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Abstract

Frame systems occupy an important place among formalisms for computer-based knowledge
representation. A common concern about frame systems, however, is that they are not efficient
enough. We argue that this is not necessarily true of all possible systems, and that the trade-off
between generality and efficiency has not been fully explored. While many systems provide
generality at the expense of performance, systems closer to the low end of the spectrum have not
been investigated nearly as much. Those systems are well suited for applications that need flexible
knowledge representation but cannot afford the high performance price.

We describe in detail KR, a very efficient frame system that provides mechanisms for knowledge
representation including user-defined inheritance and relations, object-oriented programming, and
constraint maintenance. The system is simple and compact and does not include some of the more
complex functionality, but it is highly optimized and offers excellent performance for a variety of
applications.

1 Introduction

Ever since the introduction of the programmed digital computer, the need for computers to
manipulate information from the real world has been apparent. Any piece of software, no matter
what the application domain, works with data that reflect some property of the outside world and
produces results that affect the outside world. Over the years, a distinction has emerged between
programs that manipulate regular, simple-structured information and programs that manipulate
less structured information. Although the distinction is not always clear-cut, authors tend to use the
term knowledge for the less structured kind of information. The problem of representing this
information in a way that is best suited for use by a computer program is known as knowledge
representation. While knowledge representation techniques are widely used in Artificial Intelligence
(AI) programs, they are by no means restricted to AI applications.

Many techniques have been proposed that allow a representation of knowledge formalized
enough for use by a computer program. The roots of all such techniques can be traced back to
formal logic, which is itself used as the knowledge representation formalism in several computer-
based systems.

Among the different schemes for knowledge representation, frame systems have been one of
the most successful. The frame model provides a great deal of flexibility and, at least potentially,
great representational power. Many frame systems have been developed over the years, and
some of the more recent ones have made their way into commercial products. In spite of this
wealth of work, however, the space of possibilities for frame-based representation has not been
explored in its entirety. The lower end of the spectrum, in particular, has been covered only lightly.
We claim that this region offers several important advantages of its own, and thus it is well worth
investigating. Frame systems at the low end of the spectrum combine great simplicity with good
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performance, a combination that makes them suitable for many applications for which the heavy-
duty systems at the opposite end may not be appropriate.

The next section presents a brief overview of the principal knowledge representation formalisms,
and positions frame systems within that general area. The following section introduces the
distinction between low-end frame systems and the more usual high-end systems, and justifies the
need for low-end frame systems. The remaining portion of the document describes a particular low-
end frame system, named KR, and shows how its features form a natural complement to those of the
more complex systems. Because of its efficiency, KR is ideally suited for a number of applications
that require flexible representation of knowledge but cannot afford the performance overhead often
associated with full-fledged knowledge representation systems.

2 Computers and knowledge representation

Different schools of thought, each embracing a particular formalism, have emerged in the arena of
knowledge representation. It is not yet clear which one will become dominant, nor indeed whether
one will suffice for all knowledge representation needs in the future. Sloman (1985), for example,
makes the case that there will continue to exist a need for a variety of formalisms and techniques.
Brachman & Levesque (1985) give a comprehensive collection of some of the most influential papers
on the history of knowledge representation systems. That work also includes an extensive
bibliography of papers in the knowledge representation area.

We now briefly introduce the main formalisms that have been proposed in the literature, and then
concentrate on a specific one, i.e., frame systems.

2.1 Knowledge representation formalisms

The first, and best understood, formalism suited for representing knowledge in a computer program
is formal logic. Much of the work on knowledge representation can actually be said to originate from
formal logic. Since the very beginning logic, in one of its different formulations, has been regarded as
a powerful tool for representing knowledge in a precise, rigorous way. First Order Logic, i.e.,
predicate calculus, has traditionally been the choice, but other variants have also been used which
allow one to deal with temporal reasoning, default reasoning, and so on.

A number of programming systems have been developed which use some form of logic as their
primary foundation. PROLOG (Clocksin & Mellish, 1981), for example, is a typical logic-based
programming system and uses a restricted form of First Order formulas (i.e., Horn clauses) to
express knowledge and procedural information.

Concerns about the inefficiency of full-fledged theorem provers, required by a full implementation
of formal logic, have motivated researchers to explore other possibilities. Production rules (Davis et
al., 1975) are a well-known such formalism. Production rules are used to represent knowledge in the
so-called rule-based systems, a particular type of AI systems. A production rule is expressed in
I F . . . THEN form and specifies how the conclusion in its right-hand side can be inferred if the
conditions in its left-hand side are met. Rule-based systems attempt to provide a reasonable balance
between representational power and speed of execution. They account for the majority of expert
systems developed in the last 15 years (Feigenbaum et al., 1988).

A third formalism for representing knowledge is known as frame systems. This formalism is also
closely related to logic, as indicated by Genesereth and Nilsson (Genesereth & Nilsson, 1987).
Knowledge is represented as a network of connected frames. Frame systems provide some basic
inferencing capability which allows them to infer certain facts about a frame by its connections with
other frames. Frame systems are the main focus of this paper and will be discussed at length in the
following.

A fourth formalism for representing knowledge is known as neural networks. Neural networks
(Fahlman et al., 1983; Hinton et al., 1986), originally inspired by theories of the behavior of the
human central nervous system, have been used both as an attempt to model the human brain and as
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a computational paradigm. Unlike formal logic and frame systems, neural networks place less
emphasis on the manipulation of abstract symbols and more on the activity of making decisions
based on input stimuli and the internal state of a richly interconnected network of relatively simple
computing elements. This structure makes neural networks suitable for other tasks besides
knowledge representation, such as vision (Feldman, 1985) and speech recognition.

Each of the formalisms described above has made important contributions to the field of
computer-based representation of knowledge, and it would be beyond the scope of this work to
debate their relative merits and importance. For practical reasons we will limit ourselves to only one
of them, and specifically to frame systems. The remainder of the paper will thus deal exclusively with
frame systems, and in particular with frame systems that occupy a special region in the
power/performance space.

2.2 Frame systems

This section contains a brief survey of influential ideas and systems in the field of frame-based
knowledge representation. While this is not a comprehensive survey, it is meant to set the stage for
the following discussion of low-end knowledge representation systems. Note that some fo the sys-
tems mentioned below would more properly be named semantic networks, but since we are only
interested in the gross features of such systems we will ignore the distinction for the remainder of this
paper.

The origins of frame systems in their current form can be found in ideas first expressed by Minsky
(1963), but can actually be traced much further back in the history of philosophy. For example,
Anderson and Bower (1973) trace some of the ideas all the way back to Aristotle's associationism.
Mac Randal (1988) provides a good historical introduction to the field of semantic networks and an
in-depth discussion of the semantics of various frame systems.

The first computer implementation of ideas proposed by Minsky came with Quillian's PhD thesis
in 1966, which was aimed at the problem of natural language understanding. Quillian (1967, 1968)
used the term semantic memory to describe his formalism. Each node in the system corresponds to a
linguistic concept (a word concept) and represented the "meaning" of a word. Quillan's formalism
was actually quite general, in spite of the emphasis on natural language understanding. Other work
soon followed, such as that by Shapiro (1977), who gave a model of semantic networks, and by
Woods (1975), who emphasized the precise description of the semantics of nodes and links in
semantic networks.

One of the best-known examples of frame-based system is KL-ONE, developed by Brachman
(1977, 1983), which embodies many of the notions found in most modern semantic networks, KL-
ONE has been used in the development of several systems, as well as for research into the semantics
and representational adequacy of semantic networks. One of the primary goals in the development
of the system was in fact to investigate the so-called epistemological adequacy of frame systems, i.e.,
what could and could not be represented by frame systems and what type of semantics should be
built into them. KL-ONE includes a powerful set of features such as multiple inference strategies and
the so-called classifier, which automates the placement of frames within a taxonomy and may also be
used for inferencing. Much of the work on KL-ONE provides important clarifications on the role of
frames and, especially, links in a semantic network. Brachman and Schmolze (1983) gives a
comprehensive description of the system and the underlying philosophy.

Other papers by Brachman (1979, 1985), based on that author's experience with KL-ONE,
exerted a fundamental influence on the development of modern frame systems. In those papers
Brachman posed basic questions about the semantics of frame systems and clarified important issues
which had often been muddled in previous systems. The 1979 paper (Brachman, 1979) also made a
clear distinction among the different levels in frame systems, which helped eliminate some of the
confusion in the field. Brachman identified the implementation level, the logical level, the conceptual
level, and the linguistic level. Each level builds on the previous ones and provides a foundation for the
next level up. That paper, together with the explicit objective of achieving an epistemologically
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adequate knowledge representation, was among the key reasons for the strong influence KL-ONE
has had on modern frame systems.

Many other frame-based systems have been influential in the development of the field. Examples
are Roberts and Goldstein's FRL (1977), Bobrow and Winograd's KRL (1977), and Wilensky's
KODIAK (1984). Wilensky also presents an interesting discussion (Wilensky, 1987) of some
problems often found in knowledge representation systems.

Other well-known frame systems that have been developed more recently are part of the "current
generation", which was influenced by KL-ONE and its derived systems. A typical example of the
"current generation" is a tool such as SRL, developed by Fox et al. (1984), which includes a variety
of user-definable customizations such as user-defined inheritance paths, relations, contexts, support
for object-oriented programming, and different types of procedural attachment. As was the case for
many AI tools designed within the last decade, SRL was later developed commercially to become
CRL (Lieberman, 1986).

After this brief survey of the best-known frame-based knowledge representation systems, we will
now introduce a characterization of the power and efficiency of such systems. We will argue that the
spectrum has not been covered uniformly, and that frame systems provide ample opportunity for
simplicity and efficiency.

3 Frame systems: high-end versus low-end

This section identifies two broad areas within the spectrum of possible frame systems: high-end
versus low-end. It will be seen that both ends of the spectrum provide useful features, and that a
better understanding of the trade-offs among the two types of systems may greatly improve the
usefulness of knowledge representation systems.

3.1 High-end systems

Most frame systems described in the literature have emphasized powerful representation of
knowledge and powerful inferencing, possibly at the expense of performance. The reasons for this
bias toward the high end have been several.

In some cases the choice was dictated by the desire to explore the epistemological possibilities of
particular mechanisms. In others, it was dictated by the desire to serve the needs of complex AI
application programs. Yet another factor has been the desire to provide enough generality to
accommodate widely different applications. Finally, part of the reason has undoubtedly been, in
some cases, the designers' attitude to include a feature simply because "someone might find a use for
it".

High-end systems of this type have made significant contributions to the field of computer-based
knowledge representation, since they have shown the full potential of frame-based representation.
The high end of the spectrum has been, and will continue to be, the place where most advances in
conceptualizing the role of knowledge representation have taken place.

The reverse side of the coin is that high-end systems tend to be very complex, and their
performance is not always adequate. One should draw a clear distinction between representation
problems that are inherently hard, and therefore require complex solutions, and problems that are
inherently simple. While it is acceptable for solutions to complex problems to be computationally
expensive, it is unfortunately the case that high-end systems often exhibit poor performance on
simple problems. The most common performance problems fall into two categories.

The first category stems from the support necessary for the more complex representation issues.
Many systems that provide fully general support for features such as meta-knowledge and
alternative world reasoning fail to optimize the simple cases which so often occur in many
applications. Very simple and very complex problems are all treated alike, which means that simple
problems suffer from an undue performance penalty.

The second type of problem is not specific to knowledge representation systems, but is directly
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related to the total size of the system. As all software systems, high-end frame systems are very large
and complex artifacts. As such, they often grow by accretion of new features and layers on top of
existing ones. Systems built in such a way are likely to become difficult to maintain, let alone
restructure. Most high-end systems quickly reach a point where performance improvements are no
longer practical.

A final, well-known problem with most high-end systems is that they are monolithic
environments which make it virtually impossible to scale down application programs for smaller
hardware platforms. Moving an application program originally developed in a high-end system
from development environment to delivery environment sometimes requires rewriting the entire
application.

3.2 Low-end systems

The low end of the the spectrum of frame systems has not been explored nearly as much as the high
end. This is partially understandable, given the need for powerful representation mechanisms that
many researchers have felt. Many important practical applications of frame systems, however, have
been precluded by this apparent lack of interest in efficient knowledge representation.

Low-end systems cannot compete with high-end ones on the basis of features and (possibly)
representational power. They can, however, provide three advantages over the more conventional
high end of the spectrum. These advantages justify the need for more research in the low-end area.

The first, and more obvious, advantage is efficiency. If properly designed, a low-end knowledge
representation system can offer superior performance, often approaching that of conventional data
structures. The later sections of this paper present an actual example of a knowledge representation
system, named KR, which substantiates this claim. Note that by efficiency we mean not only runtime
efficiency, but also storage efficiency: a properly designed low-end system will use a smaller amount
of storage than a corresponding high-end system.

The second advantage is simplicity. A low-end frame system typically offers only a fraction of the
functionality found near the high end of the spectrum, and therefore it is much easier to understand
and use. Equally important, it is easier to debug and maintain, which generally means that it is also
more robust. While these two characteristics do not necessarily go hand in hand, it is certainly true
that most high-end systems suffer from all the software engineering woes common to large systems.

The third advantage is flexibility. The kernel of a low-end knowledge representation system is very
small and thus very flexible. A low-end system may be the ideal environment for studying the relative
impact of different knowledge representation featues, since its flexibility enables each feature to be
implemented and evaluated separately. One can regard a low-end system as the ideal workbench on
which to carry out such experiments as determining the relative impact of a context mechanism, for
instance, or of multiple inheritance.

The following sections describe in detail a low-end frame-based knowledge representation system
named KR. We will present an overview of KR and position it within the spectrum of frame systems.
We will then present some data which describe the performance of the system, and examples of
applications which use it as their sole form of knowledge representation.

4 The KR system

KR is a knowledge representation system implemented in Common Lisp (Steele, 1984). It follows in
the tradition of frame systems, but it has a distinct position within the low end of the spectrum. KR
shares this area with very few other frame systems; the most noteworthy of these is FrameKit,
described by Nyberd (1988), which also provides a simplified knowledge representation framework.
As we will see, however, KR is more aggressive than FrameKit, both in terms of simplicity and of
performance.

The historical derivation of KR is primarily from systems such as SRL and CRL. Some of the
terminology is also derived from those systems: a frame, for example, is referred to as a schema, KR
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was born out of our desire to retain the kernel functionality of SRL and CRL while at the same time
providing a more economical system.

4.1 Structure of the system

KR includes three, closely integrated components: frame-based knowledge representation, object-
oriented programming, and consraint maintenance.

The first component, frame-based knowledge representation, stores knowledge as a network of
schemata. Each schema can store an arbitrary amount of information through any number of slots,
which behave as attribute/value pairs. The slot name indicates the attribute name; the slot values (if
any) indicate its values. Values are the actual data items stored in the schema, and may be objects of
any LISP type. As in most frame systems, values in a schema can be interpreted as links to other
schemata. This enables the system to support complex network structures which can be freely
extended and modified by application programs.

The second component of KR is a simple object-oriented programming system. Schemata can be
used as objects, and inheritance can be used to determine their properties and behavior. Objects can
be sent messages, which are implemented as procedural attachments to certain slots; messages are
inherited through the same mechanism as values. Instead of the class-instance paradigm, common in
object-oriented programming languages, KR follows the more flexible prototype-instance paradigm
(Liekerman, 1986), which allows properties of instances to be determined dynamically by their
prototypes.

Finally, the third component of KR implements constraint maintenance. This component is
logically independent of the first two, which may in fact be used stand-alone. It allows a value in a
slot to be constrained by other values. More specifically, a value can be computed as a function of
other values and modified whenever any of those values change. Constraint maintenance is closely
integrated with the underlying knowledge representation, and for most users the distinction between
the two is irrelevant. The user, for example, does not need to know which slots in a schema contain
ordinary values and which ones are constrained by a formula, since the same access primitives may
be used in both cases.

4.2 Frame representation

This section briefly presents the highlights of frame representation in KR. Please refer to the KR
User's Manual (Giuse, 1987; Myers et al., 1989) for more details on this and the other components of
the system.

4.2.1 Inheritance

Inheritance is widely used in KR and achieves three purposes: it reduces network size, it helps
maintain consistency, and it allows local knowledge to override global knowledge. Inheritance
reduces network size because whenever a piece of information for a schema is the same as in a more
general one, the information need only appear once. It also helps maintain consistency, because it
enables a change to a value in one place to be immediately visible everywhere else in the network.
Finally, inheritance allows local redefinition of global knowledge, since a local value simply
overrides any value which might otherwise be inherited. These three features are illustrated in Figure
1, which shows their effects on a very simple network.

Inheritance in KR is user-defined. In addition to a handful of predefined relations that perform
inheritance (of which IS-A is the most typical example), application programs are free to define new
inheritance relations. Any user-defined inheritance relation may or may not have inverse relations.
New relations may be defined in order and at any time during execution.

KR fully supports multiple inheritance, i.e., the situation where a schema inherits values from
more than one ancestor. This can be accomplished in two ways. The first way is simply to connect
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Figure 1 Three effects of inheritance

the schema to more than one ancestor schema through an inheritance relation (see below for the
meaning of this term). An inheritance relation slot, in other words, may contain multiple values. The
second way to achieve multiple inheritance is by using more than one inheritance relation. Any
schema may have several slots defined as inheritance relations; in this case, all relations are searched
in turn until a value is found. The two mechanisms may be combined, of course.

Several kinds of systems provide some form of inheritance. Besides frames systems, for example,
object-oriented systems such as Smalltalk (1981) and CLOS, the Common Lisp Object System
(Davis et al., 1975), support some form of inheritance. Many existing systems, however, suffer from
limitations in either the power of inheritance or its performance. KR uses a unique mechanism which
enables inheritance to behave in a completely dynamic fashion, just like frame systems, while
providing performance comparable to that of much simpler systems. This mechanism is called eager
inheritance.

Eager inheritance works as follows. The first time the value of a slot is requested, but the value is
not present locally, the value is obtained by inheritance as described above. At this point, however,
the value is also copied into the local schema (and in any intervening schema, if necessary) with a
special marker which indicates that the value was inherited. The second time the value is requested,
inheritance is no longer required and the value is immediately found locally. This makes successive
accesses to inherited values much faster, and causes inheritance to be essentially as efficient as local
values, no matter how many levels of inheritance were originally used.

It is vital for inherited values which were copied down into children schemata to be kept up to
date. Any change in the upper portions of the schema hierarchy might change what values can be
inherited by the lower levels, and inherited values which were copied down must be modified. KR
performs this task immediately when a value which was inherited is changed, thus justifying the term
eager inheritance. This technique ensures minimal overhead for both access and update of inherited
values, and provides superior inheritance performance.

4.2.2 Relations

Slots such as :IS-A which enable knowledge to be inherited from other parts of a network are called
inheritance relations. Inheritance along a relation is typically defined to proceed depth-first and may
include any number of steps; in other words, the search terminates if a value is found or if no other
schema can be reached via the relation. KR allows the user to define new inheritance relations as
desired.

Any relation, including user-defined ones, may also be declared to have an inverse relation. When
this is the case, KR automatically generates an inverse link any time the relation is used to connect
one schema to another. Imagine, for instance, that we defined :PART-OF to be a relation having :HAS-

PARTS as its inverse. Adding schema A to the slot :PART-OF of schema B would automatically add B
to the slot: HAS-PARTS of schema A, thereby creating an inverse link. KR automatically maintains all
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relations and inverse relations. This ensures that the state of the knowledge representation system is
completely consistent at any point in time, independent of the particular sequence of operations.

4.3 Object-oriented programming

The object-oriented programming component of KR is fairly straightforward and implements two
concepts: the concept of message sending, and the concept of prototype/instance.

An object in KR is simply a schema. Objects consist of data (represented by values in slots) and
methods (represented by procedural attachments, again stored as values in slots). Procedural
attachments are invoked by "sending a message" to an object; this means that a method by the
appropriate name is sought ane executed. Different types of objects often provide different methods
by the same name; this ensures that the same message may be sent to different objects, which respond
by performing different actions.

Both the data and the methods associated with an object can be either stored within the object or
inherited. The usual inheritance rules are followed, including of course multiple inheritance. This
allows the behavior of objects to be built up from that of other objects; it is possible, in particular, to
create complex graphs of method inheritance. The object-oriented component of KR allows some
combination of methods, but this feature is not as fully developed as in full-fledged object-oriented
systems such as CLOS (Bobrow et al , 1989).

The notion of prototype in KR is superficially similar to that of class in conventional object-
oriented programming languages. A prototype object can be used to partially determine the
behavior of other objects (its instances). A prototype, however, plays a less restricting role than a
class, since it simply provides a place from which the values of certain slots may be inherited. The
number and types of slots and methods which actually appear in an instance may well differ from
that in its prototype. Prototypes in KR serve two specific functions: they provide an initialization
method, and they provide default constraints which may be inherited by their instances.

4.4 Constraint maintenance

This section describes the constraint maintenance component of KR. Unlike other frame-based
systems, constraint maintenance is an integral part of KR and is tightly integrated with the basic
knowledge representation.

The KR constraint system offers two distinct mechanisms to cause changes in a part of network
to propagate to other parts of the network. The first mechanism is value propagation and ensures
that the network is constantly kept in a consistent state. The second mechanism is action
propagation, allowing an application program to cause certain actions to be triggered when parts of
a network are modified.

The constraint maintenance system ensures that whenever a value in a slot in a slot is changed, all
slots whose values depend on its are immediately invalidated, although not necessary re-evaluated.
This is what we refer to as value propagation. This strategy does not immediately recompute the
value in the dependent slot, and thus it typically does less work than an eager re-evaluation strategy.
The system simply guarantees that the correct values are recomputed when actually needed, thus
yielding the same results as eager evaluation.

A second mechanism is also provided which allows an application program to perform special
actions when a value is modified. We refer to this as action propagation. Action propagation is
implemented through demons. A demon is an application-defined procedural attachment to a KR
slot. Whenever a value of a slot in a schema is modified (either directly or as the result of value
propagation), KR checks whether a demon is defined for that particular schema and slot. If so, the
demon is invoked. This allows application programs to attach a certain behavior to their schemata
and be notified every time a change occurs.

Constraints are implemented by formulas, arbitrary Lisp expressions which in general contain at
least one reference to a particular KR value. The Lisp expression is used to recompute a value
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Figure 2 Successive changes in depended values

whenever a change in one of the depended values makes it necessary. Note that formulas are not
recomputed every time their value is accessed; each formula, instead, keeps a cache of the last value it
computed. Unless the formula actually needs to be recomputed, the cached value is simply reused.
This causes a dramatic improvement in the performance of the constraint maintenance system.

Figure 2, part (a), shows an example of a formula installed on slot :Y of schema :POINT-2. The
formula depends on two values, i.e., the value of slots :YI and :Y2 in schema :POINT-I. The formula, in
particular, specifies that slot :Y is constrained to be the sum of the two values divided by 2, i.e., the
average of the two values. Figure 2, part (b), shows the internal state of the formula in a steady-state
situation where the formula has been evaluated and contains a valid cached value. Under these
circumstances, any request for the value of slot :Y would simply return the cached value, without
recomputing the formula.

Parts (c) and (d) show the effects of changes to the depended values. Changes are illustrated by
small rectangles surrounding the modified information. The first change is to slot :YI and causes the
value in the formula to be marked invalid. Note that the formula is not actually recomputed at this
point, and the cached value is left untouched. The second change is to slot :Y2 and does not cause
any action to take place, since the formula is already marked invalid.

Finally, part (e) shows what happens when the value in slot :Y is needed at least. The value of the
formula is recomputed and again cached locally; the cache is marked as valid. The system is then
back to a steady state. Note that the formula was recomputed only once, when needed, rather than
eagerly after each value change.

5 The advantage of simplicity

Simplicity was an important criterion in the design of KR. This section describes some results of this
choice and explains why low-level frame systems are especially suitable for experimentation.

One of the central design decisions in KR was to follow the philosophy of the underlying
language as closely as possible. This decision provided a radical simplification of the interface and of
the system itself. Rather than building up a monolithic system, complete unto itself, KR simply
extends the LISP language. Functions that can be expressed in LISP are never duplicated, and the
system only implements the lowest levels of knowledge representation (corresponding to
Brachman's implementation level and parts of the logical level). For example, KR does not provide
any operation to add values to the front of a slot. This is achieved through a LISP primitive, since KR
provides a generalized SETF form for slots*. As another example, searching for a given value in a slot

* LISP generalizes the notion of variable assignment to that of assignment to an arbitrary place. A generalized place for
assignment could be an element of an array, a structure reference, or any part of a data structure, SETF is the generalized
assignment operator. Once a generalized place has a SETF form, it can participate in any modifying operation exactly as a
variable could. Forms- for incrementing, pushing, shifting, etc, any generalized place are provided automatically.
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is achieved simply through LISP sequence operators, since KR slots are defined as sequences of
values.

Besides simplifying the interface, relying on underlying primitives greatly reduces the burden on
users and application programmers, who are not forced to learn yet another syntax for operations
that are already supported by the underlying programming language.

5.7 Implementation in other programming languages

The KR model of knowledge representation is so simple that it lends itself well to implementation in
programming languages simpler than LISP. This would undoubtedly be difficult for high-end systems
such as KL-ONE, whose faithful re-implementation in a non-Lisp language would present major
engineering difficulties.

We are currently completing an experimental version of KR written in the C programming
language. This version is an experiment in moving some of our ideas about low-end knowledge
representation systems into different programming environments. Preliminary results suggest that
this system may provide a viable alternative to more static means of knowledge representation for
languages such as C. Performance, in particular, seems to compare very favorably with that of more
traditional C data structures and with C-based object-oriented languages such as C + + .

While this experiment is not complete, it shows the potential of this approach for migrating frame
systems down to hardware platforms which do not easily support LISP environments. The
programming environment provided by this experimental system is virtually identical to that found
in KR, given the obvious variations in style imposed by differences between LISP and c.

5.2 Exploring the cost of orthogonal features

An important advantage of KR's simplicity of design is that it enables experimentation on different
features. Some of this experimentation would be very difficult with many high-end frame systems.

A line of research we find particularly intriguing is the evaluation of the relative cost of different
knowledge representation features. Since so little of the more complex features of high-end systems is
hard-wired in KR, it is possible to evaluate each feature independently. This can be achieved easily
with the assurance that the experiment will not be perturbed by other aspects of the system.

The best example to date of this research was the implementation of the constraint system. When
we started working on constraint maintenance in KR, we were initially simply interested in
evaluating the feasibility and the cost of this feature. Constraint maintenance, which started as an
isolated experiment, later became an integral part of the system itself.

The design goals of the original system, which was closely modeled after the Coral system
developed by Szekely and Myers (1988), were:

• Total transparency—access to slots with constraints should be indistinguishable from access to
slots without constraints.

• Lazy evaluation—most operations on constraints should be delayed as much as possible.
• Consistency—constraints maintenance should be automatic and always keep the network in a

consistent state.
• Excellent performance—operations involving constraints should be comparable to ordinary

operations.

We are able to achieve the above goals with a separate layer built on top of KR, without any
modification to the system itself. Constraints were implemented as formulas, which were lazily
evaluated on demand. The outcome of the experiment was very gratifying and produced an actual
running system. Based on the results of the experiment, we later decided to integrate constraint
maintenance with KR.

The entire constraint layer took less than two weeks to implement, debug, and optimize. We are
convinced that such a rapid implementation would have been very difficult in a different
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environment. To substantiate his claim, consider that Coral, the system which served as the model
for ours, took more than two months to implement in Common Lisp using CLOS, the Common
Lisp Object System (Bobrow et al., 1985). Most of the difficulties in the implementation were due
to the static nature of the class-instance relationship in CLOS, which is typical of most of the
object-oriented programming systems.

The KR implementation, on the other hand, took full advantage of the highly dynamic
characteristics of frame systems and allowed us great freedom during the exploratory stages of the
implementation. Interestingly enough, the KR implementation ended up being significantly more
efficient than the particular version of CLOS we were using. This comparison should clearly be
taken with a grain of salt, since the particular version of CLOS on which it is based is a public-
domain, portable implementation that is not fine-tuned for the hardware we were running it on. On
the other hand, KR is also completely portable and is not fine-tuned for any particular hardware.
We feel that the main obstacle to good performance in the CLOS implementation was the
underlying complexity: By the time the CLOS implementation reached the intended functionality, it
was complex enough to make optimization an unpleasant task.

6 Evaluation

We now present an evaluation of KR along three different dimensions: performance, complexity,
and support for applications. We will characterize KR by comparing it to other frame systems and
to other programming paradigms, such as conventional data structures and objected-oriented
programming systems.

6.1 Performance

We begin this section by showing a short table with performance figures for KR in Common Lisp
(see Table 1). These figures were collected on an IBM RT/PC running CMU Common Lisp
(McDonald, 1987) under the Mach operating system (Rashid, 1986). All figures refer to compiled
code and are expressed in microseconds per call.

The table indicates that KR performs quite well. To put those figures in perspective, consider that
an empty function call and return in the same environment takes about 10 us. The time to execute
the simplest and most commonly used access functions, G-VALUE and GET-VALUES, is of the order of
less than 2 function calls.

Note that accessing a value from a schema through 1 and 2 levels of inheritance is essentially as
efficient as accessing a value which is present locally, as shown by the three entries for G-VALUE. This
is possible because of eager inheritance, as explained previously. The small difference between local
and inherited access is due to the cost of the very first access, which is amortized over all successive
calls.

Table 1 Performance figures for some primitive functions. The first three functions in the table deal
exclusively with knowledge representation, G-VALUE is the equivalent function for constraint maintenance; it
uses formulas when present, S-VALUE is the value-setting function; it also uses formulas when needed

Function

GET-LOCAL-VALUE

GET-VALUE

GET-VALUES

G-VALUE

G-VALUE

G-VALUE

S-VALUE

Explanation

access, no inheritance
access a single value

access multiple values
uses formulas
uses formulas
uses formulas

set the value in a slot

Levels of inheritance

0
0
0
0
1
2
0

Execution time

5.6 us
18.9 us
18.5 us
25.6 us
26.6 us
26.6 us
49.3 us
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Table 2 Execution times (in |is) for various representation systems (IBM RT/PC)

GET-VALUE

GET-VALUE

GET-VALUE

GET-VALUE

SET-VALUE

(1
(4
(1
(1
(1

0)
0)
1)
4)
0)

LISP

5.7
5.7

n/a
n/a
10.0

KR

18.9
31.0
18.9
18.9
49.3

FRAMEKIT

493.0 (80 bytes)
518.7 (80 bytes)

2090.0 (240 bytes)
3962.5 (576 bytes)
4921.8 (576 bytes)

CRL

118.0
142.6
417.3

1191.0
465.3

Table 2 compares the execution times for some of the most common functions in different
representation systems. Each entry in the table indicates the actual execution time in microseconds.
When the operation generates temporary storage (garbage), this is indicated by a second number in
parentheses which shows the number of bytes allocated per operation.

Each row begins with the name of the operation and two numbers. The first number indicates the
position of the slot, which is important since in most frame systems the access time is position-
dependent. The second number determines the levels of inheritance; 0 means that the slot is local and
no inheritance is used. The second row, for example, shows the execution time for retrieving the
fourth slot locally (i.e., with 0 levels of inheritance). The fourth row shows the execution time for
retrieving the first slot with 4 levels of inheritance, i.e., from a schema 4 levels up in the hierarchy.

The column labeled "LISP" shows figures for a straightforward implementation where a LISP

structure was used to simulate conventional data structure access. These figures give a lower bound
for the access time. Times in the "LISP" column show the slot access time (which is position-
independent) and the slot update time. Inheritance is, of course, not applicable to this simple data
structure.

The table clearly shows the large difference in performance among different systems. Whereas the
cost of a GET-VALUE operation in KR is only 3.3 times that of the fastest possible LISP access, the cost
becomes 20.7 times in CRL. The performance ratio between CRL (a reasonably optimized high-end
system) and KR is around 6.2 for the simplest operations and up to 60 times for operations with
inheritance.

The figures for FrameKit deserve a little explanation. While FrameKit is a low-end system, as
shown by its reduced functional interface (see Table 3), its performance is actually significantly
worse than that of CRL. This is because at the time these figures were collected FrameKit had not
undergone any optimization, and thus it suffered from all the usual overhead for the simple cases.
Careful optimization should bring the performance to more acceptable levels.

6.2 Complexity

We will now present a simple measure of the complexity of KR versus two other frame systems.
Table 3 shows the number of functions and special variables in the program interface of three frame
systems. The table only displays the interface for the frame-based representation and object-oriented
component of each system, since neither FrameKit nor CRL contain a constraint maintenance
component.

KR and FrameKit belong to the low end of the spectrum, whereas CRL is a commercial, high-end
system. The table indicates the relative complexity of the programming interface of each system by
giving a count of all identifiers exported to the application programmer. As the table shows, the
difference between low-end and high-end systems is quite marked. The CRL interface contains a
total of 139 exported symbols (103 functions and 36 special variables), whereas KR only has 28.
Most CRL functions, moreover, has a fairly complex structure and take optional arguments and
keyword arguments. Learning such as complex interface is a rather challenging task. Note that
FrameKit, a low-end frame system, is much closer to KR in pursing a streamlined interface.
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Table 3 Complexity of the functional interface for different frame systems

FUNCTION GROUP:

create schema, slot
access values
update values
delete schema, slot
information
debugging, tracing
object-oriented
miscellaneous
TOTAL

special variables

KR

4
6
5
2
7
2
2
0

28

0

FRAMEK1T

11
12
11
6
8
3
1
4

43

13

CRL

16
33
19
11
8
2

14
0

103

36

6.3 Applications

Several application programs use KR for knowledge representation, object-oriented programming,
constraint maintenance, or a combination of the above. Some of these applications use a mixture of
KR and conventional data structures, whereas others rely entirely on KR.

The first application we developed using KR was the Chinese Tutor (Giuse, 1988a,b), an
intelligent tutoring system designed to teach Chinese to English speakers. The Chinese Tutor uses
KR as its sole form of knowledge representation. KR is used, among other things, to store the online
dictionary of Chinese characters and words, complete with English translations and various
structural hierarchies. The evaluation of the student's familiarity with the language and a simple
system of rules is also stored in a network of KR schemata.

The major application of KR is the Garnet User Interface Development Environment (Myers,
1988; Myers et al., 1989), developed at the School of Computer Science of Carnegie Mellon
University. KR is the underlying layer for the entire Garnet system and is used to implement a
graphical object system, a package to specify the behavior of graphical interactors, and a user-
interface editing toolkit (Myers et al., 1990). The system was recently released to the Common Lisp
community as a general-purpose user interface development environment.

In addition to these applications, other groups at Carnegie Mellon (especially groups engaged in
speech understanding research, such as the MINDS project (Young et al., 1989) are actively using
KR. Users have mentioned simplicity and excellent performance as the deciding factors which
motivated them to select KR for their knowledge representation needs.

7 Future work

Important research topics remain to be addressed in the area of frame systems. Some of these topics
can be best addressed within the framework of low-end frame systems such as KR. One such topic,
as we already mentioned, is the careful evaluation of the impact of different features on performance
and complexity. While high-end frame systems offer an all-or-nothing choice, systems at the low end
of the spectrum show the potential for careful, independent evaluation of each feature. Analyzing
each feature in isolation will provide designers and users with realistic data about expected cost and
benefits.

We have already performed one such experiment, during which we added support for constraint
satisfaction and evaluated its effect on implementation and performance. Similar questions that will
have to be addressed in future research concern the impact of:

• Alternative world reasoning (contexts) capabilities.
• User-defined inheritance paths and search strategies (such as breadth-first versus depth-first).
• Used-defined slot and value restrictions and, more generally, meta-knowledge.
• Separate inference mechanisms, such as those available in KL-ONE.



DARIO GIUSE 48

Based on the results of these evaluations, it may become possible to build "knowledge representation
toolkits" from which users could select exactly the features they need. While some amount of
customization will always be required in order to assemble a practical frame system out of these
features, this approach is likely to produce systems that are easier to customize as needed. This
would open new possibilities for the significant problem of converting existing AI systems and
applications to smaller software environments and hardware platforms.

A second interesting area of research which becomes possible within low-end knowledge
representation systems is that of aggressive storage reduction. For applications that need extremely
large knowledge bases this may well be the dominant factor in the choice of a knowledge
representation system. The great simplicity of low-end systems makes them ideal candidates for
research on aggresive storage reduction techniques, possibly by trading off flexibility for
compactness. This is equivalent to "compiling out" much of the dynamic information in order to
yield a maximally compact data representation.

Finally, low-end frame systems are ideal candidates for research into non-Lisp implementations.
Simplicity becomes a fundamental benefit when working with languages such as c which do not
provide the rich data structure manipulation capabilities and the homogeneous treatment of
program as data found in LISP. Low-end systems may provide the right combination of flexibility
and performance needed by many practical application programs. While we have begun a limited
research in this direction, much work remains to be done before the possibilities of this approach are
exhausted.

8 Conclusions

Research on frame-based knowledge representation has been mostly concentrated on the high end of
the spectrum and has emphasized representational power and flexibility over performance. While
this direction of research has yielded important theoretical and practical progress, it is unfortunate
that the reduced emphasis on performance has originated the myth that frame systems are only
appropriate for large, complex AI applications.

It is time to correct this problem by placing equal significance on the issues of simplicity and
efficiency. The domain where such issues can best be addressed is that of low-end frame systems,
which emphasize economy while still retaining most of the flexibility of frame representation. Besides
resulting in useful knowledge representation systems, we have argued that this line of research will
actually yield a better understanding of the relative costs of different knowledge representation
features which are currently lumped together in high-end frame systems.

In this article we have presented a low-end frame-based knowledge respresentation system named
KR and have used it to show the main differences among the two types of frame systems. KR is a
simple, very efficient knowledge representation system which implements the basic paradigm of
frame-based knowledge representation. The program interface to the system consists of a small
number of carefully tuned functions that are easy to understand and to use.

Low-end frame systems like KR provide a natural complement to the more traditional high-end
ones. This region of the power/performance spectrum shows an amount of flexibility and efficiency
that is not usually found in the other regions. Besides being useful systems in their own right, low-
end frame systems should also act as an incentive for implementors of any knowledge representation
mechanism to regard simplicity and performance as essential features that cannot be sacrificed.
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