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Abstract. In this paper, we introduce principles for ontology-based
querying of information bases. We consider a framework in which a basis
ontology over atomic concepts in combination with a concept language
defines a generative ontology. Concepts are assumed to be the basis for
an index of the information base, in the sense that these concepts are
attached to objects in the information base. Concepts are thus applied
to obtain a means for descriptions that generalize classical word-based
information base indexing. We discuss how the ontology influences the
matching of values, especially how the different relations of the ontology
may contribute to overall similarity between concepts. Further, we dis-
cuss a set of major properties to improve a given similarity measure’s
accordance with the semantics of the ontology, and use these properties
to guide the choice of function.
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1 Introduction

The approach presented here concerns ontology-based querying of information
bases. The aim is to use knowledge from a domain-specific ontology covering the
domain of a given information base to obtain better and closer answers on a
semantic basis. Better answers are, in this context, primarily more fine-grained
and better-ranked information base objects, which are obtained by exploiting
better methods for computing the similarity between a query and objects from
the information base.

We consider a generative ontology that defines a set of well-formed concepts
from a basis ontology, which defines a vocabulary of concepts and situates these
in a concept inclusion lattice. We assume an environment where queries as well
as objects from the information base have well-formed concepts attached to
them. This is an important aspect of the approach, because we can thereby
reduce query evaluation to a matter of description comparison by bringing the
descriptions of both objects and queries to a directly comparable form.

The environment for a system supporting this type of querying can be viewed
therefore as a system that: 1) automatically produces conceptual descriptions,



used for conceptual indexing of text objects, and 2) supports natural language-
based as well as word- list queries by initial transformation of these into descrip-
tions for later comparison with the objects in the information base.

In this context, one of the major problems is to determine the similarity
between the semantic elements.

It is no longer a simple match of keywords in the text objects, but also their
meaning, that we must consider when we calculate the similarity between queries
and objects in the information base.

2 A Generative Ontology

The purpose of the ontology is to define and relate concepts that can be used in
descriptions of both queries and objects in the information base. The ontology
framework is generative in the sense that a basis ontology defines a set of atomic
concepts and situates these in a concept inclusion lattice, which is basically a
taxonomy over single or multi-word concepts that are treated as atomic in the
modeling of the domain. In combination with the given basis ontology, a concept
language (description language) defines a set of well-formed concepts, used for
description of both queries and objects in the information base.

The concept language in focus here, ONTOLOG[6], defines a set of semantic
relations that can be used for “attribution” (feature-attachment) of concepts
to form compound concepts. The number of available relations may vary with
different domains, but among the more important relations that probably will
be present in most domain models are the relations shown in Table 1

Table 1. Some important semantic relations used in most domain models.

Semantic relations
caused by (CBY)
characterized by (CHR)
concept inclusion (ISA)
with respect to (WRT)
temporal (TMP)
location (LOC)

Expressions in ONTOLOG are concepts situated in an ontology formed by an
algebraic lattice with concept inclusion (1SA) as the ordering relation.

Attribution of concepts — combining atomic concepts into compound concepts
by attaching attributes — can be written as feature structures. Simple attribution
of a concept ¢; with relation r and a concept ¢z is denoted ¢ [r: ¢]. For example,
the concept dog can be given the characteristic (CHR) of having the color black,
thereby forming the compound concept dog[CHR: black], denoting the concept
“black dog”.



We assume a set of atomic concepts A and a set of semantic relations R, as
indicated with R={WRT, CHR, CBY, TMP, LOC, ...}. Then the set of well-formed
terms L of the ONTOLOG language is recursively defined as follows.

—ifreAthenz el
—ifrel,reRandy, €eLi=1,...,n
then z[ri: y1,...,"n: yn] €L

It appears that compound terms can be built from nesting, for instance,
c1[r1: ealra: es]] and from multiple attribution as in ¢1[ry: co, r2: c3]. For exam-
ple, the sentence “the dark gray cat” can be interpreted as the nested seman-
tic expression cat[CHR: gray[CHR: dark]] or the multiple attributed expression
cat[CHR: gray,CHR: dark]. The attributes of a term with multiple attributes
T =xz[r1: y1,...,7n: Yn) are considered as a set, thus we can rewrite T with any
permutation of {r1: y1,...,7n: Ynt-

The backbone of the ontology is the simple taxonomic concept inclusion
relation ISAkp, which is atomic in the sense that it defines a relation over the set
of atomic concepts A. It is considered as domain or world knowledge, and, for
instance, may express the view of a domain expert or a knowledge engineer. We
distinguish this (knowledge base) relation 1SAxp because concepts are assumed
to be related by specific knowledge over the domain. For that reason we cannot
expect the relation to be transitively closed. We define the relation ISA as the
transitive closure of ISAk g, while the relation ISARgpuyc is the transitive reduction
of ISAkR.

Based on 1sA, the transitive closure of ISAkp, we can generalize into a relation
over all well-formed terms of the language L by the following:

— if x 1SA y then z <y

— if z[...] <yl...] then also
xf...,r: z] <yl...], and
xlo..,ri 2] <yl..,r: 2],

— if x <y then also
[z <z y)

where repeated ... in each inequality denote zero or more attributes of the form
T W;.

The basis ontology over atomic concepts, in combination with the formation
rules for well-formed concepts in the concept language thereby forms the basis
for a generative ontology. The concept language is introduced in order to be
able to describe fragments of meaning in text more thoroughly than they can
be described by simple keywords, while still refraining from a full- meaning
representation, which is obviously not realistic in general search applications
(with a huge database). 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.



3 Ontology-based Similarity

In building a query evaluation principle that incorporates the knowledge repre-
sented in an ontology, a key issue is how the ontology influences the matching
of values, that is, how the different relations of the ontology may contribute to
similarity.

Therefore we must decide for each relation to what extent related values are
similar and we must build similarity functions, mapping values into similarities,
that reflect these decisions.

The following section motivates the choice of similarity functions by ana-
lyzing different principles for utilizing the structure of the ontology in devising
similarity measures. Each principle is also related to previous work.

We describe firstly a shortest-path approach [4] to similarity based on the key
ordering relation in the ontology, 1sABased on a definition for atomic concepts
of the basis ontology we discuss how to extend the notion of similarity to cover
general compound concepts as expressions in the language ONTOLOG.

Secondly, we introduce an alternative approach for devising a similarity mea-
sure based on the notion of shared nodes in a so-called similarity graph [5]. This
approach can be considered as taking into account not only the shortest path
but in principle all possible paths connecting two concepts.

Finally, we discuss a set of major properties that ensure that a given similarity
function accords with the semantics of the ontology, and use these properties to
guide the choice of function.

3.1 Shortest-path similarity on atomic concepts

The concept inclusion relation plays a central role as the ordering relation that
binds the ontology in a lattice structure. Concept inclusion intuitively implies
strong similarity in the opposite direction to inclusion (specialization). In addi-
tion, the direction of the inclusion (generalization) must, from a querying point
of view, contribute with some degree of similarity. Take as an example the small
fraction of an ontology in Figure 1. With reference to this ontology, the atomic
concept dog can be directly expanded to cover also poodle and alsatian.

Fig. 1. Inclusion relation (1SAxp) with upwards reading, e.g., dog I1SAkB animal.



This expansion respects the ontology in the sense that every concept sub-
sumed by expanded concept dog by definition, every instance bears the relation
ISA to dog. The intuition is that, to a query on dog, an answer including in-
stances poodle is satisfactory (a specific answer to a general query). Because the
hyponymy relation obviously is transitive we can by the same argument expand
to further specializations, e.g., to include poodle in the extension of animal.
However, similarity exploiting the lattice should also reflect “distance” in the
relation. Intuitively greater distance (longer path in the relation graph) corre-
sponds to smaller similarity with respect to the user’s query.

Further, generalization should contribute to similarity. Of course it is not
strictly correct in an ontological sense to expand the concept dog with instances
of animal, but because all dogs are animals, animals are to some degree similar
to dogs. Thus, the property of generalization similarity should be exploited; but,
for similar reasons as in the case of specializations, transitive generalizations
should contribute a decreased degree of similarity.

A concept inclusion relation can be mapped into a similarity function in
accordance with the intuition described above, as follows. Assume an ontology
given as a domain knowledge relation 1SAkp. Figure 1 shows an example. The
corresponding transitive closure relation 1SA also includes, for instance, poodle
1SA animal. To make “distance” influence similarity, we must consider the tran-
sitively reduced relation ISAgRgpuc. Similarity reflecting distance can then be
measured from path length in the graph corresponding to the ISAgrgpuyc relation
of 15SAkp. A similarity function sim based on distance in ISAggpuc dist(X,Y)
should have the properties:

1. stim: U x U — [0, 1], where U is the universe of concepts
2. sim(z,y)=1lonlyifz=y
3. sim(z,y) < sim(z, z) if dist(x,y) > dist(z, 2)

By parameterizing with two factors § and 7, expressing similarity of im-
mediate specialization and generalization, respectively, we can define a simple
similarity function as follows. If there is a path between nodes (concepts) x and
y in the hyponymy relation then it has the form

P = (p17"' 5pn)

where

P;i ISAREDUC Pi+1 Or Pi+1ISAREDUC Pi

for each ¢ with x = p; and y = p,,.
Given a path P = (p1,--+ ,pn), set s(P) and g(P) to the numbers of special-
izations and generalizations, respectively, along the path P thus:

s(P) = |{i|pi 1SAREDUC Pit1}]

and



g(P) = |{i|pi+1 ISAREDUC Di}]

If P',... P™ are all paths connecting = and y, then the degree to which y
is similar to = can be defined as

sim(x,y) = max {JS(P])WQ(PJ)} (1)
Jj=1,....m
This similarity can be considered as derived from the ontology by transform-
ing the ontology into a directional weighted graph, with ¢ as downwards and ~
as upwards weights, and with similarity derived as the product of the weights
on the paths. Figure 2 shows the graph corresponding to the ontology in Figure
1.

Fig. 2. The ontology transformed into a directed weighted graph, with the immediate
specialization and generalization similarity values ¢ = 0.9 and v = 0.4, respectively,
as weights. Similarity is derived as the maximal (multiplicative) weighted path length,
and thus sim(poodle, alsatian) = 0.4 % 0.9 = 0.36.

An atomic concept T' can then be expanded to a fuzzy set, including 7" and
similar values Ty, T5, ..., T, as in:

T+ =1/T + sim(T,Ty)/Ty + - - + sim(T, T,,) /T, (2)

Thus, for instance, with ¢ = 0.9 and v = 0.4, the expansion of the concepts
dog, animal, and poodle into sets of similar values would be:

dog+ = 1/dog + 0.9/poodle + 0.9/alsatian + 0.4/animal + 0.36/cat
poodle+ = 1/poodle+0.4/dog+0.36/alsatian+0.16/animal +0.144/ cat
animal+ = 1/animal 4+ 0.9/cat 4+ 0.9/dog + 0.81/poodle + 0.81 /alsatian

The notion of deriving semantic relatedness or semantic similarity between
concepts using network representations dates back to the spreading activation
approach of Quillian [7] in the late 1960s.

Semantic similarity is classically viewed as a special case of semantic related-
ness where we differentiate using only the defining features, typically equivalent
to the 1SA links between the concepts being compared [9]. Semantic related-
ness between concepts can be viewed, on the other hand, as the aggregate of



the overall interconnection between the concepts in question, both defining and
property-based.

The difference between relatedness and similarity can be illustrated by an
example taken from Resnik, in which he argues that the relatedness between the
concepts cars and gasoline seem to be higher than the relatedness between cars
and bicycles, whereas the latter seem to be more similar [9].

The above approach to measuring similarity based on the shortest path be-
tween atomic concepts is therefore, using the Resnik’s distinction, a semantic
similarity measure, rather than a measure of semantic relatedness. This mea-
sure shares similar aspects with the metric proposed by Rada et al. for use on a
subset of semantic nets [8], where semantic similarity is derived using only the
taxonomic (1SA) links of the semantic net.

The knowledge base in question for Rada et al.’s approach is formed by
discriminating on the “criteriability” of the links — in other words, whether a
link is between the concept and a defining feature or between the concept and
a characteristic feature [8]. Rada et al. make the assumption that when only
the 1sA relation is used from the semantic net, then semantic relatedness and
semantic similarity are equivalent. The motivation for their proposed semantic
similarity measure, denoted Distance, is grounded in two observations. The first
is that the behavior of conceptual distance should resemble that of a well-defined
metric defined by a function f(z,y) with the following properties [8]:

1. f(xz,z) = 0, zero property,

2. f(z,y) = f(y,x), symmetric property,

3. f(z,y) > 0, positive property, and

4. f(x,y) + f(y,z) > f(z, z), triangular inequality

These criteria are equivalent to Tversky’s original axioms of minimality,
which equals Rada et al.’s zero and positive property, the symmetry axiom, and
the axiom of triangular inequality. The latter equals the symmetric property and
the triangular iequality respectively [11].

The second assumption is that the conceptual distance between two con-
cepts in a hierarchy is often proportional to the number of edges separating the
concepts.

Rada et al.’s second assumption resembles the shortest-path similarity mea-
sure proposed, but the measure differs by being symmetric, which introduces
inconvenient properties from a query expansion point-of-view, because a spe-
cific answer to a general question is better than a general answer to a specific
question.

Resnik [9] introduces the notion of “information content” as the basis for
an alternative way to measure semantic similarity in an 1SA taxonomy. The
measure combines the taxonomic structure with empirical probability estimates,
to be capable of handling non-uniform distances in the ontology. Resnik argues
that the intuitive similarity between concepts can be expressed by the extent to
which they share information (defining features in the terms of Quillian), which
is indicated by the presence of a concept that subsumes them both. This aspect



is partly covered in the approach by Rada et al., because the path between
two very different but very specific concepts ¢; and ¢; will include very general
concepts. This is because we will move high up in the ontology from ¢; before
going down to co — but this does not hold for the general case. Resnik defines the
information content of a concept ¢, as the negative log likelihood, —log(p(c)) of
the probability of encountering ¢, and expresses the similarity between concepts
c1 and ¢y in terms of the maximal information content for the upper bounds
(the set of concepts subsuming both ¢; and ¢o):

sim(cy,c2) = max [—log(p(c))],
ceS(e1,e2)
where S(cq,c2) is the set of concepts that subsume both ¢; and co.

This approach compensates for non-uniform distance in the ontology because
the information content is non-decreasing as one moves up in the taxonomy, but
it is symmetric, which is inconvenient from query expansion point-of-view, and
it only considers the ordering 1SA edges when computing similarity.

3.2 General shortest-path similarity

The semantic relations used to form concepts in the ontology indirectly con-
tribute to similarity through subsumption. For instance, noise[CBY: dog [CHR:
black]] is subsumed by by each of the more general concepts noise[CBY: dog|
and noise. Thus, with a definition of similarity covering atomic concepts, and in
some sense reflecting the ordering relation (concept inclusion), we can extend to
similarity on compound concepts by a relaxation that takes subsumed concepts
into account when comparing descriptions.

The principle can be considered to be a matter of subsumption expansion.
Any compound concept is expanded (or relaxed) into the set of subsuming con-
cepts, thus:

noise[CBY : dog[CHR: black]]
is expanded to the set
{noise, noise[CBY: dog|, noise[CBY: dog[CHR: black]|}

One approach to query-answering in this direction is to expand the descrip-
tion of the query using the ontology and the potential answer objects using
subsumption.

For instance, a query on dog could be expanded to a query on similar values,
such as:

dog+ = 1/dog+ ...+ 0.4/animal + ...

and a potential answer object such as noise[CBY: dog[WRT: black]] would then
be expanded as exemplified above.



While not the key issue here, we should point out the importance of ap-
plying an appropriate averaging aggregation when comparing descriptions. For
instance, the degree to which c[ry: ¢;] matches ¢[ry: ¢1[ra: co]] is higher than the
degree to which ¢ with no attributes matches c[ry: ¢1[ra: co]], and it is essential
that similarity based on subsumption expansion exploits such relationships. Ap-
proaches to aggregation that can be tailored to obtain these properties, based
on order-weighted averaging [12] and capturing nested structuring [13], are de-
scribed in [1,2].

An alternative to the above subsumption expansion is to include edges that
correspond to semantic relations in the computation of shortest-path similarity
as a generalization of the principle of aggregating weights by multiplying cost
factors, which was described in the previous subsection. This approach, con-
sidering the shortest path between concepts, which uses all semantic relations,
is therefore a step in the direction of a similarity measure based on semantic
relatedness. While the similarity between ¢ and c[ry: ¢;] can be claimed to be
justified by the ontology formalism (subsumption) or simply by the fact that
c[r1: e1] 18A ¢, it is not strictly correct in an ontological sense to claim similarity
likewise between ¢; and c[ry: ¢1].

For instance, noise[CBY : dog] is conceptually not some kind of a dog. On the
other hand, it would be reasonable to claim that noise[CBY : dog] in a broad sense
has something to do with (and thus has similarities to) dog (simply supported by
the fact that concept noise[CBY: dog] is present in the information base). Most
examples tend to reveal the same characteristics, and this phenomenon is one
good explanation for the comparative success of conventional word-based query-
ing approaches. Basically, the (incorrect) assumption of no correlation between
words in natural language phrases, which underlies any strictly word-based ap-
proach, does not lead to serious failure because the correlation that appears is
not always dominating.

This could of course be an argument for not looking at compound concepts
at all. Rather, these considerations point in the direction of re-assessing some
of the importance of correlation in natural language phrases when developing
similarity measures.

Consider Figure 3. The solid edges are 1SA references and the broken ones are
references by other semantic relations; in this example CBY and CHR are used.
Each compound concept has broken edges to its attribution concept.

The principle of weighted path similarity can be generalized by introducing
similarity factors for the semantic relations. The extensional arguments used to
argue for differentiated weights depending on direction do not apply to semantic
relations and seemingly there is no obvious way to differentiate based on direction
at all. Thus one approach to the generalization is simply to introduce a single
similarity factor and to transform to bidirectional edges.

Assume that we have k different semantic relations !, ..., 7% andlet py,--- , pr
be the attached similarity factors. Given a path P = (p1,---,py), set 77 (P) to
the number of 7/ edges along the path P thus:

I (P) = |{il pi 7 pit1 }| (3)



. cBY

noise[CBY:dog]

ISA

noise[CBY:dog[CHR:black]]

Fig. 3. An ontology where attribution with semantic relations is shown as dotted edges.

If P',... P™ are all paths connecting ¢; and ¢y then the degree to which y is
similar to & can be defined as:
sim(z,y) = max {US(Pj)Vg(Pj)Plrl(Pj) ’ "Pkrk(Pj)} (4)
j=1,...,m

The result of transforming the ontology in Figure 3 is shown in 4. Here,
two semantic relations CHR and CBY are in use. The corresponding edge count
functions are "™ and r°®¥, and the attached similarity factors are denoted
pwrr and pepy. The figure shows the graph with the attached similarity factors
as weights. Again, the degree to which a concept ¢; is similar to a concept co is
based on the shortest path (and is derived as the maximum of the products of
edge weights over the set of paths connecting ¢; and ¢s).

For instance, we can derive from Figure 4 that sim(cat, dog) = 0.9%0.4 = 0.36
and sim(cat[CHR: black], color) = 0.2 x 0.4 = 0.08.

The weights in the example are assigned in a rather ad hoc manner. Such
assignment in practice would require careful consideration by domain experts.
Furthermore, the similarity principle in general must be verified empirically.

Richardson et al. [10] present an approach to measuring similarity based on
a combination of a weighted conceptual distance measure inspired by Rada et
al. [8] and an information-based approach based on the work of Resnik [9] on the
notion of information content. In this approach, Richardson et al. consider not
only the key ordering relation 1SA but also the meronym and holonym relations,
for two reasons. Firstly, the part-whole relation contributes valuable information
with respect to concept similarity. This is the argument for adapting an edge-
counting method inspired by Rada et al., but considering all paths, weighted
and aggregated in accordance with overall similarity. Secondly, the problems
concerning non-uniform distances in the ontology and its sparsity should not be
solved using only Resnik’s measure of information content. We argue this on the



noise[CBY:dog[CHR:blacK]

Fig. 4. The ontology of Figure 3 transformed into a directional weighted graph with the
similarity factors for specialization: o = 0.9, for generalization: v = 0.4, for CBY: pcpy
= 0.3, and for CHR: pwrr = 0.2.

basis of polysemous concepts. Take as an example the information content of the
polysemous word “bank”, which will include all occurrences of bank regardless
of meaning. This could be a problem, because it gives the same very high in-
formation content value to both “commercial bank” and “river bank”, which is
intuitively wrong. The weighting of edges in Richardson et al.’s approach should
depend on three criteria:

— the density of the graph at that point,
— the depth of the graph, and finally
— the strength of connotations between parent and child nodes

The authors thereby argue that a link in a dense area of the graph repre-
sents a smaller conceptual distance than a link in a less dense area. They argue
further that increased depth implies increased similarity, which follows intuition
because the similarity between abstract and concrete is smaller than the similar-
ity between cat and dog. Finally, they consider the issue of non-uniform distance
between parent and child at any level in the ontology. These criteria are a subset
of the properties used to improve a given similarity measures accordance with
the ontology, as described in the following section.

3.3 Shared nodes similarity

The shortest path approach described above is straightforward and does not
entail computational problems. However, one aspect that must be assumed to
contribute to similarity is ignored. When two concepts are connected by multiple
paths only the shortest one contributes to similarity. Considering the ontology
in Figure 4, the similarities between cat[CHR: black] and dog[CHR: black] ac-
cording to the above method will not reflect the fact that they are both black.



This example shows that other connections than the shortest path should con-
tribute in some cases, and it also indicates that similarity should be proportional
to the number of possible paths connecting two concepts. Obviously, a similar-
ity measure that takes into account all possible paths will impose increased
computational complexity and calls for consideration of possible optimization
approaches.

In this direction we suggest a similarity measure, based on the notion of a
similarity graph [5], that utilizes a well-defined subset of all possible paths for
measuring similarity.

A similarity graph can be viewed as a subpart of the ontology represented
as a graph, with a subset of concepts as nodes and relations connecting these
as edges. We define similarity graphs for any set of one or more concepts and
specifically use the notion as a basis for similarity based on graph computations.
The similarity between two concepts can thus be derived from a similarity graph
covering these concepts.

In broader terms, our simplified “all-possible-paths” approach is a “shared
nodes” approach, where shared nodes between two concepts are nodes that are
“upwards reachable” from both concepts and where the similarity is dependent
on the number of shared nodes.

To this end we define first the term decomposition 7(c¢) and the upwards
expansion w(c) of a concept term c¢. The term decomposition is defined as the
set of all subterms of ¢, which thus includes all concepts subsuming ¢ and all
attributes of subsuming concepts for ¢. The term decomposition is defined as
follows:

T(e)={zlc<azVe<ylr:z],xeL,yeL,r e R}

As an example, the term noise[CBY : dog[CHR: black]] decomposes to:

7(noise[CBY : dog[CHR: black]]) =
{noise[CBY: dog[CHR: black]], noise[CBY : dog]],
noise, dog[CHR: black], dog, black}

The upwards expansion w(C') of a set of terms C' is the transitive closure of
C with respect to ISAKp.

w(C)={zlx e CVyeC,yI1sa z}

Thus, this expansion only adds atoms to C.

Now, a similarity graph ~v(C) for a set of concepts C = {cy, ..., ¢, } is defined
as the graph that appears when decomposing C and connecting the resulting set
of terms with edges corresponding to the 1SAkp relation and to the semantic
relations used in attribution of elements in C. We define the triple (z,y,r) as
the edge of type r from concept = to concept y.

{(z,y,184) |2,y € w(T(C)),x ISAREDUC Y}
7(C)=U
{(@,y,7)|lz,y € w(r(C)),r € R,z[r: y] € 7(C)}



Figure 5 shows an example of such a similarity graph spanned by the two
terms poodle[CHR: black] and cat[CHR: black].

 CHF

poodle[CHR:black]

Fig. 5. The similarity graph for poodle[CHR: black] and cat[CHR: black].

One obvious approach for measuring similarity is to consider all possible
connections between the concepts  and y. We may for instance have concepts
connected directly through inclusion and in addition through an attribute di-
mension, as cat|C HR : black] and poodle[C HR : black]. Taking all possible paths
connecting two concepts x and y solves this problem, but involves a substantial
increase in complexity. If we can reflect the multiple connections phenomenon
without traversing all possible paths, we may have a more realistic means of sim-
ilarity derivation. One option in this direction is to put emphasis on the nodes
“shared” by z and y.

With a(z) = w(7(z)) as the set of nodes (upwards) reachable from z in the
similarity graph, we have a(x) () a(y) as the reachable nodes shared by = and
y, which thus obviously is an indication of what is common between x and .
Immediate transformations of this into a normalized similarity measure are the
fractions of the cardinality of the intersection and the cardinality of, respectively,
the union a(x) U a(y) and the individual a(z) and «a(y), giving the following
normalized measures:

(a)



: _ |a(z) na(y)|
sim(z,y) = ()]
()
: _ la(@) nafy)|
) = gy

It is clear that similarity graphs and functions such as the above offer only
a very coarse-grained approximation of whatever the genuine similarity may be.
However the fact that the similarity is coarse is in itself typically an advantage
rather than a problem in connection with querying, as long as the measure
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
that a given function accords with the semantics of the ontology and use these
properties to guide the choice of function.

First, it is important to notice that the similarity graph principle unifies
the concept inclusion relation with the semantic relations used in attribution.
We consider not only the ordering relation, but also take related concepts into
consideration when calculating similarity. We therefore take not only cat, but
also black to be related to cat|[CHR : black] and we even take cat[CHR : black]
to be a related to accident[CBY : cat[CHR : black]].

A major property to guide the choice of similarity functions is:

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

The intuition is that, for instance, a cat satisfies the intention of an animal
whereas an animal (that could be of any kind) does not necessarily satisfy the
intention of a cat. From this property alone we can eliminate the first alternative
similarity function (a) above. A consequence of insisting on this property is that
the similarity function cannot be symmetrical, which (a) obviously is. In Figure
6 we should have sim(D, B) < sim(B, D), according to the generalization cost
property.

Fig. 6. Generalization cost property implies sim(D,E) < sim(E,D) and Special-
ization cost property implies sim(C,E) > sim(D,E)



Now consider alternative (c). We see in Figure 6 that sim(D, E) = 2 and
sim(E,D) = %, which also violates the specialization cost property. Thus the

only alternative that obeys the property is (b). With the example in Figure 6
we obtain sim(D, E) = 2 and sim(E,D) = 3
A second property that tends to appear more as optional because 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
the connected nodes are more specific.

The intuition for this property is that the similarity between, for instance,
siblings on low levels in the ontology such as “alsatian” and “poodle” should
be higher than the similarity between siblings close to the top as “concrete”
and “abstract”. This idea corresponds to the notion of information content de-
scribed in [9], because the information content for anything (which subsumes
both physical and abstract) is lower then the information content for dog.

Thus in Figure 7 we should have sim(C,D) > sim(A, B). The similar-
ity function (b) above satisfies this property: we have sim(A,B) = 2 while

sim(C, D) = £. ((a) and (c) also satisfy this property.)

Fig. 7. Specificity cost property: implies that sim(C,D) > sim(A,B).

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

Specialization cost property — further specialization implies reduced similar-
ity.

As support of the intuition for this property, consider again Figure 6. The
similarity function (b) obviously does not satisfy this property because we have
sim(E,C) = sim(E, D), and for K at any level of specialization below D we
still have sim(E, D) = sim(E, K).

This motivates us to consider alternative similarity functions that are influ-
enced by both specialization and generalization (as the function (a) above is),
but still do not violate the only ultimate property above, i.e., the generalization
cost property (the anti-symmetry requirement). One modification that satisfies
this is to simply take a weighted average of (b) and (c) above, as follows:



(d)

|a(z) N afy)]

sim(z,y) = pW +(1- p)w

|a(y)]

where p € [0, 1] determines the degree of influence of generalizations.

Although simplicity favors similarity (b), and from the aspects discussed, this
measure cannot be claimed to violate the semantics of the ontology, similarity
(d) still appears to be a better choice. Similarity (b) is just a special case of (d)
with p = 1. The parameter p allows us to tailor the similarity function, and can
thereby comply with the generalization property.

As illustration consider the similarity graph in fig. 5. The similarities for
poodle][CHR : black] and the other concepts included in the similarity graph
are, when collected in a fuzzy subset of similar concepts (with similar(z) =
Ysim(z,y)/y) and p = 3 the following:

similar(poodle[CHR : black]) =
1.00/poodle[CHR : black] + 0,66/poodle + 0,59/cat[CHR : black] +
0,54/dog+0, 54/black+0, 43 /animal+0, 43/ color+0, 36 /cat+0.31/anything

The purpose of similarity measures in connection with querying is of course
to look for similar rather than exactly matching values, that is, to introduce soft
rather than crisp evaluation. As indicated through examples, one way to intro-
duce similar values is to expand crisp values into fuzzy sets that include similar
values. Expansion of this kind, applying similarity based on knowledge in the
knowledge base, is a simplification replacing direct reasoning over the knowledge
base during query evaluation. Graded similarity is the obvious means to make
expansion useful, because by using a simple threshold values for similarity, the
size of the answer can be fully controlled.

4 Conclusion

We have described principles for measuring similarity between atomic as well as
compound concepts that draw on the structure and the relations of the ontology.

The notion of measuring similarity as distance, either in the ordering rela-
tion or in combination with the semantic relations, seems to indicate a usable
theoretical foundation for design of similarity measures.

Similarity based on shared nodes in a similarity graph introduces a more
fine-grained similarity between concepts, by considering shared attribution, but
without adding significantly to the overall computational complexity.

Furthermore, when choosing a similarity function, it is important to ensure
that it accords with the semantics of the ontology. Qualitative assessment with
respect to a set of major properties appears to be a useful guide to the choice.

The expansion of crisp values into fuzzy sets that include similar values, is
useful, because the size of the answer can be fully controlled by using simple
threshold values for similarity.
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