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Abstract

This paper presents a practical application of context for the evaluation of semantic similarity. The
work is based on a new model for the assessment of semantic similarity among entity classes that
satisfies cognitive properties of similarity and integrates contextua information. The semantic
similarity model represents entity classes by their semantic relations (is-a and part-whole) and their
distinguishing features (parts, functions, and attributes). Context describes the domain of an
application that is determined by the user’ sintended operations. Contextual information is specified
by a set of tuples over operations associated with their respective entity-class arguments. Based on
the contextual information, a partial word-sense disambiguation can be achieved and the relevance
of distinguishing features for the similarity assessment is calculated in terms of the features
contribution to the characterization of the application domain.

Keywords: semantic similarity, entity classes, functions, part-whole relation, is-a relation,
context.

Introduction

Similarity is ajudgment process that requirestwo “things’ to be decomposed into aspects or
elements in which they are the same and aspects in which they are different. These types of
judgments are typically intuitive, subjective, and part of the everyday life such that they usually
display no strict mathematical models [1]. In information systems similarity assessment is part of
severa processes, such as information retrieval [2-4] and data integration [5, 6]. Similarity
assessment is particularly important for applications in which no precise definitions underlie the
matter of discourse. In such domains, data stored in a database represent particular views of reality
and users queries express only an approximation of what users want to retrieve, which islikely an
inexact match to any stored data.

This paper explores the use and effect of context over amodel of semantic similarity among
entity classes, the matching-distance model [7]. Like feature-based models[1, 8, 9], the matching-
distance model defines a similarity function in terms of common and different features of entities
(i.e., descriptors and attributes). The matching-distance model, however, defines asymmetric
evaluations of semantic similarity that are a product of the weighted contribution of the similarity
among different types of distinguishing features (parts, functions, and attributes). The model
makes use of a hierarchical structure constructed with is-a and part-whole relations to determine the
level of abstraction of entity classes and the model’ s asymmetric factors.
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The matching-distance model has a strong basis in linguistics. Since entity classes are
identified by words, this model takes into account two linguistic conceptsys synonymy and
polysemy¥a that characterize the mapping between words and meanings [10]. Polysemy arises
when aword has more than one meaning (i.e., multiple senses). Synonymy corresponds to the
case when two different words have the same meaning. In linguistics terms, the model represents
entity classes as nouns, which are organized into sets of synonyms. Thus, this model allows not
only the definition of synonyms, but also the identification of polysemous words.

Context becomes important for a similarity assessment, because it affects the determination
of the relevant features[1, 8, 9]. Although a feature-based approach is sensible to the way people
assess similarity, it may be argued that the extent to which a concept possesses or is associated
with afeature may be a matter of a degree. Consequently, a specific feature can be more important
to the meaning of an entity class than to another. Furthermore, since the matching-distance model
allows polysemous words to occur, context helps to distinguish among entity classes identified by
the same word (polysemous word).

The remainder of this paper is structured as follows: Section 2 describes the main
characteristics of the matching-distance model. Section 3 presents the definition and role of
contextual information for the similarity assessment. An example illustrates the use context in
Section 4. Section 5 discusses the results found when introducing contextual information into the
matching-distance model. Conclusions and future work are presented in Section 6.

2. The Matching-Distance M odel

Focusing on the spatial domain, Rodriguez et al. [7] defined the matching-distance model for the
evaluation of semantic similarity among entity classes. For thiswork entity classes denote concepts
in the real world, rather than entities modeled in a database. These conceptsin the real world are
cognitive representations that people use to recognize and categorize objects or events[11]. In this
sense, this work has atop-down approach by starting from the semantics of entitiesin the real
world instead of the semantics of data stored in adatabase[12].

The matching-distance model complements the feature-based approach by using semantic
relations to organize concepts and a semantic-distance function [13] to determinate the degree of
generalization of entity classes. The degree of generalization reflects the prototypical characteristics
of entity class definitions, such that more general concepts are located in the top level of the
hierarchical structure. Two semantic relations are considered for the entity class definitions: is-a
[14] and part-whole [15]. In addition to these semantic relations, the matching-distance model
describes entity classes by their distinguishing features. The model differentiates distinguishing
features by classifying them into parts, functions, and attributes. Parts are structural elements of a
class, such asroof and floor of a building. Function features are intended to represent what is done
to or with aclass. For example, the function of a college is to educate. Attributes correspond to
additional characteristics of aclass, such as name, color, and owner. Since the matching-distance
model dealswith concepts instead of specific real world objects, the model matches type of
attributes rather than attributes values. The classification of distinguishing features attempts to
facilitate the implementation of the entity class representation as well as to enable the separated
manipulation of each type of distinguishing features. The matching-distance model groups
synonyms that identify the same entity class. While these synonym sets are considered equivalent
for the similarity evaluation, each of the entity classes associated with a polysemous word is
handled as an independent definition.

The globa similarity function S (cy,¢;,) is aweighted sum of the similarity values for parts,
functions, and attributes (Equation 1), where w,, w¢, and w , are the weights of the similarity
values for parts, functions, and attributes, respectively. These weights define the rdative
importance of parts, functions, and attributes that might vary among different contexts. The
weights all together must add up to 1.
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S(c,c,) = Wp>6p(cl’c2)+wf XS (c,¢,) +w, x5 (q,C,) (2)

Similarity assessment for each type of distinguishing features (i.e., parts, functions, and
attributes) is given by Equation 2. In S, (c,, ¢,) ¢; and ¢, are two entity classes, t symbolizes the
type of features, C, and C, are the respective sets of features of type t for ¢, and c¢,, #() isthe
cardinality of aset, C isthe set intersection, and - the set difference.

#(GCG)
C,GGC,)+a(c,c)#(C - G)+(1- a(c.q)#(C,- C)

Thefunction a is determined as a function of the distance between the entity classes (¢, and
¢,) and the immediate superclass that subsumes both classes. Here a superclass denotes an entity
classthat is either parent or whole of an entity class. The function a provides asymmetric values
for entity classes that belong to different level of generalization in ahierarchical structure. For
instance, the similarity between a museum and a building is greater than the similarity between a
building and a museum. The assumption behind the determination of a isthat the concept used as a
reference (the second argument) should be more relevant in the evaluation [8, 16]. In the study of
semantic categories, Rosch [17] supported the view that categories are naturaly formed and
defined in terms of focal points or prototypes. She hypothesized that (1) in sentences such as“ais
essentialy b,” the focal stimuli (i.e., prototypes) appear in the second position, and (2) the
perceived distance from the prototype to the variant is greater than the perceived distance from the
variant to the prototype.

Slewe) =4 @

3. Context Specification

Context is an important aspect for such diverse areas as natural language processing (NLP),
knowledge-based problem solving, database systems, and information retrieval [18-22]. Despite
this recognition, the meaning of context in information systems is usualy left to the user's
interpretation and its role may vary among different domains [23]. For NLP, context has a sense-
disambiguation function [18] so that otherwise ambiguous statements become meaningful and
precise. These studies analyze the meaning of words within either atopical context or a local
context of a corpus [24]. Knowledge representation involves statements and axioms that hold in
certain contexts; therefore, context determines the truth or falsity of a statement as well as its
meaning [19]. For knowledge-based problem solving, context is usually defined as the situation or
circumstances that surround a reasoning process [20, 25, 26]. Recent studies on data semantics
and interoperability have stressed the importance of context to describe data content. In this
domain, context is the knowledge needed to reason about another system [27], the intentional
descriptions of database objects [21], and the extent of validity for an ontology [28]. For
information retrieval, context provides a framework for well-defined queries and consequently, it
improves the matching process between a user’ s query and the data stored in a database [22].

Following the idea of Naive Physics[29] and Naive Geography [30], we could think in a
common sense definition of entity classes. In such a case, we have a comprehensive
characterization of entitiesthat contains the entities' essential properties. We could expect to obtain
a good approximation of the similarity assessment among entity classes by considering equally
these essential properties as equal. We argue, however, that a similarity assessment is used in an
information with a purpose in mind and in this context, some features may be more important than
others. Psychologists and cognitive scientists were the first to point out the importance of context
for the determination of the relevant featuresin a similarity assessment [1, 8]. These studies have
suggested that the relevance of features is associated with how diagnostic the feature is for a
particular set of objects under consideration. The diagnosticity of features refersto how significant
afeatureisfor classifying objects into subclasses [1]. Since a classfication process produces
groups of entities that share some features, the criteriafor classifying a set of entities can be found
by looking at these common features. Our work makes use of this notion of diagnosticity and
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defines weighted values for the similarity among parts, function, and attributes (w , , w, and w4
of Equation 1) by analyzing the frequency with which distinguishing features characterize entity
classes of the domain of discourse. A probability is then translated into a high relevance. We
support our approach by arguing that entities associated with a domain of discourse share some
features that make them subject to interest for this domain. Thisway of determining the relevance
of distinguishing featuresisin agreement with the idea that people tend to give more attention to
similar than to distinctive features in the evaluation of similarity [1].

Our approach to the determination of the relevance of distinguishing featuresis based on
the determination of a domain of discourse. By the domain of discourse we mean the set of entity
classes that are subject of interest for an application. Since a domain of discourse may change
among applications, the relevance of distinguishing features changes as well. We describe this
situation as the context dependence of the similarity assessment, which is given by the user's
intended operations. Our approach is based on the idea that people assess the meaning of aword
within the context they can useit [31], which is congruent with the notion of use-based semantics
[32]. The user’ s intended operations may be abstract, high-level intentions (e.g., “analyze” or
“compare”) or detailed plans (e.g., “purchase a house”). From a linguistics point of view, the
user’s intended operations are associated with verbs that denote actions. Verbs alone, however,
may not be enough to completely describe operations, since they can change the operations
meaning depending on the kinds of noun arguments with which they co-occur [33]. For example,
different senses of the verb play are play arole, play the flute, and play a game.

We specify contextual information as a set of tuples over operations associated with their
respective noun arguments. The nouns correspond to entity classes in the matching-distance model
(Equation 3), while the operations refer to verbs that are associated as methods with those classes.
In this specification an entity-class argument may be empty if no further explanation is needed for
describing the intended operation. Since the context specification uses operations and entity
classes, the knowledge base used by the entity class representation of the matching-distance model
can be extended to represent the components of the context specification.

Context = ((operation .{ entity,.. .entity, } 1). . .(operation of entity,.. .entityl}» (3)

For example, if a user wants to analyze some on-line datasets with the purpose of
purchasing a cottage, she would describe her intention by Context = <(purchase, { cottage} )>. By
using the hierarchical structure of the knowledge base, the operations’ arguments can be expressed
at different levels of generalization. For example, a user may be looking for sports facilitiesand in
such a case, she can specify Context = <(search, {sports facility})> or Context = <(search,
{athletic field, bowl! park, tennis court, sports arena, stadium} >. Another user’s intention can be
described by using operations without arguments, such as Context = <(play, {})>. In this case,
the operation play corresponds to a common function that characterizes the entity classesthe user is
looking for.

When contextual information is specified, not only relevance of distinguishing features can
be determined, but also word-sense ambiguities may be solved. Since the domain of the application
isusually a subset of the entire knowledge base, the contextual specification decreases the number
of entity classes that possess the same name (i.e., polysemy). Unfortunately, this approach suffers
the same disadvantage of the use of topical context for word-sense disambiguation [34], since it
may not distinguish polysemous terms that are semantically ssimilar and belong to the same domain
of discourse.

The semantic relations among entity classes provide aflexible way to describe context since
the specification of one entity class can be used to obtained other entity class that are semantically
related. We follows a top-down approach in a hierarchical structure to retrieved all entity classes
that belong to the application domain. This approach consistsin selecting

Q) entity classes whose functions correspond to the intended user’ s operations,
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2 entity classes that are specified as domain of operations in the context specification, and

3 entity classes derived from arecursive search of parts and children of the entity classes
foundin (1) and (2).

Once entity classes of the application’s domain are obtained, the diagnosticity of atype of
featuret (P,) is calculated as the sum of the frequency with which each distinguishing feature of the
typet characterizes an entity classin adomain of discourse (Equation 4). In P, o, is the number of
occurrence of the featurei in the entity class definitions, n is the number of entlty classes, and i is
the number of featuresin adomain of discourse.

R=8 @

Thefina weightsw ,, w, and w , of Equation 1 are functions of the probability of atype
of feature with respect to the probabl lity of the other two types of features (Equations 5a—).

P
w,_ = > (5a)
P ( P +P + Paj
w, = il (5b)
" (P, +P +P,)
P
° (50)

Wp:(Ppr-'-Pa)

A special case is when the maximum variability occurs, i.e., each distinguishing feature
characterizes only one entity class. In such acase, P,, P, and P, are zero and the model assigns
equal importance to parts, functions, and attributes. The same weights are also obtained when
either an application domain has only one entity class or entity classes share all features. When
there are no common features among the entity classes, the similarity values are zero, regardless
the assignment of weights. Likewise, when features are shared by all entity classes, the similarity
values are 1.0, independently of the assignment of weights.

4. Using Contextual Information with the Matching-Distance M odel

Toillustrate the integration of context into the matching-distance model, we anadyze different
scenarios for the similarity assessment. A prototype of the matching-distance model has been
implemented in C++ and a knowledge base with around 60 entity class definitions was derived
from the combination of WordNet [36] and the Spatial Data Transfer Standard [37]. Based on this
knowledge base, four scenarios for the similarity assessment were selected:

Q) Context-0: All distinguishing features are equally important, since context has not been
considered in the similarity assessment.
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7. Context-1: The user’ sintention isto retrieve recreational facilities. Figure 1 shows how the
user describes her intention by using the operation play without arguments.
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Figure 1: Context-1: Context specification with an operation without argument.

3 Context-2: The user’sintention is to compare downtowns. The user describes her intention
with the operation compare and the argument downtown (Figure 2).

4) Context-3: A user is searching for specific types of buildings and building complexes. This
scenario is described by the operation search with specific entity classes (i.e., low level in
the hierarchical structure) as the operation’s argument (Figure 3).
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Figure 2: Context-2: Context specification with an operation and a general entity class (top level
in the hierarchy) as an argument.



CONTEXT-99, Lecture Notes in Computer Science, Springer-Verlag, September 1999.

& File Edit Similarity View Help

_J Context Specification
search | ] ‘ _—_Mi
apartment building u ool oo
office building [ =——— Entity Hierarchy — H
shopping center < prtyical entity -
= artifack
= construckion 5|
= pulding
< building conmples
research cenker
I

Figure 3: Context-3: Context specification with an operation and specific entity classes (low
level in the hierarchy) as arguments.

As a result of the different context scenarios, different weights are generated for the
similarity of parts, functions, and attributes. Besides the first scenario (Context-0), the other three
scenarios define weights as a function of the variability of features within the application domain.
The second scenario (Context-1) defines an application domain with entity classesthat contain play
asafunction (stadium, sportsarena, athletic field, and park). The third scenario (Context-2) results
in adomain application with the entity class downtown and all entity classes semantically related to
downtown by is-a or part-of relations (e.g., artifact, construction, facility, and travelway). The last
scenario defines a small application domain that contains only the specific entity classeslisted in the
context specification (i.e., apartment building, office building, shopping center). Figure 4 shows
an example of a partial view of the hierarchy with highlighted (dark lines) entities classes that
belong to the application domain, the context specification window (for Context-1), and the
window with the weights for each type of distinguishing features.
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Figure 4: Partial view of the hierarchy with highlighted entity classes in the application
domain.

Table 1 displays the sets of weights for parts, functions, and attributes that result from the

definition of the five scenarios. While Context-1 highlights functions, Context-2 emphasizes
attributes, and Context-3 gives about equal importance to parts and attributes.

Weights Context-O  Context-1  Context-2 Context-3

Parts 33 23 32 38
Functions 33 51 23 22
Attributes 33 26 45 40

Table 1: Weights (%) for different specification of context.

Table 2 presents results of the similarity evaluation between a stadium and a subset of the
entire knowledge base. Some of these entity classes may not be part of the application domain that
results from the specification of each scenario.
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Similarity (Stadium, X)

X Context-0 Context-1 Context-2 Context-3
Sports arena 0.63 (1) 0.69 (2) 0.62 (1) 0.59 (1)
Athletic fidd 0.60 (2) 0.72 (1) 0.60 (2) 0.54 (2)
Theater 0.33(3) 0.24 (4) 0.41 (3) 0.38 (3)
Park 0.29 (4) 0.40 (3) 0.25 (5) 0.23 (5)
Museum 0.28 (5) 0.21 (5) 0.35(4) 0.32 (4)

Table 2: Example of semantic similarity values for each of the four scenarios. Numbers in
parenthesis refer to the similarity rank (1: best match, 5: worst match).

5. Discussion

Examples with different context specifications show that context has an influence on the
determination of the relative importance of distinguishing features and, therefore, the similarity
assessment. Context specification affects not only the smilarity values, but also the relative
location of entity classes in aranking of similarity. The significance of the context specification
may vary depending on the knowledge base to which the similarity model applies. If a knowledge
base contains only definitions of entity classes that are part of the domain of the application, no
context specification is necessary. Furthermore, the entity class definitions can also embed a
context, since only the relevant distinguishing features for a particular application may have been
listed. Therefore, context specification becomes more useful when alarge and general-purpose
knowledge base exists and a very detailed or specific application domain is desired.

The domain of an application reflects the underlying hierarchical structure of the knowledge
base. For example, a context specification with an operation’s arguments that are entity classes
located at the upper level of the hierarchy (e.g., Context-2) leads to an application domain that
contains alarge number of entity classes (67% of our global knowledge base). Since the top levels
of the hierarchy are usually less detailed (i.e., less distinguishing features are described), what
matters for the variability of distinguishing features is the number of entity classes in the
application domain that belong to the more detailed levels.

We performed an informal test with 21 human subjects, asking them to rank the six entity
types with respect to a stadium under the four different contexts. People agreed strongly with the
ranks of the similarity among entities for Context-0, confirming the best two matches and the least
similar entity (Table 3).

Similarity (Stadium, X)

X Most smilar Second most Third most Least similar
similar similar
Sports arena 16 3 1
Athletic fidd 4 13 2
Theater 4 12 1
Museum 2 9
Park 5 4

Table 3: Human subjects answers for similarity assessment with Context-1 (in number
of people).
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A similarly good match was obtained for Context-2. For Context-3, subjects agreed with
the top and bottom ranks, but differed about the ranks of the second and third most similar cases.
The responses for this context showed much more variation in the judgements and, therefore,
small differences—often asingle vote—influenced the rankings. One possible explanation for
these less focused assessments may be that Context-3 led to a similarity assessment was done over
entity classes that are outside of the application domain.

The strongest disagreement between the model and the human subjects was found for
Context-1 (play). There was a clear tendency to make the functional characteristics of the entity
classarelevant factor for the similarity evaluation. Although our model also emphasizes functional
characteristics and the three most similar entity classes are the same as the three most similar
entities given in people answers, the ranking among these three entity classes differs (Table 4).

Similarity (Stadium, X)

X Most similar Second most Third most Least similar
smilar smilar
Sports arena 4 4 12
Athletic fied 8 12 1
Theater 4
Museum 13
Park 9 5 7

Table 4: Human subjects answers for similarity assessment with Context-1 (in number
of people).

Themain difference between the model and people’s judgment is associated with the
ranking of park The matching-distance model finds a stadium to be less similar to a park than a
stadium to a theater within the context of comparing downtowns. One possible explanation is that
these differences are due to the ambiguity of the term park. While the model considers the
definition of a park as apiece of land in an urban area with recreational purpose, subjects may have
chosen the different concept of a ballpark.

6. Conclusions and Future Work

Context has an important effect on the determination of semantically similar entity classes. Two
entity classes may be more closely related to each other in one context than in another, since the
importance of their distinguishing features varies with the context. In this paper we developed an
approach to integrate context into amodel for the assessment of semantic similarity among entity
classes. This approach emphasi zes the semantics derived from the use of entity classes and defines
contextual information as the set of auser’ sintended operations. A preliminary human-subject test
over aset of four context scenarios showed that that model determined in three out of four cases
the best match from alist of five terms, aswell as the least similar term.

As future work, we will test and calibrate the matching-distance model by performing a
formal human-subject test. Like entity classes, operations can be also semanticaly interrelated
[38]. Thus, afurther study should explore semantic relations among verbsto allow for aflexible
and more accurate definition of entity classes that belong to the domain of the application.

A different approach to the determination of the relevance of distinguishing featuresisto
analyze the degree of informativeness of afeature. Following the standard argument of information
theory [35], the information content of afeature is defined as being inversely proportional to the
probability of occurrence of this feature. While the degree of informativeness highlights variability,
this work emphasizes commonalities. A combination of both approaches (i.e., variability and
commonalities) could be explored to account for cases when the similarity evauation is done

10
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exclusively among the entity classes within the domain of discourse. In such a case, what
characterizes the application domain becomes less relevant for distinguishing entity classes within
the domain.

Although we have focused on the use of context for similarity assessment, the specification
of the user’ s intended operations may play an important role for a wider range of processesin
information systems. Instead of the user’ s intended operations, operations associated with the data
modeled in a database have been suggested for solving problems of interoperability [32]. A
description of the user’s intended operation can create a bridge between user’s expectation and
information retrieved from individual or multiple databases.
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