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Chapter I

Introduction

Eol History and Organization of this Document

Since the early days of the DENDRAL project, Bruce Buchanan, Ed

Feigenbaum, and Joshua Lederberg have wanted to collaborate on an

artificial intelligence project in molecular genetics. Periodically

they reviewed the potential for such a project considering the

’ Kl developments both in molecular genetics research and 1in artificial
intelligence research. In the Spring of 1975, research was picking up
momentum in molecular genetics with the development of a number of

R highly specific laboratory techniques based on restriction enzymes. At
ool the same time, progress was evident in the development of software for

‘ management of knowledge time. A research group was formed at Stanford

i calling itself the MOLGEN project. Several geneticists have become

involved in the project including Dusko Ehrlich, Douglas Wallace,
Douglas Brutlag, and Jerry Feitelson. The computer science research is
being done by researchers at the Heuristic Programming Project, which
is directed by Ed Feigenbaum and Bruce Buchanan. The MOLGEN research
effort is being directed by Nancy Martin. Many of the domain related
questions have involved graph theoretical research which has been
mostly done by Harold Brown. The MOLGEN project now includes three
computer science graduate students - Peter Friedland, Jonathan King,
and Mark Stefik. This report is a slightly revised version of Stefik’s
thesis proposal submitted in December 1976.

The report which follows is divided into four major sections
Chapter II is an overview of the task area in molecular genetics
which is the domain of the MOLGEN system. It reviews the nature of
some of the experiments in molecular genetics that are being done and
introduces the problem solving task for the MOLGEN system as the
interactive design of laboratory experiments. The design of
experiments requires the facilities of a problem solving system and
Chapter III is a review of fundamental ideas and recent research in
general problem solving. One of the challenges of molecular genetics
as a task area is the large amount of domain specific knowledge that
seems to be required for effective problem solving. Chapter IV is an
overview of the research that has been done in knowledge based systems
with emphasis on techniques for the acquisition and use of knowledge.
In this chapter, Section 1IV.2 offers a viewpoint on the aggregation
of knowledge which may be seen as being either weakly or strongly
interacting. Section 1IV.3.4 explores the contributions of research
in several areas of computer science, including data base management.

Finally, Chapter V re-examines both the problem solving and
knowledge base work and proposes research and a design for the MOLGEN
system.
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1.2 Philosophical Overview

Since Newell and Simon introduced their program Logic Theorist in
1956, many workers in artificial intelligence have done research toward
building computer systems capable of problem solving. For many
researchers the ambitition has been to create a computer system with a
general problem solving ability that could play a useful role in human
affairs. The difficulties of producing a general and powerful system
have lead researchers to limit their efforts in two possible ways. Some
researchers have concentrated on very small test domains (sometimes
termed "toy problems") in order to develop techniques applicable to
larger domains. (See for example [Fikes72b] or [Green69]). Although
this research has uncovered some basic and fundamental problems and
solutions for some of them, the programs have not in fact developed
into powerful and general problem solving systems. One of the reasons
for this relates to the size of the knowledge base that is involived in
practical problems. For example, the knowledge base for designing
scientific experiments is of a different order of magnitude than that
for stacking blocks. The relevance for this remark 1is based on an
observation by Dijkstra, that any two things which differ in some
respect by a factor of a hundred or more are utterly incomparable. As
Dijkstra notes, one cannot design a jet airplane by taking the design
for a child crawling across the flcor and scaling up by the ratio of
the relevant speeds. Entirely different design principles need to be
invoked. Thus the methods of resolution theorem proving or Means-ends
analysis cannot be carried directly from the small test domains into
the large systems. Significant problems arise simply from the size of
the knowledge base.

Other researchers have built performance programs in larger but
judiciously chosen areas of human problem solving and have demonstrated
the importance of using a large amount of domain specific knowledge to
guide the problem solving process effectivelye (See for example
[Buchanan69] or [Nilsson74]). Although several of these systems have
achieved impressive results within their chosen domains, the systems
created have not illustrated a general problem solving power by
subsequent extension to other domains. One reason for this is that the
performance programs have typically used ad hoc approaches for
knowledge representation, which haved proved too rigid to accommodate a

variety of task domains. These systems have served to highlight what
are now recognized to be some major stumbling blocks for large
knowledge based systems -- acquiring the domain and strategy knowledge

from a user and integrating it into a knowledge base so that it can be
used effectively.

The difficulties in building and maintaining large computer
systems 1is not unique to artificial intelligence. 1Ideas about the
organization of such systems have come from several areas of computer
science. Dahl, Dijkstra, and Hoare have made important steps toward
creating a science of large program and system development. One of the
tenets of building large systems is based on an observation of the
limitations of the human mind. The observation is that precise thinking
is possible in terms of only a small number of elements at one time.
In programming terms, this suggests that a system should be designed
hierarchically in smallish chunks. This design process mandates that
the operation of the entire system can be comprehended in terms of the




subsystems which are mentioned in the top-level description of the
system. Proof of the correct functioning of the overall system at the
top level is based on the assumption that each of the lower level
subsystems will function as specified. Each of the subsystems in turn
is also written as one of these chunks so that 1it, too, is easily
coinprehended. This approach to designing a system in layers is an
embodiment of the power of abstraction which keeps the size of the
component pieces of the system manageable. Dijkstra has suggested in
[Dahl172] that this is a critical design principle for large systems.

Summarizing: as a slow-witted human being I
have a very small nhead and I had better learn to
live with it and to respect my limitations, rather
than try to ignore them, for the latter vain effort
will be punished by failure.

Di jkstra in [Dahl72]

The same issues which arise in the development of a large program
are present 1in the development of a large knowledge base for an
artificial intelligence problem solving system. Both the extensive
domain knowledge and general problem solving knowledge necessary in a
large knowledge based system need to be organized into small
comprehensible chunks which can be acquired and used. Recently
techniques for knowledge acquisition and explanation for knowledge
based systems have been reported in [DavisT6c] or [Winograd73]. A basic
theme throughout this work is that a system can be in some sense awar
of what it knows when it has a knowledge of its own representations
It will be seen that models of knowledge (termed schemata) serve to
structure knowledge into its component parts and provide a source of
the system’s awareness of what it knows. Schemata also provide a model
for guiding the knowledge acquisition process and a means for
integrating new knowledge 1into an existing knowledge base. The
structuring of domain and planning knowledge, which facilitates human
understanding of that knowledge, also makes feasible its acquisition by
the system, its explanation to the user, and its effective use in
problem solving by the system.

Finally, the motivation and thrust of the MOLGEN project is the
solution of a broad class of problems from molecular genetics. These
problems are all drawn from the task of designing laboratory
experiments and will utilize the problem solving techniques that have
been developed in artificial intelligence. Chapter II discusses the
classes of genetic experiments to be considered and Chapter III
delineates and examines the variety of problem solving techniques in
artificial intelligence -- illustrating their differences, potentials,
and some unsolved problems, Thus, this project will include a
synthesis of ideas from the most recent problem solving systems, from
knowledge based systems, and from structured programming.

Chapter IV surveys this research and Chapter V proposes
a number of extensions to it.

R




Chapter I1

General Scope of the MOLGEN Proiect

1 Ee, A Laboratory Assistant for Molecular Genetics

MOLGEN is to be a computer-based system capable of reasoning about
experiments in molecular genetics. For the purposes of MOLGEN, the
world of molecular genetics consists of genetic objects (mostly DNA
structures) and operations on these objects.

! Radioactivity, H
i Observable Attributes: U.V. Absorption '
' ete. H
! 1

! Nucleotide Sequences i
|  Theoretical Attributes: Bonding Patterns |
] 1
i ete. :

Figure 1. Attributes of Structures in the world of MOLGEN

The structures may be viewed as having both observable and theoretical
attributes. The observable attributes are the readings from actual
laboratory measurements and correspond to those features of structures
which can be measured. These includes such things as biological
activity, radioactivity, ultraviolet absorption, or electron microscopy
observations. The theoretical attributes are those molecular features
hypothesized 1in the theory of molecular structures which are not
directly viewable. This includes such things as DNA precise bonding
patterns or known nucleotide sequences. The dichotomy between
observable and theoretical attributes of genetic structures may appear
at times to be academic since many of the theoretical objects are only
one step away from being observable and it is natural to lump together
an attribute with the physical observation of that attribute. For
example, a bubble 1is a structural attribute which corresponds to a
particular substructure of DNA defined in terms of a characteristic
bonding pattern. If a structure containing a bubble is prepared for
viewing under the electron microscope and photographed, then a
characteristic picture is generally observed. It is tempting to use the
term bubble to mean the hypothesized physical attribute or the
observation interchangeably. In the system being proposed, the
preparation of the structure and the viewing of the photograph
constitute one of the MOLGEN transformations. This transformation
contains information relating to the probability that the structural
bubble will survive the preparation for viewing and the probabilities
that other non-bubble structures will be misinterpreted as bubble
observations due to unusual overlapping of structures. It is precisely
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the practical information of this type which separates a hypothesized
bubble from its observation.

The MOLGEN transformations are the available laboratory techniques
which transform structures or which make no apparent physical change
but cause a theoretical structural attribute to become visible. These
transformations make up the "legal moves" in the laboratory and
sequences of these transformations may be put together to form
experiments. Since hierarchy in knowledge structuring has already been
mentioned in the introduction as being important, it should be noted
that biologists themselves describe genetic knowledge hierarchically.
For example, Ecq R1 is the name of an enzyme which cleaves DNA inside
the nucleotide sequence "GAATTC". Use of this particular enzyme may
be considered to be a legal move in MOLGEN. Eco R1 is a particular
example of a restriction enzyme, a class %f enzymes which can be
characterized in terms of restriction sites. A restriction enzyme is
a particular type of endonuclease, that class of enzymes which cuts DNA
at a non-terminal nucleotide, and endonucleases are a subset of the
nucleases which cut polynucleotides. Reasoning about these enzymes may
take place at any of these hierarchical levels of descriptions, so that
knowledge about MOLGEN transformations may be seen to be hierarchical.
Similarly it 1is well known that DNA can be organized into genes and
punctuation, and that these are further organized as sequences of
nucleotides. Thus, genetic structures are hierarchically organized.

Within the context of structural problems, there are two major
goals in genetics experiments: (1) structural synthesis and (2)
structural analysis. In the synthesis experiments, the program can be
given a starting sample of DNA as well as a target sample. Designing a
synthesis experiment involves finding a sequence of experimental steps
(or legal moves) to transform the initial structure into the target
structure. Synthesis may also be designed in a backward sense, seeking
any suitable starting structures which can be transformed into the
target structure. The general task of analysis 1is the structural
elucidation of an unknown sample. Specifically, an analysis experiment
seeks to discriminate between competing hypotheses of structure for a
sample. A very basic form for an analysis experiment is the binary
discrimination experiment. In this case we are given two competing
sample hypotheses. Designing an analysis experiment means to find a
sequence of experimental steps whose final outcome yields
distinguishable sample characteristics in the observable world of
genetics for the alternate sample hypotheses.

As an automated laboratory assistant, there are two major tasks
which the program is expected to perform: (1) experiment checking and

from Escherichia coli RY13
5 DNA consists of nucleotides which form the letters of the
genetic alphabet. Nucleotides have two parts -- a sugar backbone and a
base and are distinguished by their bases. The four common bases are
adenine, guanine, cytosine, and thymine. These are commonly abbreviated
as A,G,C, and T respectively.

3 Restriction sites are those places at which the enzyme will

cleave the DNA molecule. These may be characterized in terms of
nucleotide sequences characteristic for each enzyme.




(2) experiment designing. Experiment checking involves the computer
simulation of previously designed experiments. This means that a set
of input samples would be defined and a specific sequence of laboratory
steps would be given. The computer system would then simulate the
sequence of transformations on the representations of the samples
terminating finally with a set of new samples. These new samples can be
compared with actual laboratory results as a test of the initial
hypotheses or of the accuracy of the transformations in the knowledge
base. Such a system would be used by the system designers for debugging
the transformation knowledge base and by geneticists for comparing the
predicted results from the MOLGEN system against actual laboratory
experiments. The checking facility would also be used to compare
alternate experimental designs before investing any laboratory effort.
A more sophisticated task for the program is the designing of
experiments. This means that the program would need to know of the
strategies 1involved in building sequences of transformations. This
strategy knowledge would be in addition to the legal moves of genetics
and encompasses a broad range of knowiedge including such things as
plan sketches for various contexts, design cost heuristics which
predict the costs of considering certain design options, and mechanisms
for evaluating the relevance and specificity of laboratory
transformations to the current problem.

A substantial part of the effort in creating a system capable of
designing experiments as a laboratory assistant centers around the
creation and maintenance of an extensive genetics knowledge base.
These imply a number of system capabilities to facilitate knowledge
acquisition, integration, and debugging which are discussed in Chapter
IV

Elie2 An Analogy

A knowledge based experiment designing program for molecular
genetics may be viewed constructively in terms of an analogy involving
an intelligent assistant (the design program) for using a very awkward
text editor (lab techniques). The genetic structures being investigated
form the "text" for the text editor. In a synthesis experiment, the
geneticist is using the text editor to enter or modify some text; for
an analysis experiment he is trying to read the text. The commands
that the editing program can accept for manipulating the text,
corresponding to the actual laboratory steps or legal moves of
genetics, are quite awkward and at times ill suited to the task at
hand. For example, some parts of the text are in invisible characters
forcing the geneticist to issue commands to first change the text in
specific ways; to modify the text he must first find ways to protect
other regions of the text; to add new text he must limit himself to
adding pieces from other text which he has around. The design program
can be viewed as an intelligent assistant which has a good deal of
experience with the ins and outs of the very awkward editting program.
In addition to giving good advice based on its understanding of the
text editor and the geneticist’s intent, the assistant must be prepared
to accept changes to its knowledge base since the manual for the text
editor is continually updated as the user discovers the effects of the
various commands. The assistant must also be prepared to accept new
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strategies for using the editor and incorporate these strategies
way which effectively improves the quality of his assistance.
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Chapter III

! Problem Solving and Planning

E IIT.1  Introduction

Since LT, the Logic Theorist, was introduced by Newell, and Simon
in [Newell56], problem solving research has been concerned with
techniques of problem solving and methods for expressing the problems.
Nilsson in [NilssonT74] gives an excellent survey and family tree of
problem solving systems in artificial intelligence. The word planning

’ in artificial intelligence connotes prior analysis involving perhaps a

> sense of abstraction or remoteness from the primitive details of

problem solving. An intelligent problem solver may be expected to plan

* a strategy for solving a problem. In this terminology, tqe MOLGEN

Be project wants to use planning in the design of experiments. Chapter

il III discusses the fundamental ideas from artificial intelligence which
can be used in the generation of plans; Chapter IV will deal
generally with the issues and problems of managing of a large knowledge
base. First some broad classical frameworks suitable for viewing
experiment designing as problem solving will be presented. These
frameworks will illustrate the task in a rather simplified form in
preparation for Section II1.2 which will discuss the more specific
strategies for planning with insights into specific applicabilities and
limitations. Finally Section III.3 will summarize some of these
strategies and introduce some issues which show the impact of some of
the ideas from knowledge based systems on the open questions in problem
solving.

IXI.1.1 Problem Solving as Heuristic Search

The term heuristic search % has come 1into general wusage in
artificial intelligence to characterize problem solving methods which
are represented as a large tree of subproblems. Solutions exist at
A unknown locations in unexplored areas of the tree. Judgmental rules,
3 called heurigtics, are applied to direct the search towards finding a

satisficing solution. The program begins 1its search along partial

Section III.2.4.1 illustrates the numerical meaning of the
word "planning".

See for example [SandewallT71].

3 Simon in [Simon69] coined the term "satisficing" methods to
characterize those methods that look for good or satisfactory solutions
instead of optimal ones. Tn many satisficing situations, the expected
length of the search depends on how high the standards for the solution
are set, but hardly at all on the size of the search space. Simon
gives as an example the time required to search a haystack for a needle
sufficiently sharp for sewing. The time required depends on the density




paths and stores a tree of the paths it has explored. Typically 2z
number is attached to the end of each branch to express the estimate of
further gain should that path be completely explored.

Since the notion of heuristic search is so general, the problem
of designing a molecular genetics experiment fits within the paradigm
of heuristic search at several different levels. Although many of the
planning ideas that will be described below may be classified generally
as heuristic search, they represent specialized insights into
particular approaches which may be missed in the most general
framework. For this reason, the formulation of the experiment
designing problem which follows may be viewed as a rather simplified
rendition for using heuristic search which will be expanded upon in the
later sections. In this simplified formulation, the top node of the
search tree represents the formal starting state of a genetics
experiment, for example, the initial genetic structures in a synthesis
experiment. The alternatives at each step in the plan are the various
possible laboratory steps that could be applied to transform the
current genetic sample toward the desired structure. Similarly, a
binary analysis experiment can be represented as a heuristic search. In
this case, the initial state is a pair of alternative hypotheses for
the structure and the desired goal state is a new state where some
difference between the hypotheses has become observable. As before, the
alternatives are the various laboratory transformations. The
heuristics, which guide the choice of transformations at each step in
plarning, reflect the expertise and judgement of the geneticist.

Several algorithms have been developed to assist in choosing a
minimum cost path in a heuristic search tree [Nilsson71], where an
estimating function is available to measure how close any intermediate
state in the experiment is to a final state. 1In order to guarantee
that the algorithms will find a minimal path, the estimating function
must. never overestimate the distance to the goal. For complex
problems, a practical difficulty continues to appear in many contexts.
Simply stated, it is sometimes best to retreat from a goal in order to
get closer to it. In mathematical theorems, this arises in those cases
where it is easier to solve a more general theorem than a specific one.
In organic synthesis, it is sometimes better to build up a rather
complicated structure which seems farther from a target compound than
some current step in the synthesis, but from which an elegant reaction
will transform the complicated structure almost directly to the desired
product. These difficulties in designing are not limited to scientific
problems, but arise almost immediately in the course of automatically
designing a sequence of actions in quite restricted domains.

IkE: 1.2 Problem Solving as Theorem Proving

Newell and Simon’s Logic Theorist program, an early approach to
autc=atic theorem proving mentioned in the introduction, was based on
the approach of heuristic search. In this framework, the situations are
viewed as theorems, the operators are the rules of inference, the
initial situation is a set of theorems assumed to be true, and the goal
situation is the theorem to be proved:. Much of the activity of the

distribution of sharp needles but not on the total size of the
haystack.




program centered around the problem of deciding which rule of inference
to apply next. Since that time, logicians have been developing
techniques for proving theorems in the first order predicate calculus.
Since first order predicate calculus allows quantification, it appears
to be rich nough to cover much of the mathematics in science and
engineering. J.A. Robinson in [Robinson65] introduced a procedure for
proving theorems using a single rule of inference, resolution, which
can easily be used in an automatic theorem proving program.
Performance of resolution based theorem proving systems reached such
impressive levels that it gave rise to the vision of expressing all
problems in the predicate calculus and using a single powerful theorem
proving engine to do the proofs. It seemed that an elegant solution to
theorem proving, which had started as a problem solving application,
could be used generally enough to treat problem solving itself as an
application. A number of systems based on this idea have been reported
in the literature. (See for example [Green69].)

In spite of some initial excitement for this idea, a number of
practical difficulties have become apparent. The problem of consistency
in a large knowledge base 1is at the heart of an inherent difficulty
with the general use of predicate calculus to express problems. Bobrow
in [Bobrow75b] gives the following three theorems as an example:

All birds can fly.
Ostriches cannot fly.
An ostrich is a bird.

The difficulty derives from the fact that any set of inconsistent
theorems can be wused to prove anything at all, for example, that two
equals three or that the moon is made of green cheese.

Another serious difficulty with the methodology was presented by
McCarthy as a challenge in [McCarthy64]. In this memo, McCarthy
presents the problem of covering with dominoces a checkerboard having
two opposite corners deleted. It is well known that it is impossible
to carry out this operation. The difficulty of using a theorem-proving
engine in this problem lies in the fact that in some sense the real
problem 1is in realizing that the problem is impossibie. Newell in
[Newell65] sketches an approach to this problem which demonstrates that
the proof that the covering 1is impossible may be expedited if the
program knows about mathematical induction and can find a suitable
invariant, namely the number of uncovered black squares minus the
number of white squares. Use of this ngw knowledge constitutes what
has been termed a representational shift.

Re-formulation of large problems into a form usable for theorem
proving is a difficult task. Even such simple classic examples as the
Tower of Hanoi or the Monkey and Bananas Problem typically require

p— T

See [Meltzer68] or [Robinson68] for a very readable discussion
on the use of higher level or full predicate logics for expressing a
range of problems.

3 See [Amarel68] for an example problem where a sequence of

shifts of representation are used to make the Missionaries and
Cannibals problem easier to solve.
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several attempts by the user to represent them adequately. Much of the
awkwardness derives from the bookkeeping that seems to be necessary to 3
keep track of the changes in the world state as alternate paths are
explored in search of a solution. Delegating the responsibility of this
to a theorem prover often means that considerable theorem proving
effort is necessary to carry both changed and unchanged facts through
state transitions. A number of approaches to this problem, which has
been termed the frame problem, are discussed in [Raphael71]. The
difficulty of problem expression combined with the inherent sensitivity
of the system to inconsistency has led to a belief among many
researchers in artificial intelligence that a pure theorem proving
approach will not be practical for large real world problem solving.
(See for example [Feigenbaum71]).

The common wisdom in artificial intelligence regarding heuristic
search and theorem proving for problem solving systems is that the ‘4
heuristic search methods are more efficient at finding solutions
b 4 because the philosophy of the approach stresses the importance of
domain specific information to guide the system to a solution Theorem

proving systems, although they are more difficult to steer ~, are in
A some ways more capable of wusing what they Kknow because of their
o reasoning abilities. This apparent dichotomy of abilities has lead

4 some re3earchers to try to combine the best of both approaches. The
STRIPS problem solver reported in [Fikes72] used a heuristic approach
known as Means-ends analysis (See Section III.2.1 below) to guide
the search for operators and a resolution theorem prover to check
operator applicability. Another system reported in [Kling71al], ZORBA-I,
used an approach to reasoning by analogy to guide a theorem proving
! : system. Both of these systems are described in more detail in Section
! I111.2.6 below.

I11.2 Fundamental Methods for Problem Solving

Since the frameworks of simple heuristic search and theorem
proving descrived above are inadequate for general problem solving,
much work has gone into developing more powerful methods. A commonplace
observation has been that much domain-specific knowledge is needed but
it has been generally believed that much of what can be stated about
strategy must be in some sense domain independent. For example, people
who are good problem solvers in one area are often able to solve
problems in another area. This belief has lead to a search for
fundamental techniques. The following section describes the techniques
which have been recognized by this research. It ranges from rather
general notions like Means-ends analysis or abstraction to specific
proposals for incorporating notions of hierarchy in a domain-
independent way.

¢
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Resolution strategies like the unit preference rule, which
gives preferred status to resolutions which might lead to the null
clause, or the set-of-support stnépegy give the system a sort of
directionality. They do not amount to a full goal-driven or goal-
seeking strategy in the sense of providing domain-specific guidance to
the selection of subgoals.




I11.2.1 Means-ends Analysis

| ; Means-ends analysis is a technique for problem solvigg pioneered
[ by Newell, Simon, and Shaw in their classic GPS system . GPS was
designed for use in experiments in problem solving by computer and much
of the progress in this area has been inspired by this early effort.
In one GPS formalism, a representation is given for a current and a
desired goal state and a mechanism is given for detecting differences
between the states. Actions, which change objects or situations, are
also defined. The task for GPS is to select a sequence of actions to
remove the differences. To do this, GPS requires a table of connections
which associate each kind of detectable difference with the actions
relevant to reducing that difference. Implicit in this technique is the
reasoning that if there is a sequence of differences D1, D2, D3, ... ,
Dn and action A1 removes difference D1, A2 removes D2, etc., then the
sequence A1, A2, ..., An will transform the current situation into the
goal situation.

As Simon [Simon69] points out, one might say this reasoning is
valid in worlds where actions are additive or factorable. However, the
problems to which problem solvers must addresss themselves are seldom
completely additive in this way. Actions have side effects. The order
in which goals are achieved is important. (See Section III.2.5.)

In practice, the differences and their associated operators are
ordered in terms of importance to direct the process to the most
I _ important differences first. Thus the system iterates a cycle of
| finding the most important differences between the current situation
E | and the goal situation, and then finding an operator to act on that
difference.

The gne step at a time approach of this version of Means-ends
analysis is characteristic of a number of methods known as forwards
reasoning. The operators in such systems are sometimes represented in
terms of production rules and a set of such rules together with a

k mechanism for their application is termed a production system. Fos -3
example, if A is an operation and B,C, and D are sufficient conditions
for its use then the following might be used to represent the operator:

Presuppositions: B and C and D
Operation: A

f

E, The productions are arranged in such a way that each application
of a production rule during the problem solving process makes changes
| in the world to reflect progress toward the goal. These changes allow

See [Newell59] and [Ernst69].

3

8 A modified version of Means-ends analysis incorporating problem
reduction, as reported in [Ernst69], will be discussed in the next

section.
9 For forward reasoning systems, these conditions have sometimes
; been terme< “presuppositions". The implication 1is that they must be
’sakisfied before the operation can be applied. In the problem

3 * reduction systems (See Section III.2.2.), the conditions can be
L4 N used to set up subgoals.
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other prodqstion rules to trigger and carry the solution another step
forward. In the Means-ends characterization above, each difference
corresponds to the conditional part of a production rule and the
associated operator corresponds to the action part or right hand side
of a production rule. The primary feature of this approach is its
flexibility. Although it 1is a relatively simple system, it affords
rather complex goal-seeking behavior with flexible reasoning from
states which may be close to or distant from the goal state. Forward
reasoning has been termed goal seeking in [Nilsson76]. The basic
simplicity of this method 1limits its ability to cope with large
problems since the worst case time to approach a goal N ﬁteps away
where there are K potential operators at each step grows as K .

I11.2.2 Problem Reduction

One of the most basic techniques used to tackle large and complex
problems is the idea of factoring them into independent subproblems.
When the subproblems that are used correspond to simpler instances of
the original problem so that the same technique is applicable, this
process can be recursive. Because of the plans within plans nature of
this process, Simon in [Simon69] has called this a formal hierarchy in
contrast to a more general notion of hierarchy where the subproblems
are not necessarily independent.

Such techniques are called reduction methods. In many cases work
proceeds backwards from a goal state towards starting states and the
subproblems are encountered in the process of satisfying necessary
preconditions. For example, suppose that A is a goal state and B, C,
and D are necessary preconditions. Then the following reduction rule
may be used to represent the relationship.

Preconditions: B C D
Goal: A

Alternatively, if B, C, and D are actions, problem reduction could be
similarly expressed as follows.

To Achieve: A
Apply: BCD

The term backwards reasoning should not be taken as referring merely to
the direction that the problem solver uses on a problem, that is, from
a goal situation to an input situation using inverse operators. The
important point 1is that the problem is factored into independent
subproblems by establishing subgoals. Nilsson terms this technique
problem reduction or reasoning backwards. Some authors call it top
down or goal driven planning in contrast with forwards reasoning
systems which are termed bottom up or data driven.

The Means-ends analysis algorithm presented in the previous
section may be modified slightly to carry out problem reduction. This

See [Davis76a] for an overview of some ways of representing
the memory aspects of a changing world state.
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extension involves distinguishing between two basic criteria for
selecting operators termed desirability and feasibility by Ernst and
Newell. Desirability means that an operator should produce an object
that is similar to the desired situation. Feasibility means that the
operator should be applicable to the input situation. When GPS selects
an operator according to its desirability, this amounts to establishing
a subgoal. This version of Means-ends analysis was an important part
of GPS. The desirability considerations for a problem viewed 1in one
direction are equivalent to the feasibility considerations for the
opposite direction.

Returning to the representation of domain actions as production
rules, it is often useful to distinguish between conditions which are
"presuppositions" and those which are '"preconditions". Production
rules whose presupositions are satisfied may be said to be feasible.
For production rules which are desirable, it satisfaction of the

preconditions may be set up as a subgoal. Thus the operational
distinction between preconditions and presuppositions is whether any
planning effort can be allocated to satisfy them. If the costs and

potentials of satisfying conditions can change, it becomes a question
for the knowledge base which way a given condition should be treated.

Many authors have demonstrated that a system can at times usefully
employ a combination of forwards and backwards reasoning more
effectively than either alone. Whether to reason forwards or backwards
depends on the domain. If there are few goals and many rules, then
reasoning backwards is likely to be more efficient. If there are few
rules and many possible goals, reasoning forwards might be preferred.

EEE 2.3 Backtracking

When it is possible to sketch out the solution path to a problem
as a single tree of fixed subproblems, then the technique of factoring
big problems 1into subproblems is entirely sufficient. For many
practical problems the component subproblems depend on the particulars
of each situation. Alternative approaches may be given with the
intention of picking the one that works best. This suggests that a
problem solver must have a mechanism for trying some steps in a plan in
a tentative fashion, leaving open the option of discarding them later
for something else.

Considerable work on this idea has come from the development of
the MICROPLANNER system, implemented at MIT by Sussman, Winograd, and
Charniak. (See [Sussman72].) The first implementation contained an
automatic backtracking strategy where the failure of any goal resulted
automatically in the undoing of the computation back to the failure
point where another alternative would be selected. If the alternatives
at that point are exhausted, backtracking would continue back further
to the next point. Experience showed that this strategy often resulted
in much wasted computation. For example, if a goal was to achieve (A
and B) and B failed after A succeeded, the failure would automatically
cause both steps in the plan to be undone. A subsequent alternative
might require A to be done over again resulting in an apparent
computational waste. Even more serious is the possibility that the
system will backtrack to another alternative which is doomed to perform
exactly the same calculation and fail again. One example is that of a
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robot building a block structure. His programming is such that his
first alternative 1is to always try first to pick things up with his
right hand. In the course of building, he picks up a block which is
very hot and burns his right hand. He drops it at once, commences
automatic backtracking and tries again with his left hand. Criticisms
of automatic backtracking and suggestions for other mechanisms have
been reported in detail in [Sussman72] and resulted in the development
of a newer system known as CONNIVER.

An emerging consensus on the backtracking question is that the
backtracking concept has been used to cover too broad a spectrum of
situations. A variety of situations needs to be distinguished and
specialized solutions need to be used. One example of a general problem
formerly covered by backtracking is that of interactions between higher
level goals giving rise to conflicts deep in the refinement process.
Instead of simply backtracking and choosing new higher Llevel
subproblems, it is generally better to use techniques which analyze the
nature of the interactions. (Techniques for handling interactions
between goals are discussed in Section III.2.5).

The CONNIVER philosophy switched from that of PLANNER toward
providing some lower level mechanisms from which a programmer could
implement his own particular approaches to the backtracking problem.
Following the ideas in [Bobrow72], the CONNIVER language included a
construct known as a context tree, where each context or data frame was
in effect a copy of the state of the world which could be passed to
daugnter nodes. For simple backtracking, any changes made by the
daughiter process during problem solving would simply be discarded when
the daughter node returned. Alternatively using the ADIEU mechanism,
contexts may be selectively returned so that computations made by the
daughter node need not be repeated. Another CONNIVER construct, the
AU-REVOIR mechanism which permits computation to be resumed at a given
point in a daughter node, creating what Bobrow in [Bobrow74] called a
co-routine regime. The advantages and uses of the various control
mechanisms are not settled yet and more work will need to be done
before the issues are thoroughly clarified.

TI1I.2.4 Hierarchical Planning

The notion of hierarchical planning reflects an inherent aspect of
planning - that planning, to be efficient, must take place in
successive levels of abstraction. This means that the highest levels
of planning must consider operations or legal moves that are in some
sense removed from the numerous alternatives at the primitive level of
the domain. Hierarchical planning reflects the wisdom that a program
which spends all of its time worrying about the details in a subject
area can achieve only the solutions to toy probiems. The following
sections discuss the historical development of the ideas of
hierarchical planning and attempt to clarify exactly what the ideas
are. They start with an mathematical elaboration of the problem,
discuss some approaches to wusing this idea, and conclude with a
framework for hierarchical planning which may be useful in a variety of
domains.
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FEE.2. 4.1 Well Spaced ‘Planning Islands’

Generally speaking, a well chosen division of a problem into
subproblems can have enormous implications in the reduction of search
time. In his excellent early survey article of artificial intelligence
[Minsky61], Marvin Minsky demonstrated a reduction by what he termed a
fractional exponent. In a search tree with 1028ranches descending from
each node, a 20 step search might involve 10 trials, clearly out of
the question for a real search. Suppose that four points or "planning
islands" along the path can be found at levels 4, 8, 12, and 16 of the
planning tree. This strategic placement divides the 1initial large
search into five iﬁdependent searches of four levels each requiring a
total of only 5 10 trials.

As Minsky concludes

Thus it will be worth a relatively enormous
effort to find such islands in the solution of
complex problems. Note that even if one
encountered, say, 10  failures before success1 one
would still have gained a factor of perhaps 10 in
overall trial reductio 1 Thus, practically any
ability at all to plan , Oor analyze a problem
will be profitable if the problem is difficult.

This reduction is dramatic indeed although it depends heavily on
the placement of the islands. For example, if the islands were placed
at levels ,17,18, and 19 in the planning tree, the search would still
require 10 trials. Thus we see that merely breaking a problem into
subproblems is not nearly as powerful an idea as breaking it into well-
spaced subproblems. Perhaps the most straightforward approach to
finding planning islands is to use a simplified or abstracted model of
the problem situation. The idea is to have an abstract model which
preserves the character of the problem situation but with much of the
detail suppressed. A solution to the abstract problem could then be
used to provide planning islands in the more complex space of the
original problem. These islands may be regarded as a sequence of
subproblems in the original space. Even if the abstracted problem is
not a perfect homomorphism of the original, its solution may prove
useful as a guide. The next section introduces an approach to
abstraction used to supplement the Means-ends analysis of GPS.

XE3E. 202 Abstraction: The ‘Planning Method” of GPS

Newell, Shaw, and Simon reported an auxiliary technique for GPS
beyond Means-ends analysis termed the Planning Method in [Newell59] and
used it to find proofs in propositional logic. The main steps of the
method are:

Because oi' the central importance of this idea in pruning
problems down to manageable size, Minsky and other writers have termed
this activity planning to connote a high level of processing distinct
from the actual searching of the problem space. In the MOLGEN context,
this terminology would permit the wuse of the planning heuristic to do
experiment designing.
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a. Abstracting by omitting details of the original
objects and operators to form an abstract problem

space.

b. Forming the corresponding problem in the abstract
space.

Ca Solving the abstract version of the problem using

Means-ends analysis.

d. Using the solution of the abstract problem to form
planning islands for the original problem.

e. Solving the original problem.

The method actually contained failure points and loops between the
steps shown above so that, for example, alternate solutions from the
abstract space could be used for making planning islands in the
original space. The particular abstraction scheme that was employed for
both states and operators was to (1) ignore differences among logical
connectives (AND and OR), (2) ignore negations, and (3) ignore the
order of symbols.

This abstraction scheme may actually generate no plans or many
plans, although it can be guaranteed that an abstract plan exists if a
plan in the original space exists, Because of the abstraction process,
some of the plans that it generates may have no counterpart in the
original space. The method appeared to be very powerful in producing
proofs.

III.2.4.3 Hierarchy of Abstraction Spaces

As Polya has noted in [Polya54], society’s aphorisms contain great
kernels of wisdom if we can but learn when to apply them.

If a little bit helps some, try some more.

The abstraction scheme from GPS was only used at one level. Could
the abstraction itself be abstracted? Although the scheme used for GPS
would need a different approach to add more levels to it, Marvin
Manheim described a hierarchical approach for the particular problem of
highway route selection - and implemented a hierarchical strategy for
design in a computer program [Manheim66]. Manheim’s procedure
incorporates two main notions:

a. The idea of refining a design progressively
in steps from the level of very general
plans down to the very precise level of
actual construction.

Bs The idea of assigning probabilistic values
to plans at the high levels and
particularizing those plans having the the
greatest zxpected value.
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Manheim’s hierarchy consisted of the specification of several
increasingly constrained areas for locating the highway with more
elaborate estimations of cost as the route was more stringently
constrained.

Since Manheim used a Bayesian decision theory model to guide the
selection of paths, the costs of the actions even in the upper levels
of the abstraction spaces had to be estimated before the program could
decide which alternatives in the design to pursue. It was a weakness of
the procedure that these distributions had to be estimated by the user,
a highway engineer, although it is possible that other methods of
estimation would have proved satisfactory.

IIT.2.4.4 Criticality Levels as Abstraction Levels

The technique of using a hierarchy of abstraction levels has been
pursued in domains related to robot planning in the ABSTRIPS
[Sacerdoti73] system developed at Stanford Research Institute. The
process of abstraction used extends the methods described above in that
it is domain independent.

In the robotics systems, the abstraction spaces differ from the
original or ground level space only in the level of detail wused to
specify the preconditions of operators. At each stage of a developing
plan, only those operators of sufficient significance need to be
considered; operators which achieve only details are simply ignored.
This approach makes the mapping of solutions from the higher
abstraction spaces toward ground level very straightforward. In
ABSTRIPS,15he preconditions for the operators are assigned criticality
levels. By ranking some of the preconditions as details, ABSTRIPS
is essentially capable of taking big steps in developing a "length
first" plan. The pla<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>