
Context in Artificial Intelligent and Information
Modeling

Manos Theodorakis1 and Nicolas Spyratos2

1 FIT-Fraunhofer Institute for Applied Information Technology,
D-53754, Sankt Augustin, Germany

manos.theodorakis@fit.fraunhofer.de
2 Universite de Paris-Sud, LRI-Bat 490, 91405 Orsay Cedex, France

spyratos@lri.fr

Abstract. The modeling, representation and use of context is the challenge for
the coming years in Artificial Intelligence, especially when we now face very
large knowledge bases, complex problems and multimedia means. The notion of
context is important since it can capture many of the interesting aspects of the
way we understand the world, such as relativity, locality, partiality, and context-
dependence. In Artificial Intelligence, a number of formal or informal definitions
of some notion of context have appeared in several areas. However, all these no-
tions of context are very diverse and serve different purposes. In this paper, we
give an overview of the notion of context in Artificial Intelligence and we focus in
information modeling to present our approach of how to model context. In partic-
ular, we present a context-based model for structuring and accessing information
in large information bases.
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1 Introduction

The notion of context plays an important role in a number of domains and it is of
fundamental importance in cognitive psychology, linguistics, and computer science. In
computer science, a number of formal or informal definitions of some notion of con-
text have appeared in several areas, such as artificial intelligence [17, 20, 15], software
development [25, 14], databases [2, 13], machine learning [23], and knowledge repre-
sentation [24, 35, 39, 34, 40].

However, all these notions of context are very diverse and serve different purposes.
In software development the notion of context appears in the form of views [2, 13], as-
pects [25], and roles [14], for dealing with data from different perspectives, or even in
the form of workspaces which are used to support cooperative work [19]. In machine
learning, context is treated as environmental information for concept classification [23].
In the so called multiple databases, context appears as a collection of meta-attributes for
capturing class semantics [18]. In artificial intelligence, the notion of context appears as



a means of partitioning knowledge into manageable sets [17], or as a logical construct
that facilitates reasoning activities [20, 15]. In particular, in the area of knowledge rep-
resentation, the notion of context appears as an abstraction mechanism for partitioning
an information base into possibly overlapping parts (e.g. [24, 34, 39, 40, 11, 31, 9, 8]).

The modeling, representation and use of context is the challenge for the coming
years, especially when we now face very large knowledge bases, complex problems
and multimedia means. The notion of context is important since it can capture many of
the interesting aspects of the way we understand the world, such as relativity, locality,
partiality, and context-dependence. In Artificial Intelligence, the lack of explicit rep-
resentation of context is one of the reasons of the failure of many Knowledge-Based
Systems [5].

In this paper, we examine different representations of the notion of context in Ar-
tificial Intelligence and we present our approach of how to model context. Finally, we
compare all these approaches based on specific criteria on modeling contexts.

In this paper, we review the notion of context in different areas in Artificial Intelli-
gence and we present an approach of modeling the notion of context. In particular, we
present a context-based model for structuring and accessing information in large infor-
mation bases. A context is seen as a set of objects within which each object has a set
of names and optionally a reference: the reference of the object is just another context
which “hides” detailed information about the object.

In Section 2, we review different formalizations of context in Artificial Intelligence.
In Section 3, we focus on the area of information modeling and we present our approach
of modeling the notion of context, and in Section 4, we compare these approaches
according to specific criteria for modeling context.

2 Context in Artificial Intelligence

2.1 Situation Theory

Contexts has been considered in the basis of Situation Theory [3]. Situation Theory is
a unified mathematical theory of meaning and information content that is applied to
specific areas of language, computation and cognition. The theory deals with situations
and meaning (as a relation between situations). The notion of context is represented by
situations. Situations are first-class citizens of the theory and are defined intentionally.
A situation is considered to be a structured part of the reality, that an agent (somehow)
manages to pick out, and to which sentences in a theory are stated. Specifically, the work
of Barwise and Perry on situated reasoning and semantics [3] is motivated by interest in
dealing with efficiency of language (all qualifications for ”John can run” are captured in
the context of the sentence’s utterance), partiality of information (the symbol ”flower”
is meaningless in a theory of computer network), and self-reference (the utterance ”This
is an embarrassing moment” would be made in some situations but clearly refers to the
same situations).

Surav and Akman [30] (mainly inspired by Barwise and Perry’s work) approaches
context as an amalgamation of grounding situation and the rules that govern the rela-
tions within the context. They present a context by a situation type that supports two



types of infons: parameter free infons to state the facts and the usual bindings. Para-
metric infons (which corresponds to parametric conditionals) aim at capture the if-then
relations and axioms within the context.

2.2 Situation Calculus

The simplest approach to representing that the value of some predicate or function sym-
bol is dependent on some situation or context is to add a context argument to the list
of arguments for each predicate and function in the theory [22]. For example, the pred-
icateon(block1; block2) is written ason(block1; block2; s1). This allows one to stay
within a classical first-order framework and capture a simple form of context-relativity
for formulae. While adequate for many pragmatic cases for contexts, this approach is
inadequate for dealing naturally with structured spaces of contexts, context-specific vo-
cabularies and context inheritance. A problem, for example, of this approach is that it
does not allow a predicate to have different arguments in different contexts as it does
not provide adequate namespace separation between theories.

2.3 Context in first-order logic

Motivated by the observation that one can never represent an object in complete gener-
ality, McCarthy [20] introduced the notationist(c; p) (pronouncedas “is true”) meaning
that a logical sentencep holds in the contextc, wherec is meant to capture all that is not
explicit in p that is required to makep a meaningful statement represented what it is in-
tended to state. Formulasist(c; p) are always asserted within a context, i.e., something
like ist(c0; ist(c; p)). The most important in this theory the writing of axioms describ-
ing and interrelating contexts. Then, the most common operation is to lift a formula
from one context into another. Doing this requires the differences between the origin
and target contexts to be taken into account to obtain a formula with the same truth con-
ditions as the origin formula had in the origin context. There are many other relations
among contexts, for example, the relationspecialize(c1; c3), that indicatesc2 involves
no more assumptions thanc1 and every proposition meaningful inc1 is translatable into
one meaningful inc2.

The consequences are: (i) contexts cannot be described completely, (ii) proposi-
tions and contexts are always relative to another context, (iii) contexts can be nested in
any depth, (iv) contexts are related among others with different relations, (e.g., lifting
axioms from one context to another, specialization of contexts).

One of the first attempts at formalizing context under McCarthys supervision was
presented by Guha [15]. Motivated largely by his work in the Cyc project, an attempt
to build an extremely large knowledge base to support common-sense reasoning, Guha
observed that without structuring the vocabularies and sentences of the system, it was
nearly impossible to construct Cyc without running into inconsistency and a prolifer-
ation of qualifications for non-logical symbols when stating sentences. Contexts also
enabled the Cyc designers to state theories at different levels of detail and to have Cyc
employ the appropriate theory. Thus, Guha treated a context as having a vocabulary and
a set of possible truth assignments associated with it so that the formulaist(c; p) holds



if p is true in all the valid truth assignments for contextc. Contexts are formalized as
first class objects.

Since then, contexts have found uses in various artificial intelligence applications,
including: translating knowledge [6], modeling knowledge and belief [12], integrating
heterogeneous databases [10], planning [7], common sense reasoning [21].

Coherently with the notion of context described above, Attardi [1] uses viewpoints
to represent the notion of relativized truth such as beliefs, situations and knowledge.
Viewpoints denote sets of sentences which represent the assumptions of a theory.

2.4 Context in categorization

Categorization is one of the basic mental processes in cognition. We, as human beings,
can categorize various types of objects, events, and states of affairs, and our categoriza-
tions depend on the circumstance and perspective (i.e., how things are depend on one’s
point of view on them). Barwise and Sligman [4] usenatural regularitiesto study the
role of context in categorization. To be more specific consider the following example
of regularity as it appears in [27]: ‘swans are white’, which express an intuitive sense
that all swans are white. Although this is the general intuition about swans, there might
be exceptions and we can find swans which are black (this can happen in Australia).
Therefore, this sentence can be evaluated only in appropriate contexts, such as in Eu-
rope, outside zoos, and so forth. The appropriate context wouldn’t be a problem if we
could completely specify all contextual factors. However, in many cases it is impos-
sible to state all the relevant contextual factors. In [4], a notion of context is captured
through the notion ofperspective. Different perspectives simply give rise to different
ways of classifying things. For example, distances can be classified using either inches
from Manos’ perspective or centimeters from Nicolas’ perspective.

2.5 Graphical Representation of Context

A precursory idea of context can be traced back to Peirce’sexistential graphs[26]. Ex-
istential Graphs use a logical form of context called acutwhich shows in a topological
manner the scope of a negative context on a sheet of paper (thesheet of assertion).
Sowa [28, 29] introducedconceptual graphs(CG) as an extension of the existential
graphs and definedcontextsas concepts whose referent contains one or more CG. The
contexts are treated as first-class objects and are embeddable in graphs. Hendrix [16,
17] expanded semantic networks (based on existential graphs) throughpartitioningcon-
texts. Unlike Peirce, Hendrix allowed overlapping contexts.

Some problems with CG contexts are that inheritance can only follow the tree struc-
ture formed by the embedding of the contexts and runs from the child to the parents
(collapsing of contexts). Furthermore, lifting axioms for contexts can only be written
by resorting to the meta-level facilities of CGs, writing meta-level rules.



3 Context in Information Modeling

3.1 The notion of context

Suppose we want to talk about Greek islands by simply using their names without
further description. Let us consider the island of Crete. We can represent this island by
an object identifier, sayo1 associated with the nameCrete. We writenames(o1) =
fCreteg and we denote this as follows1:

Crete : o1
Next, let us consider the island of Santorini. Following a similar approach, we rep-

resent this island by an object identifiero2 associated with the nameSantorini. How-
ever, the island of Santorini is also known under the name Thera. So this time, we asso-
ciateo2 with the set of namesfSantorini; Therag, i.e.names(o2) = fSantorini; Therag,
and we denote this as follows:

Santorini; Thera : o2
Finally, let us consider one of those tiny, uninhabited islands of Greece that happen

to be nameless. We represent such an island by an object identifiero3 associated with
no name, i.e.names(o3) = fg, and we denote this as follows:

: o3
Continuing in the same way, we can represent every Greek island in a similar man-

ner. The set of all such representations is acontextthat we represent by acontext iden-
tifier, sayc1.

Suppose next we want to talk about the Greek mainland by simply using the names
of each region of Greece without further description. Proceeding in a similar way as in
the case of Greek islands, we can create a second context, sayc2, as shown in Figure 1.

Suppose now that we want to talk about the geography of Greece seen as a division
of Greece into islands and mainland. First, let us consider the islands. We can represent
the islands by an object identifier, sayo, and associated with the nameIslands. How-
ever, the objecto is a higher level object that collectively represents all Greek islands,
i.e. the objecto collectively represents the contents of contextc1. In other words, if
we want to see whato means at a finer level of detail, then we have to “look into” the
contents ofc1. Thus we call contextc1 thereferenceof objecto, and we writeref (o) =
c1. Summarizing our discussion on islands, we writenames(o) = fIslandsg and
ref (o) = c1, and we denote this as follows:

Islands : o c 1

Following a similar reasoning, we can represent the mainland by an object iden-
tifier, sayo0 associated with the nameMainland and the referencec2. We can now
group together the islands and the mainland to form a contextc, as shown in Figure 1.
Then, geography of Greece can be represented by an object identifiero00 associated with
contextc, as shown in Figure 1.

The previous examples suggest the following definition of a context [35, 32]:

Definition 31 Context.
A contextc is a set of objects such that each objecto is associated with

1. a set of names, calledthe names ofo in c, and denoted bynames(o; c);

1 In this paper, the termsobjectandobject identifierwill be used interchangeably.
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Fig. 1. An example of context structure.

2. zero or one context, calledthe reference ofo in c, and denoted by
ref (o; c).

The reason why we use the symbolsnames(o; c) andref (o; c) in the above defini-
tion, instead of the symbolsnames(o) andref (o) used in the previous examples, is that
an object can belong to different contexts and may have different names and/or refer-
ence in each context. That is,names and references of an object are context-dependent.

In our previous examples, while explaining the construction of a context, we fol-
lowed a bottom-up approach. That is, we started from simple objects and built up con-
texts which were later on referenced by higher level objects (“moving” from right to left
in Figure 1). Clearly, we could have followed the opposite construction, i.e. a top-down
approach (“moving” from left to right in Figure 1). In fact, we can even follow a mixed
approach, i.e., creating each context independently, then connecting them through ref-
erences. This flexibility is important in conceptual modeling and implies (among other
things) the possibility ofmodular design, i.e. retaining at each level of abstraction the
essential information and hiding inessential details (by putting them in a referenced
context).

It is important to note that an object can have two or more names within a context
and that two different objects can have one or more names in common. Moreover, an
object can have no name within a context. In other words, our contextualization mecha-
nism supportssynonyms, homonyms, andanonyms. It is also important to note that our
contextualization mechanism does not depend in any particular data model, but it can
be easily embedded in any one [35, 32]. For example, the objects of a context can be
objects from an object-oriented database, or tuples from a relational database, or the
results of queries in an object-oriented or a relational database, and so on. This is why
we do not specify the nature of the objects in a context.

Let us now consider another example, shown in Figure 2, which represents the
views of two persons regarding an institute. ContextIB contains two objects,o10 and
o11, namelyManosViewandAnastasiaView, respectively. These objects represent the
views of Manos and Anastasia regarding the same institute. These views are presented
in detail within contextsc1 andc4 (the references of objectso10 ando11, respectively).
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Fig. 2. An example of context structure: Two views of the same institute.

Note that objecto1 (which represents a person) is shared by several contexts (c1, c2,
c3, c4, andc5) and is assigned different names within each of these contexts. Note also
that objecto8 (which represents the Information Systems Lab of the institute) refers to
the same contextc2 either within contextc1 or c4. Intuitively, this expresses that Manos
and Anastasia have the same view for the Information Systems Lab. Whereas object
o9 (which represents the Decision Support Systems Lab) refers to contextc3 within
contextc1 and to contextc5 within contextc4. Intuitively, this expresses that Manos
and Anastasia have different views for the Decision Support Systems Lab.

Let us summarize the features of context supported by context definition:

1. Object sharing or overlapping contexts: An object can belong to one or more
different contexts. When contexts share objects we say that contexts overlap. This
feature is useful when we want to view an object under different perspectives.

2. Context-dependent object names: The same object can have different names in
different contexts (in which it belongs). This is very convenient, because a name
which has a clearly understood meaning in one context may not do so in another.

3. Synonyms: The same object can have different names in the same context. That
is, alternative ways for naming the same object are supported. This is the case of
synonymous objects.

4. Homonyms: Two different objects can have the same name within a context. This
is the case of homonymous objects.

5. Anonyms: An object may have no name within a context. This is the case of
anonymous objects.

6. Context-dependent references: The same object can have different references
within different contexts. In other words, references are context-dependent.

7. Two different objects, whether or not they belong to the same or different con-
texts, can have the same reference. This is convenient, as a given context can be
reachable through different object paths.



8. From within a given context, we can “reach” any object that belongs to the ref-
erence of an object within that context (and, recursively, any object that lies on a
path).

A prominent feature of our contextualization mechanism is that it allows users to
focus on a specific context at a time (call itcurrent context), thus delimiting a portion of
interest in the information base. As a consequence, the scope of user queries is localized
to that portion, i.e., to the set of objects and contexts that are accessible from the current
context. In turn, query evaluation is performed with respect to that portion of interest —
andnotwith respect to the whole information base. As a result, users can find speedily
the needed information.

An other important feature is that users are able to make cross references of an
object from one context to another in order to obtain alternative representations of that
object. Note that, in first-order logic, to make cross references it is needed to defined in
an outer context lifting axioms. In this theory, this is done through the object identity.

3.2 Operations on context

Moreover, we define a set of operations for manipulating contexts [38, 34, 33]. These
operations support context creation, update, copy, union, intersection, and difference.
In particular, our operations of context union, intersection, and difference are different
from these of set theory as they keep track of the context involved. However, they also
satisfy the important properties of commutativity, associativity, and distributivity. Our
model contributes to the efficient handling of information, especially in large informa-
tion systems, and in distributed, cooperative environments, as it enables (i) representing
(possibly overlapping) partitions of an information base; (ii) partial representations of
objects, (iii) flexible naming (e.g. relative names, synonyms and homonyms), (iv) focus-
ing attention, (v) handling inconsistent information, and (vi) combining and comparing
different partial representations.

3.3 Structuring the contents of a context

Then, we show how a particular semantic data model (the Telos data model) can be in-
corporated into the proposed contextualized framework [35, 36]. Thus, we enhance our
notion of context by structuring its contents through the traditional abstraction mecha-
nisms, i.e., classification, generalization, and attribution. We show that, depending on
the application, our notion of context can be used either as an alternative way of model-
ing or as a complement of the traditional abstraction mechanisms. It is important that we
study the interactions between contextualization and the traditional abstraction mecha-
nisms as well as the constraints that govern such interactions. In that study, we define
also the relationrefinementbetween context to support a kind of inheritance of their
contents.

3.4 Querying contextualized information

Contextualized information bases need a special treatment in order to answer queries.
Thus, we propose a general framework for querying information bases which supports



contextualization [37]. In particular, we focus on the following issues: (i) accessing
information in a context structure using paths of names or paths of references, (ii) re-
trieval of contextualized information by defining useful fundamental query operations
on contexts such as select, project, generate (which allows the reorganization of con-
texts structure), and path select.

In addition to the fundamental operations there are several other derived operations,
such ascontext union, context intersection, andcontext difference. We extend the func-
tionality of querying by allowing traversal of the context hierarchy using complex path
expressions. Finally, we illustrate the usefulness of our contextualization mechanism by
presenting higher level query operations that enable users to explore a contextualized in-
formation base. These higher level operations include focusing on a context of interest,
searching the context structure for specific information, and making cross references of
a concept from one context to another in order to obtain alternative representations of
that object.

4 Comparison

It is unlikely that there will be a single context formalism that will suffice for all forms of
context, just as there is no universal knowledge representation language. The following
criteria have been identified for comparing the different approaches for formalizing
context:

CFCO: contexts as first class objects

CSV: context specific vocabulary

CSS: context specific semantics

Nest: nesting of contexts (subcontexts)

Inh: inheritance through contexts

SR: self-reference

Table 1 shows a comparison of the main approaches for formalizing the notion of
context examined in this paper (ST: Situation Theory, SC: Situation Calculus, FOL:
first-order logic, CG: Conceptual Graphs, IM: Information Modeling).

ST SC FOL CG IM

CFCOX X X X

CSV X X X

CSS X X X X X

Nest X X X

Inh X X

SR X X

Table 1.Comparison of properties of context



5 Conclusions

In this paper, we review different formalizations of contexts in Artificial Intelligence
and we present our approach of modeling the notion of context in information modeling.
Finally, we give a comparison of the formalizations presented according to specific
criteria for context modeling.
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