:

Red Green Blue

In this case,all the labeled nodes represen a color, that is they are ISA{
related with the Cola concept.

Mouse Printer Scanner

"Mouse', Printer' and "Scanner'belong to the samedomain. For example,
WordNet classiesall of them in the "computer science'domain.

Vacgtions

Reports News Stories
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All the secondlevel nodescan be related to the Vacation node by meansof
the about relations.

We can notice that in the rst two cases,the nodes have some kind of
similarity while in the third casethey are semartically related to the samenode
of the structure by meansof the samerelation. Thesemeasuresof similarity can
be usedfor Itering the nodessensesand, consequetly, the semartic relations.
For example,we could de ne a rule asfollows: we removea senses of a node k
if it is not similar to a senseof all its siblings and there exists another senseof
the same node which has such a property. Note that we can usemany di erent
metrics and clustering methodologiesassimilarity measures:domainsasde ned
in WordNet , ontological distances?, etc. Analogously, we could de ne a rule
for ltering the nodessensesaccordingto their contextual linkage: we removea
senses of a nodek if it is not semantially connected to the context in the same
way of a senseof all its siblings and there exists another senseof the samenode
which has such a property.

The succesf these two heuristics strongly dependson the regularity and
symmetry of the schemasto which they are applied. Finally, note that these
procedureshave the main advantage of exploiting the contextual information
in a more integrated way. Indeed, the current version of the algorithm focuses
on the path from the ACH root to the node to be interpreted for retrieving the
necessaryinformation, while these methodologiesinvolve all the siblings of the
path nodestoo.

Explicitation  of the nodes meaning

The most stimulating challenge for the next period is to study the notion of
horizontal and vertical coherence of the nodes coverages. When we interpret a
givennode k of an ACH, we choosea coverage,we build the local interpretations
of all the path nodesand we composethem by meansof semartic relations in
order to shape the meaning of k. Note that we build a local interpretation for
a speci ¢ set of nodesand the contextual meaning only for the node in exam.
We could also explicit the contextual meaning of all the path nodes for the
sake of e ciency but we would not get any improvemen becausehe contextual
meaning of a node changesaccordingto the node we are interpreting. Thus, we
cannot exploit the semariic explicitation processof a given node for interpreting
its ancestora?. Considerthe following example:

1seel], I, ...
2This consideration does not hold for taxonomies.
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Images

Mountains

Vacations

When we interpret the Mountains node, we assaiate it with the following
concept: “imagesabout mountains', which is very di erent with respect to the
role of the node in the intepretation of the Vacations elemen. Indeed, the
most obvious meaning for the Vacations node is ‘imagesabout vacations in
mountain’. In the former case,the local concept of Mountainsis the modi er
of Imagesby means of the about role, while in the latter caseit has become
the modi er of the Vacationsconcept by means of the in role. Anyway, the
principles of vertical and horizontal coherenceaim at constraining the local
interpretation of the single nodesto be constart independertly on the schema
elemen we are analyzing. With referenceto the above example, we can require
that the concept we assiate with the Vacationsnode is “leisuretime’ in the
interpretation of ead node of the structure (which could be much larger). Note
that the local interpretations are in uenced by the context, thus they cannot
be performed independertly from it.

We can identify two levels of coherence:(i) vertical coherence presenesthe
meaning of a node along a given path, while (ii) horizontal coherence presenes
the meaning of a node in di erent contexts. Considerthe following example:

News

Black holes Cinema

Y

Let us focuson the Stars node. It canreferto “highly skilled characters' or
to “celestialbodies'. Vertical coherencerequiresthat ead descendah agreeon
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its meaning: if we considerits secondacceptionfor interpreting the Blackholes
node, we must keepit for any other node along the samepath (i.e. XandY) and
viceversa. On the other hand, horizontal coherencerequiresthat nodeswhich
share the same cortext 2 agree on the meaning of the cortext nodes. Thus,
the two nodesBlackholes and Cinemamust be in agreemem on the semarics
of the Stars (and New$ node. Note that the semartics of a node can be very
complex and it can involve more senseof the sameword.

The algorithm complexity increasesa lot whenwe apply the principles of co-
herence.In particular, the composing{the{meaning  function needsto chedk
the consistency of the available interpretations of sdhema nodes eat time a
new elemert is processed.When it detects an incoherence,it must identify the
(most likely) causeand solve the problem. Our proposalis to have a backtrack
function which decides,in somesense,which coverageis the most responsible
for incoherence. In the following, we proposethe composing{the{meaning
function of the Algorithm 6.6 with the badktrack enhancemen

Algorithm  10.1 composing{the{meaning-B  (Hs; k)
. semantic ACH: Hs = hHH;PT;Eac 1 ;Ep7;labsi
. node: k2 H
VarDeclarations
semartic ACH: Hgx = HHEPT%E: labli
set of node coverages: W
coverage: CKy
set of relations: Eyo
parse tree node: n
array of DL terms: F[]
set of ACH nodes: M
set of relations: Eac n
Hsx extra ct-semantic-A CH-genera ted-by-node( Hs;k);
W  extra ct-node-co vera ges(Hsx ;K);
CKk choose-node-co vera ge(W);
update-a gend a(k; CKy);
if (agend a-is-consistent() )
for ead node k°2 H°
Exwo fe2 CKxje= exo_is g
n  root(PTYkY);
F (k% = build{local{meaning( PTYUKY: n; Eyo);
0 M fk2H%:9e2CKc(e= S )a;
11 Eacnu fe2CKije= &CMyg;
12 labs (k) u m;2wm build{global{meaning (F;mi; CKy);
13 else backtra ck() ;
14 Return Hsg;

P OoO~NOODWNPER

Once we have selectedthe node coveragefor the input node k (step 3), we
update the agendacontaining the choiceswe have made so far about the local

3In the current version, a node context is given by the path from the root to itself.
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meaning of the single nodes (step 4). In step 5, we ched the coherenceof the
di erent interpretations and we apply the samestepsof the Algorithm 6.6 if we
have detected no conicts. In casethe set of interpretations is not consister,
we apply the backtrack function (step 13). Its tasks can be be summarizedas
follows:

Identify the conict;
Investigate for the cause;

Rearrangethe interpretations cohererly.

The way of performing such stepsgoesbeyond the scope of our preliminary
work and represens one of the most stimulating and complex challangesof the
next period.

A strictly related consequencef the employment of the principles of coher-
enceand of a badktrack function is that we can completely remove the lItering
procedures.Indeed, we leave to the coverageschoicestep the task of determining
the best set of sensesand relations which represents the optimum interpretation
of a node in the context of its schema. The ltering criteria becomethe dis-
criminant for selectingthe most coherent coverageof a given node with respect
to the whole structure.
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Chapter 11

Conclusions

The thesis has moved along two distinct but synergetic directions: the investi-
gation of a methodology for schema matching basedon semariic methods and
its implemertation in a prototypal application. The former has allowed us to
work out the theoretical foundations of our proposaland to formalize the condi-
tions which guarartee its soundness.The latter has provided for an immediate
veri cation of the e ectivit y of the approad.

The work has beenvery complex and has introduced many innovative con-
tributions both from a theoretical point of view and in terms of algorithms
and heuristics. Its relevanceis both in the eld of semariic interpretation of
(semi{)structured data and in the schema matching.

The rst step has beenthe presenation and the formal de nition of the
schemaswe have considered: hierarchical classi cations with attributes. They
are one of the most generaland widely spread schemasfor the classi cation of
objects and documerts. Furthermore, the data model they represert can be
adapted to seweral other models, thus making our dissertation quite general.
CtxMa tch considersonly hierarchical classi cations, whereaswe have taken
into accourt the possibility to characterize schemacontent with attributes, too.

The semartics of mappings betweenhierarchical classi cations has beende-
ned in terms of set{theoretical relations betweenthe content of their elemerts.
Furthermore, since we lacked a uniform and general criterium to evaluate the
soundnessof a mapping, we have proposedone possiblede nition of soundness
which can be assumedas a guideline when evaluating matching methods of
classi cation schemas.

We have then formalized semariic methods as a solution to the matching
problem and we have investigated the conditions which guarantee their sound-
ness. The two most relevant conditions can be summarized as follows: (i) we
needto produce an interpretation of the stchema elemens equal to the one by
the classi er and (i) we needthe availabilit y of a background knowledgeconsis-
tent with that of the classi er's. As the secondcondition lendsonly to practical
considerations,we focusedour e orts on the dewvelopmert of an algorithm able
to generatereasonableinterpretations of schemaelemeris.
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We have thus analyzed how the meaning of schema elemens can be ef-
fectively made explicit. NLP techniques are neededto parsethe grammatical
structure of the phrasesin schemas,whereaslexical knowledgeprovidesthe pos-
sible meaningsof eat word in these phrases. Our cortribution to this phase
is quite limited since existing functions and external resourceswell support its
execution. The most challanging step is to build the semartics which schemas
do not express,i.e. the conceptwhich ead word actually refersto (word sense
disambiguation) and the way conceptsare related. Sincewe think that the sense
of a word is likely to be the one which best ts in the word context, the two
problemsare all dependert on the ability to approximate the semairic relations
holding between pairs of concepts.

We have largely investigated this issue resulting in a methodology which
is supported by theoretical considerations about the semarics of existertial
restrictions in DL knowledgebases.Furthermore, we have provided an algorithm
for the extraction of semaric relations betweenpairs of conceptsfrom existing
ontologiesand we have discussedhe conditions which guaranteeits decidability.

We have nally presened the algorithms that we needto apply in order to
build the meaningof schemaelemerns. In somecasesour cortribution hasbeen
only in terms of procedures,whereasin other caseswe have proposedheuristics
to deal with phasessolved by humans through sensibility and experience. In
fact, the possibleinterpretation of an elemert is not unambiguously determined
but eadh human provides its own.

Once we have worked out our methodology, we have developed a prototypal
application whose architecture has been discussedin Chapter 7. In particu-
lar, we have pointed out its interactions with external libraries and resources
and the need of usageof numerous technologiesfor its realization. The cur-
rent implementation represerns a good starting point to test the e ectivit y of
our methodology. The results of our experiments, though performed on small
examples,have shown a relevant improvemen with respect to CtxMa tch .

The main limitations of our proposal can beenseen(i) in the lack of rich
ontologies able to support the processof semartic explicitation and comparison
and (ii) in the lack of alignment of the conceptsin ontologies with W ordNet
(or any other similar resource)senses.Thesepoints represert general problems
in the Semaric Web, thus we expect that they will be gradually addressed
and solved. For thesereasonsi,it is likely that our methodology cannot succeed
in large{scale contexts (e.g. web directories) in the short term. Instead, its
most imminent possibleapplication is in speci ¢ and restricted domains where
a detailed de nition of the common badground and of the sharedterminology
is already a current achievemen aswell astheir formalization, in many cases.

This thesis hasfully explained the methodology which has beenused. How-
ewer, a lot of work can still be performed in order to enhancealgorithms and
heuristics aswe brie y discussin the next lines.

The label parsing is subject to the improvemens of NLP but some work
can be done to tailor such techniquesto schemas. In fact, shemasspread se-
mantically related expressionghroughout di erent nodes,depriving the parsing
processof the single node of relevant information. The challangeis the adoption
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of techniques which are able to guarantee a synergy among such processes.A
proposalmay be the recognition of multi{w ords dispersedacrossmultiple nodes.

Some work must also be carried out in the way attributes are managed.
In the current versionwe do not worry about disambiguating attribute names.
Howewer, the node to which they are attached and their ller provide a good
context to derive their intended meaning. For example, consider the node
Vacations of Figure 2.1. If we are given that only the sense’a determina-
tion of the location of something' of “location' is semairically related to a sense
of “vacation' and of “courtry’, we may usethis information to disambiguate the
meaning of the three words.

The extensionof the de nition of context of a node canintro ducenew heuris-
tics for Itering word senses.In many classi cation schemas, it exists a sort of
symmetry (or similarity) among siblings. For example, all the children of a cer-
tain node could be intended as colors or as belongingsof the samedomain (e.g.
it exists a senseof "'mouse’, printer' and “scanner'in the domain “computer sci-
ence"). Thus, the possiblesenseof sibling elemers can be clustered according
to somesimilarity measure(e.g. domainsasde ned in WordNet , ontological
distance: all techniques already usedin word sensedisanmbiguation), which is
then usedto lter out non{matching senses.

In the next future, we aim at enhancingthe methodology and the algorithms
according to these directions and then deweloping a full{featured version of
the system. This will result in an application to be usedin extensiwe testing
and in performance comparisonwith the other most relevant methodologiesof
schemamatching. Finally, the architecture will be re{engineeredin order to be
integrated into the commercialtool KEEx !, where CtxMa tch already runs.

1A peer{to{p eertool for distributed knowledge management [22].
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