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Abstract For this reason issues on editing, browsing and visualiza-
tion of the ontology become subordinate and the problem
The main focus of this paper is how to measure similar- of representation of ontology can be dealt with in a differ-
ity in a content-based information retrieval environment. In ent perspective.
the first part we define the information base, whichisagen-  Our claim is that when the ontology is no longer the pri-
erative framework where an ontology in combination with mary base in focus, a more restrictive language with less
a concept language defines a set of well-formed conceptsexpressive power is more suited in the present context. The
Well-formed concepts is assumed to be the basis for an in-main argument for this is that we can do with an incremen-
dexing of the information base in the sense that these con+al volume of knowledge represented in the ontology. Even
cepts appear in descriptions attached to objects in the basevery small fragments from a domain, such as a few related
Subsequent and last we introduce an approach for measur-concepts, makes sense as an ontology if answers to queries
ing similarity in this framework. The measuring problem can be improved by this. There is no need at all to insist on
is divided into to continuous parts where we first narrow completeness on the coverage of a domain or a subdomain.
what concepts have in common, and secondly use this frag- We consider a generative framework where an ontology
ment, a similarity graph, for calculating the similarity be- in combination with a concept language defines a set of
tween concepts. The purpose of narrowing or restricting well-formed concepts. Well-formed concepts are assumed
what concepts have in common is to manage the generativeéo be the basis for an indexing of the information base in
aspect of the ontology, and to retain the greatest possiblethe sense that these concepts appear as descriptors attached
number of shared attributes and characteristics of the con- to objects in the base. Descriptors are combined in descrip-
cepts being compared. Taking the similarity graphs as input tions to express the semantic understanding of fragments of
we discuss what properties a similarity function need to sat- text, i.e. sentences. Descriptions of sentences are then again
isfy to measure the degree of similarity proportional to how combined to form paragraphs etc.
close the concepts are or how much they share. This conceptual indexing is sought done by extraction of
concepts from the information base by simple partial lin-
guistic analysis instead of full natural language analysis.
1. Introduction Again our claim is that the lack of completeness is not de-
cisive because every little step from indexing by words to-

The objective of this paper is to devise similarity mea- wards indexing with concepts is a step towards conceptual

sures that utilizes knowledge from a ontology to obtain bet- iNdexing. _ .

ter and closer answers on a semantical level, thus compar- [N this context, one of the major problems is to deter-
ing concepts rather than words. Better answers are primarMne the 5|m|.lar|ty between the semant[c elements. IF is no
ily better ranked information base objects which in turn is a |onger only simple match of keywords in the text objects,

matter of better means for computing the similarity between PUt @so the meaning of them, we have to take into con-
a query and an object from the base. sideration when we calculate the similarity between queries

The ontology plays its role behind the scenes, it defines@1d Objects in the base.

and relates the concepts that are the basis for comparing
gueries and answers. However, even though it may for other
reasons be relevant, it is not essential that the ontology and
the concepts and relations it encloses are revealed to users.



2. Concept Language Based onisA, the transitive closure afSAkg, We can
generalize into a relation over all well-formed concepts of

The purpose of the ontology is to define and relate con- € language. by the following.

cepts that can be used in descriptions. The ontology frame-
work is generative in the following sense. A basis ontology
defines a set of atomic concepts and situates these in a con- o if z[...] < y[.. ] then also
cept inclusion lattice, which basically is a taxonomy over

single or multi-word concepts that are treated as atomic in x[...,r: z] <yl...],and
the modelling of the domain. In combination with a given

e if zI1SAythenz <y

! oy xfo..,ri 2] <yl...,r:z],
basis ontology, a concept language (description language)
defines a set of well-formed concepts. o if z < ythen also
The concept language in focus he@\TOLOG[1], de-
fines a set of semantic relations which can be used for “at- Zlorial <zl vy

tribution” (feature-attachment) to form compound concepts.
The suitable number of available relations may vary with
different domains, but among the more general relations
that probably will be present in most domain modelings
are WRT (With-respect-to),cHR (Characterized-by)¢cBY
(Caused-by)TmpP (Temporal),Loc (Location).

Expressions imrODNTOLOG are descriptions of concepts
situated in an ontology formed by an algebraic lattice with
concept inclusioniéA) as the ordering relation.

Attribution of concepts, combining atomic concepts into
compound concepts by attaching attributes, can be written
as a feature structures. Simple attribution of a conegpt

where repeated. . in each inequality denotes identical lists
of zero or more attributes of the form: w;.

Take as an example the sentendée“black dog is mak-
ing noisé which can be translated into this semantic ex-
pressiomoiselcBY: dog[CHR: black]].

Descriptions of text expressed in this language describe
semantics and goes beyond simple keyword descriptions. A
key question in the framework of querying is of course the
definitions of similarity or nearness of terms, now that we
no longer can rely on simple matching of keywords.

with relationr and a concept, is denoted:; [r: c3). 3. Measuring Similarity

We assume a set of atomic conceptand a set of se-
mantic relationsR, as indicated witiR={WRT, CHR, CBY, Obviously there is no such thing as uniqueness as re-
TMP, LOC, ...}. Then the set of well-formed concefhtf lated to general proximity in knowledge. Moreover from

the ONTOLOG language is recursively defined as follows.  just considering the potential dimensions involved it should
be apparent that reasoning on similarity within concepts of

e if r € Athenz €L knowledge can be a task of almost arbitrary complexity. So
before going further into a discussion on how to measure

eifzel,r,eRandy, eL,i=1,...,n similarity we emphasize the following. Firstly we cannot
thenx[ri: y1,...,mn: yn] €L expect to find a universal measure that can be used inde-

pendently of the knowledge represented and the domain in

It appears that compound concepts can be built from question. Rather the modest and pragmatic aim in develop-
nesting, for instance;[r;: ca[r2: ¢3]] and from multiple ing measures of “conceptual similarity” is to demonstrate

attribution as incy [r1: 2,72 ¢3]. The attributes of a mul-  usefulness according to a set of preferred properties. Sec-

tiple attributed ternil’ = z[ry: y1,...,7: ys) IS consid- ondly it is essential to take computational complexity in de-
ered as a set, thus we can rewrite T with any permutation ofriving similarity into account — especially as any kind of
1YLy s Trt Yne query environment requires this. In general such environ-

The basis for the ontology is a simple taxonomic concept ments should be capable of handling huge amounts of in-
inclusion relationsAkg, which is atomic in the sense that formation base objects.
it defines a relation over the atomic concefptst is consid- Similar concepts are concepts that have much in com-
ered as domain or world knowledge and may for instance mon. To approximate this vague notion we derive a con-
express the view of a domain expert. We distinguish this ceptual similarity in two steps. The first step is to restrict
(knowledge base) relatiorsAcg because concepts are as- the possible concepts to take into account as similar and
sumed to be related by specific knowledge over the domain.the second is to derive similarity from “reasoning” within
For that reason we cannot expect the relatewyg to be the restricted pool of concepts. We restrict by deriving the
transitively closed or reduced and therefore define the rela-“similarity graph” and we move toward a reduced complex-
tion 1SA as the transitive closure o$Axg and the relation ity by transforming formal conceptual reasoning into nu-
ISARepuC as the transitive reduction c§Axg . merical concept similarity computation.



3.1. Similarity Graphs define the term-decompositiatic) and the upwards expan-
sionw(c) of a concept term. The term-decomposition is

A similarity graph is a subpart of the ontology repre- defined as the set of all terms appearing:.in_lf we for a

sented as a graph with a subset of concepts as nodes angPnceptc = co[ry : ¢1,...,7n : ca], Wherec is the atom

relations connecting these as edges. We define similarityattributed inc andc;, ..., ¢, are the attributes (which are

graphs for any set of one or more concepts and specificallyatoms or further compound concepts), define:

use the notion as a basis for similarity based on graph com-

putations. The similarity between two concepts can thus be subterm(c) = {co, c1, .., cn}

derived from a similarity graph covering these concepts, and straightforwardly extendubterm to be defined on a
Because the ontology is generative we need to be able to

: ) . et of concept§’ = {c1, ..., ¢, }, such that

situate compound concepts in the ontology on the basis of®

the.s'elmantics. of thg concept. So before going into the full subterm(C) = U;subterm(c;)

definition of similarity graphs we need to analyze the se-

mantics of different forms of attribution, since a compound then we can obtain the term-decompositior: @fs the clo-

decomposes to the following set of concepts:

concept is constructed by attribution. sure by subterm, that is, by repeatedly applyéngterm:
Consider the graph visualization of three compound con-
cepts in Fig. 1. 7(c) = {c} U {z|x € subterm®(c) for some R
@ As an example the termoise[CBY: dog[CHR: black]]

a)

@ ° T(noise[CBY: dog[CHR: black]]) =
T X {noise[CBY: dog[CHR: black]],
©)

A R

b)

noise, dog[CHR: black], dog, black}

The upwards expansian(C') of a set of term&”' is then the
transitive closure of” with respect tasAkg.

Figure 1. Visualization of three compound Ww(C) = {zlreCVyeCyisaz)
concepts ’

This expansion thus only adds atoms to C.

Now a similarity graphy(C) is defined for a set of con-
> _ i - Y ceptsC' = {cy, ..., c,} as the graph that appears when de-
a conceptd with a single attributeB. Attribution forms  ¢omnasing™ and connecting the resulting set of terms with
a new sub-class (specialization) of the attributed conceptedges corresponding to theaks relation and to the seman-

by adding or modifying an aspect of that concept. An ex- tic relations used in attribution of elements in C. We define

ample of attribution with at single attribute is the concept {4 triple (z, y, ) as the edge of type from conceptr to
car[CHR: blue], which obviously is a specialization of the  concept,. e

The leftmost concept 1a, is constructed by attribution of

conceptear.
The centermost concept 1b is formed by attribution with {(z,y,18A)|2,y € w(7(C)), xI1SAREDUC ¥}
a list of concepts. The semantics are the same as beforey(C) = U
since the attribution of 1a is a special case of attribution of {(z,y,7)|z,y € w(r(C)),r € R,z[r: y] € 7(C)}
1b. An example is the concegir[CHR: blue, CHR: fast].
The last and rightmost concept 1c is formed by attri- ~ Fig. 2 shows an example of a similarity graph covering

bution with a nested attribute. Here the attribateonly two terms.

modifies B and notA. Take as an example the concept

car[CHR: fast[CHR: very]]. The “very fast car’ is not  3.2. Similarity

a “very car’. This observation motivates the need of in-

troducing intermediate subsuming concepts for attributes As already mentioned above we aim to derive similar-

rather than just connecting direct and nested attribute atomsty from a vaguely defined notion of how much concepts

to the attributed atom. Thus in the car example we intro- have in common. Our objective is thus to derive a function

duce fast[CHR: very]. The new concept is inserted be- sim(z,y) that measure degree of similarity proportional to

tweencar|[CHR: fast[CHR: very]] and the conceptgast how much the conceptsandy share or how close they are.

andvery. Without loss of generality we assume that the function maps
To include in the definition of similarity graphs we first concepts into the unit interval:



CHR

cal[CHR:black] ) -

ISA

poodle] CHR:black]

Figure 2. An example of a similarity graph for
the concepts cafcHR: black] and poodlgCHR:
blacK

sim(z,y) : C x C — [0,1]

where C' is the set of well-formed concepts and where
sim(x,y) measure the degree to whighis similar tox.
The extreme valuesim(x,y) = 0 means not similar and
sim(x,y) = 1 means fully similar. The latter may only be
the case when = y.

When restricting to similarity graphs one obvious ap-
proach is to reflect what connects the concepasidy. As
discussed in previous work [2] this can be done by con-
sidering the shortest path connecting the concepady.

As raised in [3, 4] the shortest path approach to similar-

are the fractions of the cardinality of the intersection and
the cardinality of respectively the unian(z) U «(y) and
the individuala(z) anda(y) thus the following normalized
measures:

(@)

- B
(b)

sim(z, y) = Ia(ﬂf()jé?z;v'(y)
(©)

sim(z,y) = Ia(ffl()l?y;v'(y)

There is no question about that we by similarity graphs
and functions as the above only obtain a very coarse-
grained approximation of whatever genuine similarity may
be. However the fact that the similarity is coarse is in it-
self typically an advantage rather than a problem in connec-
tion with querying, if only the measuring respects or "goes
in the same direction as” the semantics. In the discussion
of similarity functions below we attempt to encircle major
properties that ensure a given functions accordance with the
semantics of the ontology and use these to guide the choice
of function.

First of all it is important to notice that the similarity
graph principle unifies the concept inclusion relation with
the semantic relations used in attribution. We still consider
upwards and downwards in the unified graph as generaliza-
tion and specialization respectively, but it is important to
notice that this is no longer strictly subsumption based. We
thus take not onlyat but alsoblack to be “generalizations”
of cat|[CHR : black] and evercat|CHR : black] to be a
generalization oficcident|CBY : cat|[CHR : black]].

A major property to guide the choice of similarity func-

ity lacks the influence of an important aspect that has t0 iy is:

do with multiple connections between concepts. We may
for instance have concepts connected directly through in-
clusion and in addition through an attribute dimension, as

cat[CHR : black] and poodle[CHR : black]. Taking
all possible paths connecting two conceptandy solves

this problem, but involves a substantial increase in complex-

Generalization cost property
the "cost” of generalization should be signifi-
cantly higher than the cost of specialization.

The intuition being that for instance a “cat” satisfies the

ity. If we can reflect the multiple connections phenomenon intention of an “animal” while an “animal” (that could be of
without traversing all possible paths we may have a more any kind) not necessarily satisfies the intention of a “cat”.
realistic means of similarity derivation. One option in this From this property alone we can eliminate the first alter-

direction is to put emphasis on the nodes “sharedi layd
Y.
With «(z) as the set of nodes (upwards) reachable from
z, thusa(z) = w(r(z)), we haven(z) () a(y) as the reach-
able nodes shared hyandy, which thus obviously is an
indication of what's common betweenandy. Immediate
transformations of this into a normalized similarity measure

native similarity function (a) above. The consequence of
insisting on this property is namely that the similarity func-
tion cannot be symmetrical, which (a) obviously is. In fig.
3, for instance, the (a) alternative similarity function gives
sim(D,E) = sim(E,D) = %, while we should have
sim(D, E) < sim(E, D) according to the generalization
cost property.



Figure 3. Generalization cost propertyimplies
sim(D,E) < sim(E,D) and Specialization cost prop-
ertyimplies sim(C,E)> sim(D,E)

Now consider alternative (c). We get in fig. 3 that
sim(D, E) = % andsim(E, D) = 2, which also violates
the specialization cost property. Thus the only alternative
that obey the property is (b). With the example in fig. 3 we
getsim(D, E) = 2 andsim(E,D) = 2

A second property that tends to appear more as optional

since it is not implied by the semantics of the ontology is
the following:

Specificity cost property
the "cost” of traversing edges should be lower
when nodes are more specific.

The intuition for this property is that the similarity between
for instance siblings on low levels in the ontology as “alsa-
tian” and “puddle” should be higher than the similarity be-
tween siblings close to the top as “Physical” and “Abstract”.

Thus in fig. 4 we should have thatm(C,D) >
sim(A, B). The similarity function (b) above appears to
satisfy this property: we haveim(A,B) = 2 while
sim(C, D) = %. (Also (a) and (c) satisfies this property.)

A third property that similarly cannot be claimed to be
semantically implied is the following.

Specialization cost property
further specialization implies reduced similarity.

As support of the intuition for this property consider
again fig. 3. The (b) similarity function does obviously
not satisfy this property since we havwém(E,C) =
sim(E, D) and for K at any level of specialization below
D we still havesim(E, D) = sim(E, K).

This motivates to consider alternative similarity func-

tions that are influenced by both specializations and gener-

alizations (as the function (a) above is), but still not violates
the only ultimate property above; the Generalization cost

Figure 4. Specificity cost property implies that
sim(C,D)> sim(A,B).

property (the anti-symmetry requirement). One modifica-
tion that satisfies this is to simply take a weighted average
of (b) and (c) above as the following:

(d)
|la(z) N a(y)|

()]

wherep € [0, 1] determines the degree of influence of gen-
eralizations.

Although simplicity is in favor of similarity (b) and from
the aspects discussed this measure cannot be claimed to vi-
olate the semantics of the ontology, similarity (d) still ap-
pears to be a better choice. (b) is just a special case of (d)
with p = 1, the parametep allows to tailor the similarity
function, and in general with > 0 (d) also complies with
the generalization property.

a(z) Na(y)|

S o)

—p)

sim(z,y) = p

Example

As illustration of how (b) and (d) differs consider the sub-
ontology in fig. 2. The similarities fopoodie respectively
poodle[CHR : black] and the other concepts included in
the subontology are, when collected in fuzzy subsets of sim-
ilar concepts (withsimilar(z) = Zsim(x,y)/y) are the
following.

For (b) we get
similar(poodle) =
1.00/poodle + 1/poodle[CHR black] +
0,75/dog + 0,5/animal + 0,5/cat +

0,5/cat|[CHR : black]

similar(poodle][CHR : black]) =
1.00/poodle[CHR : black] + 0,57/poodle +
0,57/cat|CHR black] + 0,43/dog +



0,43/black + 0,29/animal + 0,29/cat + Council and the Danish IT University.

0,29/ color
and (d) withp = 1 leads to References
similar(poodle) = _ . _ .
1.00/poodle + 0,92/dog + 0,83/animal + [1] Nilsson, J. Fischer: A Logico-algebraic Framework for

0,71/poodle[CHR : black] + 0,61/cat +
0,36/cat[CHR : black]

similar(poodle[CHR : black]) =

1.00/poodle[CHR : black] + 0,86/poodle +

0,81/dog + 0,81/black + 0,76/animal +

0,76/color + 0,63/cat|[CHR : black] +

0,54/cat [2]

4. Conclusion

We have described different principles for measuring
similarity that tries to manage the generative nature of the
ontology, while still taking the greatest possible number of
attributes shared by the concepts being compared. 3]

The notion of similarity graphs as the basis for similarity
measures based on shared shared nodes seems to indicate a
usable theoretical foundation for design of conceptual sim-
ilarity measures.

The purpose of similarity measures in connection with
querying is of course to look for similar rather than for ex- [4]
actly matching values, that is, to introduce soft rather than
crisp evaluation. As indicated through examples above one
approach to introduce similar values is to expand crisp val-
ues into fuzzy sets including also similar values. Expansion
of this kind, applying similarity based on knowledge in the [5]
knowledge base, is a simplification replacing direct reason-
ing over the knowledge base during query evaluation. The
graded similarity is the obvious means to make expansion a
useful - by using simple threshold values for similarity the
size of the answer can be fully controlled.

While not the key issue here, we should point out the
importance of applying an appropriate averaging aggrega-
tion when comparing descriptions. Approaches to aggrega-
tion that can be tailored to obtain the necessary properties,
based on order weighted averaging[7] and capturing nesteq7]
structuring[8], are described in [5, 6].

A facet for further investigation is the nature of syn-
onyms. Synonyms are ultimately similar from a semantical
point of view — an aspect that is not reflected in counting
their shared nodes. (8]

(6]
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