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Abstract:

The construction of expert problem-solving systems requires the development of
techniques for using modular representations of knowledge without encountering
combinatorial explosions in the solution effort. This report describes an approach to
dealing with this problem based on making some knowledge which is usually implicitly part
of an expert problem solver explicit, thus allowing this knowledge about control to be
manipulated and reasoned about. The basic components of this approach involve using
explicit representations of the control structure of the problem solver, and linking this and
other knowledge manipulated by the expert by means of explicit data dependencies.
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The Problem

A goal of Artificial Intelligence is to construct an "advice taker" Advics Taker 5
program which can be told new knowledge and advised about how that knowledge may be
useful. One approach toward achieving this goal has been to use additive formalisms for
the representation of knowledge. Those formalisms derived from mathematical logic have
been the most popular. Unfortunately, the resulting systems are combinatorially explosive.
It is difficult to provide incremental guidance for problem solvers which use these additive

formalisms because of the unsolved question of how to describe knowledge about how to
¢ q g
profitably use other knowledge Mdditive Knowiedge

Substantial progress has been made in constructing expert problem solvers for
limited domains by abandoning the goal of incremental addition of knowledge. Experts
have usually been constructed as procedures whose control structure embodies both the
knowledge of the problem domain and how it is to be used. The "procedural embedding of
knowledge"Proeedures 13 radigm seems natural for capturing the knowledge of experts
because of the apparent coherence we observe in the behavior of a human expert who is
trying to solve a problem. For each specific problem he seems to be following a definite
procedure with discrete steps and conditionals. In fact, an expert will often report that his
behavior is controlled by a precompiled procedure. One difficulty with this theory is the
flexibility of the expert’s knowledge. If one poses a new problem, differing only slightly
from one which we have previously observed an expert solve, he will explain his new
solution as the result of executing a procedure differing in detail from the previous one. It
really seems that the procedure is created on the fly from a more flexible base of
knowledge.

We believe that the procedural explanation is an artifact of the explanation
generator rather than a clue to the structure of the problem solving mechanism. The
apparently coherent behavior of the problem solver may be a consequence of the individual
behaviors of a set of relatively independent agents.c""*™* As an example of coherent
behavior on the part of a problem solver constructed from incoherent knowledge sources,
we cite the operation of the EL electronics circuit analysis pmgram.EL EL is constructed
from a set of independent demons, each implementing some facet of electrical laws applied
to particular device types. The nature of knowledge in the electrical domain is such that
the analysis of a particular circuit is highly constrained, and so the traces of performance
and explanations produced by EL are coherent. Like Simon’s ant5™"® A" E] displays
complex and directed behaviors which are largely determined by the nature of the terrain,
that is, the circuit.

Our Approach

We here present a problem solving methodology by which the individual
behaviors of a set of independent rules are coordinated so as to exhibit coherent behavior.
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This methodology establishes a set of conventions for writing rules, and a set of features
which the rule interpreter must supply to support these conventions. Our rules operate on a
data base of facts. Each fact is constructed with a justification which describes how that
fact was deduced from antecedent facts.

The key to obtaining coherence is explicitly representing some of the knowledge
which is usually implicit in an expert system:

We explicitly represent the control state of the problem solver. For example, each goal
is asserted and justified in terms of other goals and facts. We distinguish various
kinds of goals for deduction and action to which different subsets of rules apply.
These explicit goals and their justifications are used in reasoning about the problem
solver’s actions and its reasons for decisions.Explicit Control

We explicitly represent as facts knowledge about how other facts are to be used. In
traditional methods of representing knowledge the way a piece of knowledge is used is
implicit rather than something that can be reasoned about. In PLANNER, for
example, the use of a piece of knowledge is fixed at the time that the knowledge is
buiit into the problem solver, and it is not possible to later qualify the use of this
knowledge. One can specify a rule to be used as either a consequent or antecedent
theorem, but one can not later say "But don't do that if ... is true.” To allow the
expression of such statements some facts must be assertions about other facts.

We explicitly represent the reasons for belief in facts. Each fact has associated
justifications which describe reasons for believing that fact and how they depend on
beliefs in other facts and rules. A fact is believed if it has weil-founded support in
terms of other facts and rules Well-Founded Support e oy rrently active data base context
is defined by the set of primitive premises and assumptions in force.

The justifications can be used by both the user and the problem solver to gain
insight into the operation of the set of rules on a particular problem. One can perturb the
premises and examine the changed beliefs that result. This is precisely what is needed for
reasoning about hypothetical situations. One can extract information ‘rom the
justifications in the analysis of error conditions resulting from incorrect assumptions. This
information can be used in dependency-directed backtrackingBe!"2'8 1o pinpoint the
faulty assumptions and to limit future search.

The explicit data dependencies allow us to control the connection between control
decisions and the knowledge they are based on.5®*"*'®" We can separate the reasons for
belief in derived facts from the control decisions affecting their derivation when the facts
are independent of the control decisions. Anomalous dependencies are produced when this
separation is not made. In chronological backtmcking”‘“"“PMNNER control decisions are
confused with the logical grounds for belief in facts. This results in the luss of useful

-
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information when control decisions are changed.

This technique of using explicit control knowledge to guide a problem solver does
not resolve ali difficulties, since it is often unclear as to what knowledge is usefully made
explicit. In the following we present examples of the use of explicit control knowledge in
constructing coherent behaviors from incoherent knowledge sources.Contro! Vocabulary

Explicit Control Assertions

Suppose we know a few simple facts, which we can express in a bastard form of
predicate calculus:

(-> (human :x) (fallible :x))  Every human is fallible!
(human Turing) Poor Turing.

If provided with a simple syntactic system with two derivation rules (which we
may interpret to be the con junction introduction and modus ponens rules of logic),

A (-> A B)
B A
{AND A B) B

then by application of these rules to the given facts we may derive the conclusion
(AND (fallible Turing) (human Turing)).
Since the rules are sound, we may believe this conclusion.

Several methods can be used to mechanically derive this conclusion. One scheme
(the British Museum Algorithm) is to make all possible derivations from the given facts
with the given rules of inference. These can be enumerated breadth-first. If the desired
conclusion is derivable, it will eventually appear and we can turn off our machine.

The difficulty with this approach is the large number of deductions made which
are either irrelevant to the desired conclusion (they do not appear in its derivation) or
useless, producing an incoherent performance. For instance, in addition to the above,
con junction introduction will produce such wonders as:3/PPression

(AND (human Turing) (human Turing))
(AND (-> (human :y) (fallible :y)) (human Turing))

The literature of mechanical theorem-proving has concentrated on sophisticated
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deductive algorithms and powerful but general inference rules which limit the
combinatorial explosion. These combinatorial strategies are not sufficient to limit the
process enough to prevent computational catastrophe. Verily, as much knowledge is needed
to effectively use a fact as there is in the fact.

Consider the problem of controlling what deductions to make in the previous
example so that only relevant con juncts are derived. The derivation rules can be modified
to include in the antecedent a statement that the consequent is needed:

(SHOW (AND A B)) {SHOW B)
A (-> A B)
B A
(AND A B) B

Given these rules, only relevant conclusions are generated. The assertion (SHOW X) says
nothing about the truth or falsity of X, but rather indicates that X is a fact which should
be derived if possible. Since the "SHOW" rules only deduce new facts when interest in them
has been asserted, explicit derivation rules are needed to ensure that if interest in some fact
is asserted, interest is also asserted in appropriate antecedents of it. This is how subgoals
are generated mplcations

{SHOW (AND A B)) (SHOW (AND A B))
________________ A
(SHOW A) e
(SHOW B)
(SHOW B)
(-> A B)
(SHOW A)

With these rules the derivation process is constrained. To derive
{AND (fallible Turing) (human Turing)),
interest must be first asserted:
(SHOW (AND (faltible Turing) (human Turing)}).

Application of the derivation rules now resuits in the following sequence of facts:
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(SHOW (fallible Turing))

(SHOW (human Turing))

(fallible Turing)

(ANO (fallible Turing) (human Turing))

These are absolutely all the facts that can be derived, and no facts were derived which were
not relevant to the goal.

Explicit Data Dependencies

This apparent coherence has been achieved by the manipulation of explicit
control assertions. The use of explicit control necessitates the use of explicit dependencies.
If the conclusions of a rule of inference uniformly depended on the antecedents of the rule
then SHOW rules would cause belief in their consequents to depend on the statement of
interest in them. That is wrong. If the truth of a statement depends on the truth of the
need for it, the statement loses support if interest in it is withdrawn. Even worse, if a
derived conclusion is inconsistent, one might accidently blame the deducer for his curiosity
instead of the faulty antecedent of the contradiction! The dependence of each new
conclusion on other beliefs must be made explicit so that the dependencies of control
assertions can be separated from the reasons for derived results. In the con junction
introduction rule, the truth of the conjunction depends only on the truth of the con juncts
but interest in the truth of the conjuncts propagates from interest in the truth of the
con junction.

We can depict the rules of inference for truth and control with the correct
dependency information as follows:

A B _~ (SHOW (AND A B))

(SHOW B)

A (-> A B) ,(SHDN 8)

(SHOW A)

In this diagram, the target statement is derived if the source statements are known. Only
the solid arrows represent dependency links.
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The AMORD language

Primitives

To provide notation for expressing the explicit control and dependency structure
of the problem solving process, we have developed an antecedent reasoning system called
AMORD.AMORD AMORD is a language for expressing pattern-invoked procedures, which
monitor a pattern-indexed data base, coupled with a system for automatic maintenance of
dependency information. The basic AMORD constructs are RULEs and ASSERTions.

New facts can be inserted into the data base with
(ASSERT <pattern> <justification>),

where any variables in the arguments inherit their values from the lexically surrounding

text, and <justification> is a specification of the reason for belief in the fact specified

by <pattern>. The justification is constructed from {l} an arbitrary (possibly composite)

name denoting the justification type (often the name of a rule), and {2} the factnames of

the assertions on which the belief depends. Variables are denoted by atoms with a ™"
Variants

prefix. Each fact has a unique factname.

A rule is a pattern-invoked procedure, whose syntax is:
(RULE (<factname> <pattern>) <body>),

where <factname> is a variable which will be bound to the factname of any fact which
unifiesU9s with <pattern>, and <body> is a set of AMORD forms to be evaluated in the
environment specified by adding the variable bindings derived from the unification and
the binding of <factname> to those derived from the lexical environment of the rule. The
primary use of <factname> is in specifying justifications for ASSERTs in the body. Rules

are run on all matching facts°ré*"

Sometimes it is necessary to assume a truth "for the sake of argument”. Such a
hypothetical fact is used when we wish to investigate its consequences. Perhaps it is
independently justifiable, but it is also possible that it is inconsistent with other beliefs and
will be ruled out by,a contradiction. We construct such a hypothetical assertion using
ASSUME:

(ASSUME <pattern> <justification>)

Here <justification> provides support for the need for the assumption, not the assumed







