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KNOWLEDGE LEVEL

The knowledge level is a level of description for a complex
system, such as a computer program. A knowledge-level
description characterizes the system in terms of goals, be-
liefs, and reasoning capabilities, without regard for the
actual physical mechanisms that cause behavior. Perhaps
the most familiar knowledge-level description is a natural
language grammar, which is used to describe patterns in
speech. Saying that speakers know the grammar is a
knowledge-level description. Knowledge-level descrip-
tions are useful for explaining and predicting behavior. As
abstractions, they are necessarily incomplete descrip-
tions, but have proven useful for specifying what a com-
puter program should do (Alexander and co-workers,
1986), comparing representation languages (Clancey,
1985), and predicting the learning capabilities of pro-
grams (Dietterich, 1986).

A knowledge-level description is to be distinguished
from a symbol-level description, that is, the implementa-
tion or encoding of knowledge and reasoning procedures.
A knowledge-level description is idealized. It is not con-
cerned with the details of how computations are per-
formed, just with what an agent (program or person) can
do. In contrast, a symbol-level description is in terms of a
representation language: stored structures and the
matching and search algorithms that perform computa-
tions. This distinction is particularly useful for abstract-
ing problem-solving architectures so they can be com-
pared and reused, avoiding pragmatic issues of efficiency
and storage that disguise computational equivalence.

Newell (1982) introduced the term knowledge-level.
His intent was to resolve “mystification of the role of rep-
resentation, the residue of the theorem-proving contro-
versy, and the conflicting webwork of opinions on knowl-
edge representation.” First, encoding tricks (alternative
representations) suggested that intelligence is not a mat-
ter of what is known, but the structures used to store it,
which seems counterintuitive when considering that hu-
mans can effectively teach people without knowing how
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the brain stores knowledge. Second, arguments about the
inadequacy of logic as an implementation language ob-
scured its value as a specification language (Hayes, 1977).
Third, the proliferating jargon of knowledge representa-
tion languages inhibited progress of the community. By
highlighting the distinction between the knowledge level
and symbol level, Newell sought to bring the question
“What is knowledge?” to the forefront, making issues of
representation and logic secondary. “Knowledge serves as
a specification of what the symbol structure should be able
to do” (Newell, 1982).

Newell uses a systems approach, characterizing the
whole system (an agent) according to different levels of
abstraction. Specifically, a computer system has these lev-
els, viewed from the top down: knowledge, symbol, regis-
ter—transfer, logic—circuit, circuit, and device. Crucially,
knowledge is attributed by an observer to explain why the
agent’s behavior is rational. That is, the observer assumes
that an agent, if it has certain knowledge, will use its
knowledge to achieve its goals (the principle of rational-
ity). Observing a pattern of behavior, the pattern is ex-
plained in terms of consistent goals and beliefs. For exam-
ple, if an agent knows where a restaurant is located and
the agreed meeting time, then the principle of rationality
suggests that the agent will take actions to be at the res-
taurant at that time. Failures to accomplish goals are
thus stated in terms of lack of knowledge or inability to
take some action, not in terms of how the knowledge is
represented.

Dietterich (1986) effectively applied Newell’s levels of
analysis to compare machine learning programs. He
found that some existing programs are not capable of
knowledge-level learning. Instead, the programs modify
their symbol structures to access stored representations
more efficiently. He called this symbol-level learning.
Dietterich found that other programs are capable of learn-
ing knowledge, but their behavior cannot be predicted or
described at the knowledge level. He called this nondeduc-
tive knowledge-level learning. Dietterich’s analysis
clearly demonstrates the advantage of subtracting away
issues of implementation, to describe what a program can
do. Levesque’s (1984) analysis is similar, characterizing
knowledge representations in terms of memory and infer-
ence functions.

Knowledge-level descriptions have been especially use-
ful in the area of knowledge engineering (Stefik, in press).
A special concern is the development of general-program-
ming tools (generic shells) that can be used to develop
expert systems in many domains. By early 1980s, atten-
tion turned to formalizing representation languages and
problem-solving methods that were specialized for differ-
ent tasks, such as diagnosis and design. A knowledge-
level analysis permits the development of abstract meth-
ods in particular programs so they can be reused.
Specifically, a knowledge-level description of an expert
system indicates what knowledge is necessary for a task
and what kinds of inferences can be made, without reg
for the particular encoding (eg, rules and frames) or the
methods of pattern matching and search control (eg;
blackboard and constraint optimization).

Clancey (1985) showed that a wide variety of expert
systems can be described at the knowledge-level by &
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problem-solving method called heuristic classification.
These programs relate data (observable information) to
hypotheses (conjectured problem solutions) in systematic
ways: abstracting data, relating data categories heuristi-
cally to hypothesis categories, and refining hypotheses. A
key feature of heuristic classification is the selection of a
solution from a preenumerated list or hierarchy. Such a
description shows how concepts are typically related by
the program, without regard for how they are encoded. As
Newell intended, this allows researchers to compare their
work and separate out symbol-level issues of efficiency
and storage. ,

Clancey argued further that expert systems could be
related to traditional systems analysis in this way.
Knowledge bases are characterized in terms of the system
being modeled, the purpose for constructing a model (the
task), the way in which processes are modeled (eg, chrono-
logical stage classifications, state-transitions, and func-
tional composition), the modeling method (heuristic clas-
sification selecting a process model vs configuration of
new process descriptions), encoding in a representation
language (eg, production rules), and finally the encoding
in a programming language (eg, C and LISP) (Clancey,
1985; in press a). These ideas have been applied for devel-
oping expert system shells and specialized knowledge ac-
quisition tools (Alexander and co-workers, 1986; McDer-
mott, 1988). Chandrasekaran (1985) and Sticklen (1989)
have extended Newell’s analysis to describe a problem-
solving agent in terms of a cooperating society of more
primitive agents. This decomposition deals with complex-
ity by exploiting and formalizing the different roles
knowledge plays.

More recently, Clancey (1991) argues that the knowl-
edge level has relativistic properties. A knowledge-level
description is of an agent in its environment. It is an ob-
server's theory, not representations possessed by the
agent being studied.

Knowledge-level descriptions concern emergent pat-
terns that develop over time, not plans (eg, schemas and
grammars) that are represented inside the agent before
its history of interaction begins. Knowledge-level descrip-
tions are useful and necessary to describe, predict, ex-
plain, etc patterns of interaction that develop between the
agent and its environment. Crucially, knowledge-level de-
scriptions cannot be reduced to (replaced by) symbol-level
descriptions. That is, they are a level above individual
agents. Unlike the relation between register—transfer
and logic—circuit levels, for example, the knowledge level
cannot be realized as physical structures in an agent in
isolation. Extending this idea, Clancey argues that classi-
fication models of any system interacting with its environ-
ment (eg, disease models) in principle cannot be replaced
by structure—function models that describe how the sys-
tem is constructed (ie, deep models). The identification of
such frame of reference issues is currently having a major
effect on the design of robots and models of human behav-
ior in what is called situated cognition.
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KNOWLEDGE REPRESENTATION

The dominant paradigm for building intelligent systems
since the early 1970s has been based on the premise that
intelligence presupposes knowledge. Thus to build a pro-
gram that performs, say, diagnosis for an infectious dis-
ease, it is necessary to identify the units of knowledge
used by human experts as they perform the diagnostic
task and to make them available to the system under
development. Moreover, it is necessary to characterize the
patterns of reasoning used by the human expert (deduc-
tive, hypothetical, or heuristic) and endow the intelligent
system with analogous reasoning capabilities. This meth-
odology is applicable for systems intended to perform any
task requiring intelligence, be it diagnosis, planning, de-
sign or interpretation. Generally, knowledge is repre-
sented in the system’s knowledge base, which consists of
data structures and programs. In addition, the intelligent
system is expected to have a program called an inference
engine that implements the reasoning patterns necessary
for the task at hand. Thus current Al theory and practice
dictate that intelligent systems be knowledge based, con-
sistent with this simple knowledge base plus inference
engine architecture. This emphasis on knowledge has led



