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Abstract. The Knowledge Base Management Systems (KBMS) Project
at the University of Toronto (1985-1995) was inspired by a need for
advanced knowledge representation applications that require knowledge
bases containing hundreds of thousands or even millions of knowledge
units. The knowledge representation language Telos provided a framework for the project. The key results included conceptual modeling innovations in the use of semantic abstractions, representations of time and
space, and implementation techniques for storage management, query
processing, rule management, and concurrency control. In this paper, we
review the key ideas introduced in the KBMS project, and connect them
to some of the work since the conclusion of the project that is either
closely related to or directly inspired by it.

1

Introduction

In the early nineties, the emergence of advanced applications such as ComputerAided Design (CAD), software engineering, real-time control systems, and grand
challenge projects such as the DARPA knowledge sharing project [1] and the Human Genome project [2] required technologies for creating and managing data
representations with rich structure and ability for inference. The goal of the
Knowledge Base Management Systems (KBMS) project, led by Prof. John Mylopoulos, was to develop the technology for construction and efficient access of
large and shared knowledge bases (KBs). At that time, the state of the art in
KB implementations was to use expert system shells or programming languages
such as Lisp or Prolog. In the KBMS project, we investigated the use of database
technology as a source for techniques for advancing the state of the art in constructing large knowledge base systems [3].
The knowledge representation language Telos provided the focal point of
research in the KBMS project, and a framework for five Ph.D. [4–8] and three
Masters [9, 10] theses. We begin this paper with an overview of Telos and the key
technical results of the project. We then discuss the current state of development
of knowledge base systems most closely related to the problems investigated in
the KBMS project.

2

The Knowledge Representation Language Telos

Since a detailed description of Telos is available in published papers [11], we will
highlight here only its salient features.
Propositions: A proposition is the fundamental unit in a KB. A proposition
is a triple, and can represent an individual or an attribute.
Structural Knowledge: The propositions in a KB are organized along three
dimensions: aggregation, classification, and instantiation. The aggregation represents structured objects, the classification represents the class-subclass relationship, and the instantiation represents the class-instance relationship.
Classes can be instances of other classes, thus allowing meta-classes. Metaclasses are a mechanism for extending the representation model. Similarly, attributes can be instances of classes, called attribute classes, which provide a
mechanism to impose constraints or specific semantics to attributes.
Temporal Knowledge: Every Telos proposition has an associated history time
and a belief time. The history time of a proposition represents the lifetime of a
proposition in the application domain (i.e., the lifetime of an entity or a relationship). A proposition’s belief time, on the other hand, refers to the time when
the proposition is believed by the KB, i.e., the interval between the moment the
proposition is added to the KB and the time when its belief is terminated. In
Telos, time is modeled using intervals that can be related using the relations
in Allen’s Interval Algebra [12]. The combination of constraint-based temporal
representations and nontemporal ones was fully explored in the Ph.D. thesis of
Koubarakis [4].
Assertional Knowledge: Telos provides an assertion language for the expression of deductive rules and integrity constraints. The assertion language is a
first-order language with equality. Telos supports both static constraints (that
apply to all states of a KB) and dynamic constraints (that apply to those temporal states that satisfy specific temporal predicates or to the transition between
temporal states). Deductive rules are also explicitly associated with history and
belief time intervals.
Telos supports primitive KB operations such as Tell, Untell, Retell, and Ask
that can be used to query and update the KB. A possible-worlds semantics for
Telos was defined in the Master’s thesis of Plexousakis [10]. The semantics of
Telos include an ontology of objects based on the property of existence, and
proofs for the soundness, consistency, and completeness of a Telos KB.
Spatial Knowledge: The representation for the spatial knowledge in Telos was
defined in the Ph.D. thesis of Topaloglou [7]. The spatial representation in Telos
was accomplished through a library of meta-classes and meta-attributes that
capture the semantics of spatial features of physical objects. The objects with
a spatial extension can be placed in spaces, called maps, at variable scales and
related to other spatial objects or constants through qualitative or quantitative
relationships.

2.1

Telos Implementations

There have been four implementations of Telos. The first implementation was
done as part of two Master’s theses [9], carried out at the University of Toronto
and ICS-FORTH, and covered all the features of Telos including reasoning with
incomplete temporal information. The implementation language was Prolog with
the temporal reasoning module implemented in C for efficiency. The temporal
reasoning module implemented constraint satisfaction for a subset of Allen’s
Interval Algebra so that consistency checking remains polynomial. Nevertheless,
the data complexity of query answering for the query language used is at least
NP-hard [13].
The second implementation of Telos was done by an ICS-FORTH team led by
Martin Doerr. The implementation was done in C++ and covered only the structural knowledge, and provided no support for assertional or temporal knowledge.
This Telos prototype was used in the implementation of the Software Information
Base [14].
The third implementation of Telos was based on the dialect O-Telos defined
in the Ph.D. thesis of Manfred Jeusfeld at the University of Passau, and implemented in the ConceptBase system [15]. O-Telos omitted the history time
component of Telos and its facilities for reasoning with incomplete information,
and implemented only the structural and assertional knowledge features of Telos.
Since 1995, ConceptBase has been continuously developed and it is freely available.6 ConceptBase is currently applied at more than 500 sites worldwide for
research as well as teaching and is the most complete implementation of Telos.
The fourth implementation, called Common Knowledge Base (CKB), was
done by Bryan Kramer and Martin Stanley at the University of Toronto in the
context of the APACS project. This implementation was done in C++ and a
commercial object-oriented database management system, Versant, and covered
only the structural knowledge [16].
2.2

Research on Implementation Techniques

The implementations of Telos mentioned above were done using the technology
available at that time, did not support all the features of Telos, and, with the exception of ConceptBase, were not designed with scalability in mind. A significant
effort in the KBMS project was devoted to addressing these limitations. Specifically, we investigated database techniques for implementing Telos, and subjected
those techniques to rigorous performance evaluation [3]. We summarize here the
techniques that were developed during the KBMS project.
Storage Management: The research goal of this task was to efficiently store
on disk a KB that was too large to fit in the main memory. We developed a
scheme called Controlled Decomposition Model, that could map the structural
knowledge of a KB to a set of relations in a way that the information that was
6
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likely to be accessed together was stored together for efficient access, while the
rest was split across multiple relations to support efficient storage and updates
[17]. We extended the database techniques based on join indices to deal with the
temporal dimension of a KB.
Query Processing: The research goal of this task was to develop semantic
query optimization techniques for processing Telos queries [18]. We developed
query simplification techniques for temporal knowledge, syntactic simplification
techniques that apply knowledge of the class hierarchy, and techniques for generating query evaluation plans. We also developed a cost model for optimizing
path queries in knowledge bases with structural and temporal knowledge. [19].
Concurrency Control: The goal of this task was to develop techniques to
allow multi-user updates to a KB and was done as part of the Ph.D. thesis
of Chaudhri [5]. The key result was a new locking protocol, called the Dynamic
Directed Graph policy, that improved performance over the traditional two phase
locking protocol by taking advantage of the assertional component of Telos.
Integrity Constraints: The research goal of this task was to develop an algorithm for efficient checking of integrity constraints for a Telos KB. This research was done as a part of the Ph.D. thesis of Plexousakis [6]. We developed
techniques for compiling, simplifying and checking the violation of integrity constraints when there are updates to a KB. The technique took into account the
temporal knowledge of Telos as well as potential interactions between rules and
integrity constraints.
Case-based Reasoning: The research goal of this task was to develop a
methodology for building large and complex case-based reasoning systems, and
it was done as part of the Ph.D. thesis of Jurisica [8]. To achieve flexibility
without reducing performance, we adapted an incremental view maintenance algorithm from database management systems [20] into a reasoning system called
TA3, and successfully applied it to several biomedical domains [21–23, 22, 24, 25].
The key components of TA3 included case representation in Telos, incremental
query relaxation, modified k-nearest neighbor algorithm, and anytime retrieval
algorithm.

3

Evolution of Knowledge Systems Since the KBMS
Project

It is helpful to think of problems in the general area of constructing large knowledge systems in three broad classes: Content Modeling, Implemented Systems
and Measurement and Evaluation. We now consider each of these subtopics in
detail concentrating on research that took place after the KBMS project, and is

either closely related to it or directly inspired by it. We notice that much of this
work is at the core of research areas that have received much attention recently
such as scientific data management or the Semantic Web.
3.1

Content Modeling

There are two aspects of content modeling: the knowledge representation language itself, and the KB content. In Telos, the temporal and spatial representations were considered part of the language itself. This is not the case in systems
such as Cyc [26] in which the temporal knowledge and spatial knowledge are considered as subtheories in a KB - known as an upper ontology, and independent
of the representation language. Here, we review the research on KR language
features that were the subject of inquiry in Telos.
Structural Knowledge: In the mid-nineties, several KR research groups investigated languages such as CLASSIC [27], LOOM [28], and Ontolingua [29]
that are in the tradition of KL-ONE [30]. In an effort to synthesize among the
best features of various languages, Peter Karp at SRI International did a survey
of frame-based knowledge representation languages prevalent at that time that
led to the development of the Generic Frame Protocol [31] followed by the Open
Knowledge Base Connectivity Model [32].
The World-Wide Web (WWW) gave rise to a whole new group of languages that are based on semantic abstractions and were designed as a foundation for the Semantic Web [33]. Building on the WWW technologies (for
example, Uniform Resource Indicators) and the past research on semantic networks and frame-based knowledge representation languages, Resource Description Framework (RDF) was created [34] and became a standard of the World
Wide Web Consortium (W3C) in 2004.7 With a similar emphasis, the DARPA
Agent Markup Language program8 (DAML) focused on standardizing expressive
knowledge representation languages for the WWW. At the same time, another
group of researchers, mainly based in Europe, developed a competitor ontology
language called the Ontology Interchange Language (OIL) [35]. The interaction
among DAML and OIL led to the language DAML+OIL, which eventually became the Ontology Web Language or OWL that became a W3C recommendation
in 2004.9
Looking back at the gradual development of the languages mentioned above,
it is easy to discern the influence of Telos and the KL-ONE tradition in RDF and
the languages building on them. RDF triples bear a close resemblance to Telos
propositions. The abstraction mechanisms adopted in these languages had already been incorporated as modeling primitives in the representation framework
of Telos since the late 1980s.
7
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Assertional Knowledge: Early efforts to combine an assertion language with
structural knowledge predate Telos and the KBMS project (see, e.g., KRYPTON [36]); such languages are now part of several implemented systems [29,
26]. In parallel to work on Telos, there have also been various other proposals
of languages combining an assertional and structural knowledge, many of them
coming under the label “deductive and object-oriented” languages. Perhaps the
most theoretically elegant language in this family is F-Logic [37]. F-Logic, like all
other deductive and object-oriented languages, originated from the database and
logic programming traditions, and accounts in a clean and declarative fashion
for most of the structural aspects of object-oriented and frame-based languages.
F-Logic, however, does not allow for temporal or spatial knowledge in its
assertion language in the way that Telos supports. An additional distinguishing
feature of the assertional component of Telos, not present in related languages, is
the coupling of the integrity constraints and deductive rules with the structural
knowledge. In Telos, rules and constraints are treated uniformly and can be
attached to classes at any level of the class hierarchy.
More recently, there have been several proposals for rule languages for the
Semantic Web. For example, Semantic Web Rule Language (SWRL) deals with
issues such as rule definition based on OWL.10 Semantic Inferencing for Large
Knowledge or SILK is an effort to define an expressive rule language that addresses issues such as reasoning with processes and defaults.11 . The Rule Markup
Language (RuleML) initiative aims at defining a common rule interchange and
markup language based on XML and RDF.12 The problems studied in the context of the specification, semantics and use of the assertion language of Telos are
thus recast and expanded in the context of reasoning on the Semantic Web.
Temporal Knowledge: The rich temporal knowledge representation concepts
of Telos (history time, belief time, interval-based incompleteness of historical
knowledge) did not find any followers in the deductive and object-oriented (or
frame-based) families of languages. There has been interesting related work in
other areas.
The distinction between history and belief time had already been made explicitly in the area of temporal relational databases [38, 39] before Telos was put
forward (the corresponding terms used were valid time and transaction time)
and Telos had benefited from this work. The area of temporal databases saw
an explosion of activity culminating in the specification of the query language
TSQL2 [40], a temporal extension of the SQL-92 standard. In the deductive
database and logic programming community, the most comprehensive proposal
to introduce valid and transaction time using event calculus is by Sripada [41].
Gutierrez and colleagues [42–44] have proposed to extend RDF triples of the
form (s, p, o) with an additional temporal label t that is a natural number. The
resulting quad (s, p, o, t) is called a temporal RDF triple and denotes the fact
10
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that the triple (s, p, o) is valid at time t. Based on this definition, [42–44] define
a temporal RDF graph as a set of temporal RDF triples, and study problems of
semantics and computational complexity of query answering. This representation
directly maps to the representation of propositions in Telos.
The temporal description logics introduce a concrete domain to model time
together with appropriate definitions for concepts, roles and features [45]. Work
here has concentrated mostly on issues of semantics and reasoning in these logics
with little emphasis on implementations.
Starting with Cyc,13 there has also been work on ontologies of time 14 . The
time ontology in Cyc is one of the most comprehensive representations of time
available today and has been reused outside the context for which it was originally created [46].
Spatial Knowledge: Numerous spatial representations and calculi to support
efficient reasoning with spatial knowledge are now available that were not available at the time of the KBMS project [47]. The most comprehensive representation of space in an implemented system is in the Cyc KB. The Cyc KB
provides a first-order axiomatization of basic spatial representational primitives.
It includes axiomatization of more than 65 spatial predicates, which include 15
different kinds of containment and 7 different kinds of covering. It also supports
representations for shapes, boundaries, regions, and convex hulls [48].
The Semantic Web language RDF has recently been extended to represent
spatial knowledge. In the system SPAUK [49], geometric attributes of a resource
(e.g., location of a gas station) are represented in RDF by introducing a blank
node for the geometry, specifying the geometry using the Geography Markup
Language,15 and associating the blank node with the resource using Geography Encoded Objects for RSS feeds.16 Queries in SPAUK are expressed in the
SPARQL query language utilizing geometric vocabularies and ontologies [47].
In a similar spirit, Perry defines an extension of SPARQL, called SPARQL-ST,
that allows one to query spatial and nonspatial data with a time dimension [50].
3.2

Implemented Systems

We review here the implemented systems to which the graduates of the KBMS
project have contributed. These systems are closely related to the spirit of the
KBMS project.
The PERK System: The PERK (or Persistent Knowledge) system at SRI
International was implemented to enable collaborative construction of KBs [51].
It addressed the issues of storage management, concurrency control, graphical
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14
15
16

http://www.opencyc.org/
http://www.w3.org/TR/2006/WD-owl-time-20060927/
http://www.opengeospatial.org/standards/gml
http://georss.org/

editing, and application programming interfaces. The PERK system supports
only structural knowledge, and has no support for assertional, temporal or spatial
knowledge. We consider here the topics of storage management and concurrency
control since they are most closely related to the implementation techniques of
Telos KBMS.
The storage system in PERK is aimed at allowing incremental loading and
saving of a large KB into the main memory. It achieves this by submerging
the commercial Oracle database management system in an existing Lisp-based
frame-based representation system. Due to impedance mismatch between the
in-memory representation of Lisp objects and a relational database, and to facilitate evolution of the schema, PERK represents the content of a frame using a
compressed string representation. Since a string representation is not in the first
normal form, it is unable to support query processing directly by the database.
All the query processing is then done in memory using the frame system. To
facilitate fast retrieval, PERK adds indices for frequently accessed slots. The
spirit of this design is very close to the controlled decomposition model used in
the Telos KBMS.
The concurrency control scheme in PERK is based on an optimistic concurrency control approach: the users are allowed to make divergent updates to the
KB; and once they are satisfied with their changes, they attempt to commit
their updates; any conflicting updates are detected and they must resolve the
conflicts. This model seemed preferable to locking-based approach advocated in
the Telos KBMS because it allowed greater collaboration among the contributors. The conflict detection is done based on a change log that is organized at the
granularity of knowledge editing operations and not low-level storage operations
in a database. The PERK system is in extensive use as the back end of SRI’s
EcoCyc system [52].
The OPM Tools Suite: The Object Protocol Model (OPM) project [53] at
the Lawrence Berkeley National Laboratory utilizes a semantic data model to
describe the semantics of the entities in biological databases and build advanced
query mechanisms for biological data. The OPM project shares significant similarities with the Telos knowledge management project.
OPM is an object-based data model that is very similar to Telos and is used
to describe a database at a conceptual level in terms of classes, attributes, and
relationships. By representing the semantics of the data, it enables scientific
users to create, query, and integrate databases without being bogged down by
implementation and system-level details. The gap between the user view and
the implementation view of a database is bridged by data management tools
that are driven by rich meta-data represented in OPM. The OPM suite includes tools for creating and querying databases, adding a query interface to an
existing database, querying multiple databases, and extending databases with
application-specific data types and methods. Forward development of an OPM
database results in the creation of a relational database and object-relational (OR) mapping meta-data that are used to reformulate object queries to relational

ones, and reconstruct objects from the results of a relational query plan. The OR mapping of OPM shares striking similarities to the controlled decomposition
model, although they have been developed independently.
The mechanism for model extensibility in OPM, needed to support methods
and application-specific types, such as DNA sequences and images, was realized
following an approach similar to the Telos approach, i.e., adding a new metaclass at the language level, and complemented by a robust integration framework
and implementation infrastructure [54].
The RDF Suite: Due to the expansion of the WWW, there is a significant need
to enable querying over heterogeneous information sources. One effort to meet
this need is the ICS-FORTH RDFSuite [55], which provides services for loading, parsing, schema-aware storage, querying, viewing, and updating of RDF/S
resource descriptions and schemas. The design of RDFSuite was influenced by
the design decisions of the Telos KBMS, in particular with respect to storage
management and querying. RDFSuite comprises (a) the Validating RDF Parser
(VRP): a parser supporting semantic validation of both RDF/S resource descriptions and schemas, (b) the RDF Schema Specific DataBase (RSSDB): a
store exploiting a variety of Object-Relational (SQL3) representations to manage RDF/S resource descriptions and schemas, (c) the RDF Query Language
(RQL): a declarative language for uniformly querying RDF/S resource descriptions and schemata, (d) the RDF View Language (RVL): the first declarative
language for creating virtual RDF/S resource descriptions and schemas, and (e)
the RQL Graphical Query Generator (GRQL): a user interface generating minimal declarative queries by taking into account the browsing actions in an RDF/S
schema during a user navigation session.
The TA3 System: The TA3 system was developed as part of the Ph.D. thesis of Jurisica [8] and has undergone significant evolution. The TA3 system has
been expanded by using incremental query relaxation and anytime retrieval algorithm [20], reimplementing the system in Java, and using the IBM DB2 relational
database for persistent storage [23]. Further expansion covered support to handle images [22, 56, 24, 57], improved performance with data mining [25, 58], and
improved accuracy with an ensemble of classifiers [59].
The TA3 system currently handles the scale and the size of data for which
the KBMS project was envisioned. As a specific example, it is being used to
store and analyze protein crystallization experiments [60, 23, 58]. In its current
use, there are 12,000 protein crystallization experiments, each of which has 9,216
attributes, and the data is derived from 110,592,000 images [61, 62]. The repository grows at a rate of more than 200 experiments each month. Before TA3 can
suggest crystallization optimization strategies for a novel protein, we have to
compute 12,375 image features and automatically classify images into 10 possible categories [56, 63, 61, 62].
The key to scaling the techniques that were developed in the KBMS project
for this new application has been the use of a scalable computational infrastruc-

ture. Although the TA3 system can run on a regular Unix or Windows server, the
image processing runs on the World Community Grid17 and the post-processing
is done on a 1,344-core Linux cluster.
Another large-scale application of the TA3 system involves estimating a job
runtime [64]. The application domain considered scheduling Functional Regression Tests (FRT) for the IBM DB2 Universal Database product Version 8.2 (DB2
UDB) [65]. A job runtime can be affected by a large number of both job and
machine characteristics. Scalable performance is critical, as there are more than
50,000 jobs to test for each version of DB2 UDB in a grid, which comprises about
300 machines with different configurations. A case is represented as a record that
includes job information, machine information, and runtime information. Case
retrieval and adaptation uses the priorities of job and both static and dynamic
machine characteristics. Our experimental results show that for more than 90%
of jobs, the estimation error is 45% or less, and the average estimation error is
at most 22%. Applying the system to FRT, we achieved average performance
improvements of 20% to 50%. In the worst case, we still achieved a 13% to 36%
performance improvement [65].
3.3

Measurement and Evaluation

Performance evaluation of implementation techniques was a central methodology in the KBMS project. We discuss here innovations in measurement and
evaluation of knowledge-based systems.
Metrics on KB Size: In the world of databases, the size of the data measured
in records or bytes is a very good indicator of the scale of the problem. But, a
similar measure such as “millions of knowledge units” is not always meaningful
in the context of KBs. For example, a KB containing millions of simple facts
may have less knowledge content than a KB with a small number of axioms.
As an approximate measure, one can use the number of axioms in a KB as one
measure of competence. competence.
One possible approach to measuring the size was investigated in DARPA’s
High Performance KBs (HPKB) project in which the measure of axiom counts
was refined to include axiom categories [66]:
1. Constants are any names in the KB, whether an individual, class, relation,
function, or a KB module.
2. Structural statements are ground statements about the semantic abstractions
in a KB, for example, subclass-of, instance-of, domain, and range assertions.
3. Ground facts are any statement without a variable.
4. Implications include any nonground statement that has an implies (a ground
statement that contains an implication is counted as a ground statement).
5. Non ground, non implications are statements that contain variables but not
an implication.
17
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While axiom categories are an improvement over measuring the size in terms
of knowledge units, they are still imperfect; a larger number of axioms in a category does not alway imply a greater amount of knowledge. As a methodological
improvement, Vulcan’s Project Halo measures the size of a KB in terms of the
questions it is able to answer on a standardized college-level test [67]. While
the approach of using a standardized test is a significant improvement, we believe new ways of measuring the KB content and quality are needed that are
applicable to more general classes of systems.
Knowledge Reuse Metrics: A central claim in building the content for large
KBs is that as we add more content, things get easier, as the content added later
builds on what already exists. This is a claim that makes intuitive sense because
when new knowledge is to be added to a KB, relevant terms may already exist
and some knowledge may be available through inheritance. One innovative way
to test this claim is to study how knowledge is reused in a large KB [68] that
was tried in DARPA’s HPKB project.
The knowledge reuse metric can be defined as follows. Suppose one wishes
to add a new piece of knowledge to a KB. Every item i one wishes to add to
the KB contains n(i) terms, k(i) of which are already in the KB, and support is
s(i) = k(i)/n(i). Adding new terms to a KB changes the size of the KB, and the
support offered by the KB for future axioms might be higher because new terms
were added. Thus, support is indexed by versions of the KB: s(i, j) = k(i, j)/n(i)
is the support provided by version j of the KB for concept i.
Although the idea of knowledge sharing has been in the literature for many
years [1], the reuse metric was one of the first attempts to empirically study the
claim. The results in using this metric suggested that the answer depends on the
kind of prior knowledge, who is using it, and what it is used for. There is still
lot of room for further understanding of the KB construction process: How long
will a knowledge engineer hunt for a relevant term or axiom in a prior ontology?
How rapidly do KBs diverge from available ontologies if knowledge engineers
do not find the terms they need in the ontologies? By what process does a
knowledge engineer reuse not an individual term but a larger fragment of an
ontology, including axioms? How does a very general ontology inform the design
of KBs, and what factors affect whether knowledge engineers take advantage
of the ontology? Why do prior ontologies apparently provide less support for
encoding axioms than for encoding test questions?
Benchmarks for Knowledge Base Systems: At the time of the KBMS
project, hardly any data sets were available for testing tools and algorithms that
we were investigating. In recent years, some progress has been made on this
front, and we review two such efforts.
The Lehigh University Benchmark (LUBM) is a benchmark for large OWL
KBs [69]. The LUBM features an ontology for the university domain, synthetic
OWL data scalable to an arbitrary size, fourteen extensional queries representing
a variety of properties, and several performance metrics. The LUBM can be used

to evaluate systems with different reasoning capabilities and storage mechanisms.
It has been used for memory-based systems as well as systems with persistent
storage.
The OpenRuleBench18 is a suite of benchmarks for analyzing the performance and scalability of different rule engines. It has been tested on five different
technologies: Prolog, deductive databases, production rules, triple engines, and
general KBs. It examines how different systems scale for a number of common
problem sets that involve reasoning such as recursion and negation. It also examines, by interpolation, how these technologies or their successors might perform
on the WWW scale.
There is no existing benchmark to characterize the performance of temporal and spatial reasoning systems, but there is recent interest in the research
community to define such a benchmark [70].
We believe that further work on benchmarking and evaluating the implementations of KB systems is essential to continued science and engineering of KBMS
implementations.

4

Summary and Conclusions

The Telos KBMS project attempted an extensive experimentation of applying
database management techniques to implementation of KBs. The project fulfilled
its goals by at least two measures. First, it generated five Ph.D. theses, and three
Master’s theses, and trained highly qualified personnel who later contributed to
a number of visible projects. Second, it emphasized key themes in knowledge
base management that have sustained the test of time. The key findings of the
project were the following:
1. A rich representation language that combines semantic abstractions of classification, instantiation, aggregation with deductive rules, integrity constraints
with temporal and spatial representation defined as part of the language is
essential for constructing large knowledge bases.
2. To achieve efficient implementation of large knowledge bases, we will need
to rely on implementation techniques from database management systems
such as storage management, query processing, concurrency control, rule
management, and view maintenence.
3. Performance evaluation is core methodology for testing the implementations
for large KB systems.
The semantic abstractions considered in the Telos knowledge representation language are at the core of most modern representation systems. There
are languages and systems that specialize in various advanced features such
as object-oriented and deductive representations (for example, F-Logic), rule
and constraint management (for example, relational and deductive databases)
or temporal reasoning (for example, Allen’s calculus), but there is no unified
18
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representation and reasoning theory that combines all the features that were
considered in Telos into one language.
The adoption of systems such as PERK, OPM, and TA3 suggests that the
bio-medical research community has been the earliest adopter of expressive representation languages and the database techniques of the sort investigated in the
Telos KBMS project. The recent work on the Semantic Web is leveraging the
same ideas and technology - the theory and practice behind the RDF framework
(e.g., as realized in the RDFSuite) is just one such instance.
Performance evaluation of knowledge base systems has now become a central
methodology, especially in government funded projects in the United States as
exemplified by the HPKB project. The research community has started to define
benchmarks for characterizing the performance for isolated systems features (for
example, LUBM and OpenRuleBench), and there is growing need and acceptance
for benchmarking and performance evaluation of knowledge base systems.
Reflecting on our work on the KBMS project, we can say that due to the
WWW and the proliferation of scientific data, the knowledge management challenges today are even more real and significant than twenty years ago. As a
result, the concepts, techniques, and methods investigated in the KBMS project
will continue to have very high relevance for many years to come.
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