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ARTIFICIAL INTELLIGENCE

There have been many definitions of artificial intelligence
(A]) offered over the years. Perhaps a good one is:

Artificial Intelligence is a field of science and engineer-
ing concerned with the computational understand-
ing of what is commonly called intelligent behavior,
and with the creation of artifacts that exhibit such
behavior.

This may be examined more closely by considering the
field from the points of view of three goals that Al re-
searchers have, which might be called computational psy-
chology, computational philosophy, and advanced com-
puter science.

Computational Psychology

The goal of computational psychology is to understand
human intelligent behavior by creating computer pro-
grams that behave in the same way people do. For this
goal, it is important that the algorithm expressed by the
program be the same algorithm that people actually use,
and that the data structures used by the program be the
same data structures used by the human mind. The pro-
gram should do quickly what people do quickly, should do
more slowly what people have difficulty doing, and should
even tend to make mistakes where people tend to make
mistakes. If the program were put into the same experi-
mental situations that human subjects are subjected to,
the program’s results should be within the range of hu-
man variability.

Computational Philosophy

The goal of computational philosophy is to form a compu-
tational understanding of human-level intelligent behav-
ior, without being restricted to the algorithms and data
structures that the human mind actually does (or conceiv-
ably might) use. By computational understanding is
meant a model that is expressed as a procedure that is at
least implementable (if not actually implemented) on a
computer. By “human-level intelligent behavior” is meant
behavior that, when engaged in by people is commonly
taken as being part of human intelligent cognitive behav-
ior. It is acceptable, though not required, if the imple-
mented model perform some tasks better than any people
would. Bearing in mind Church’s Thesis (qv), this goal
might be reworded as asking the question, is intelligence
a computable function?

In the AI areas of vision and robotics, computational
philosophy is replaced by computational natural philoso-
phy (science). For example, computer vision researchers
are interested in the computational optics question of how
can the information contained in light waves reflected
from an object be used to reconstruct the object. Notice
that this is a different question from the computational
psychology question of how the human visual system uses
light waves falling on the retina to identify objects in the
world.

Advanced Computer Science

The goal of advanced computer science is to push out-
wards the frontier of what we know how to program on
computers, especially in the direction of tasks that, al-
though we don’t know how to program them, people can
perform them. This goal led to one of the oldest definitions
of Al the attempt to program computers to do what until
recently only people could do. Although this gets across
the idea of pushing out the frontier, it is also perpetually
self-defeating in that as soon as a task is conquered, it no
longer falls within the domain of Al, Al is left only with
its failures as its successes become other areas of com-
puter science. The most famous example of this is the area
of symbolic calculus. When Slagle wrote the SAINT (qv)
program, it was the first program in history that could
solve symbolic integration problems at the level of fresh-
man calculus students, and was considered an Al project.
Now that there are multiple systems on the market that
can do much more than what SAINT did, these systems
are not considered to be the results of Al research.

Heuristic Programming

Computational psychology, computational philosophy,
and advanced computer science are subareas of Al divided
by their goals. Any given Al researcher probably wanders
among two or all three of these areas throughout his or
her career, and may even have a mixture of these goals at
the same time.

Another way of distinguishing Al as a field is by noting
the Al researcher’s interest in heuristics rather than in
algorithms. Here I am taking a wide interpretation of a
heuristic as any problem solving procedure that fails to be




an algorithm, or that has not been shown to be an algo-
rithm, for any reason. An interesting view of the tasks
that AI researchers consider to be their own may be
gained by considering those ways in which a procedure
may fail to be an algorithm.

The common definition of an algorithm for a general
problem P is: an unambiguous procedure that, for every
particular instance of P, terminates and produces the cor-
rect answer. The most common reasons that a heuristic H
fails to be an algorithm are: it doesn’t terminate for some
instances of P; it has not been proved correct for all in-
stances of P because of some problem with H; or it has not
been proved correct for all instances of P because P is not
well-defined. Common examples of Al heuristic programs
that don’t terminate for all instances of the problem they
have been designed for are search and theorem proving
programs. Any search procedure will run forever if given
an infinite search space that contains no solution state.
Gédel’s Incompleteness Theorem states that there are for-
mal theories that contain true but unprovable proposi-
tions. In actual practice, Al programs for these problems
stop after some prespecified time, space, or work bound
has been reached. They can then only report that they
were unable to find a solution—in any given case, a little
more work might have produced an answer. An example
of an AI heuristic that has not been proved correct is any
static evaluation function used in a computer chess pro-
gram. The static evaluation function returns an estimate
of the value of some state of the board. To be correct, it
would return + if the state were a sure win for the side to
move, —x if it were a sure win for the opponent, and 0 if it
were a forced stalemate. Moreover, for any state it is theo-
retically possible to find the correct answer algorithmi-
cally by doing a full minimax search of the game tree
rooted in the state being examined. However, such a full
search is infeasable for almost all states because of the
Size of the game tree. Static evaluation functions are still
useful, even without being proved correct. An example of
an Al heuristic program that has not been proved correct
because the problem for which it has been designed is not
well-defined is any natural language understanding pro-
gram or natural language interface. Since no one has any
well-defined criteria for whether a person understands a
given language, there cannot be any well-defined criteria
for programs either.

EARLY HISTORY

Al'though the dream of creating intelligent artifacts has
existed for many centuries, the field of artificial intelli-
gence is considered to have had its birth at a conference
held at Dartmouth College in the summer of 1956. The
conference was organized by Minsky and McCarthy, and
McCarthy coined the name “artificial intelligence” for the
Proposal to obtain funding for the conference. Among the
attendees were Simon and Newell, who had already im-
Plemented the Logic Theorist program at the Rand Corp.
These four people are considered the fathers of AI. Minsky
and McCarthy founded the AI Laboratory at the Massa-
chusetts Institute of Technology; Simon and Newell
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founded the Al laboratory at Carnegie Mellon University;
and McCarthy later moved from M.LT. to Stanford and
founded the Al laboratory there. These three universities,
along with Edinburgh University, whose Department of
Machine Intelligence was founded by Michie, have re-
mained the premier research universities in the field. The
name artificial intelligence remained controversial for
some years, even among people doing research in the area,
but it eventually was accepted.

The first Al text was Computers And Thought, edited
by Feigenbaum and Feldman and published by McGraw-
Hill in 1963. Computers and Thought is a collection of 21
papers, some of them short versions of Ph.D. dissertations,
by early Al researchers. Most of the papers in this collec-
tion are still considered classics of Al, but of particular
note is a reprint of Turing’s 1950 paper in which the
Turing Test was introduced.

Regular Al conferences began in the mid to late 1960s.
The Machine Intelligence Workshops series began in 1965
in Edinburgh. A conference at Case Western University
in the Spring of 1968 drew many of the U.S. Al research-
ers of the time, and the first biennial International Joint
Conference on Artificial Intelligence was held in Wash-
ington, D.C. in May, 1969. Artificial Intelligence, still the
premier journal of Al research, began publishing in 1970.
For a more complete history of Al, see McCorduck (1979).
(see LiTERATURE, Al).

NEIGHBORING DISCIPLINES

Artificial Intelligence is generally considered to be a sub-
field of computer science, though there are some computer
scientists who have only recently and grudgingly accepted
this view. There are several disciplines outside computer
science, however, that strongly impact Al and which Al
strongly impacts.

Cognitive psychology (qv) is the subfield of psychology
that uses experimental methods to study human cognitive
behavior. The goal of Al called computational psychology
above is obviously closely related to cognitive psychology,
differing mainly in the use of computational models
rather than experiments on human subjects. However,
most Al researchers pay some attention to the results of
cognitive psychology, and cognitive psychologists tend to
pay attention to Al as suggesting possible cognitive proce-
dures that they might look for in humans.

Cognitive science (qv) is an interdisciplinary field that
studies human cognitive behavior under the hypothesis
that cognition is (or can usefully be modeled as) computa-
tion. Al and cognitive science overlap in that there are
researchers in each field that would not consider them-
selves to be in the other. Al researchers whose primary
goal is what was called advanced computer science above
generally do not consider themselves to be doing cognitive
science. Cognitive science contains not only Al research-
ers, but also cognitive psychologists, linguists, philoso-
phers, anthropologists, and others, each using the meth-
odology of his or her own discipline on a common
problem—that of understanding human cognitive behav-
ior.
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Computational linguistics (qv) researchers use com-
puters, or at least the computational paradigm, to study
and/or to process human languages. Like cognitive sci-
ence, computational linguistics overlaps Al It includes
those areas of Al called natural language understanding
(qv), natural language generation (qv), speech under-
standing (qv), and machine translation (qv), but also
non-Al areas such as the use of statistical methods to find
index keywords useful for retrieving a document.

Al-COMPLETE TASKS

There are many subtopics in the field of Al, as one can see
by contemplating the individual articles in this encyclope-
dia. These subtopics vary from the consideration of a very
particular, technical problem, to broad areas of research.
Several of these broad areas can be considered Al-com-
plete, in the sense that solving the problem of the area is
equivalent to solving the entire AI problem: producing a
generally intelligent computer program. A researcher in
one of these areas may see himself or herself as attacking
the entire Al problem from a particular direction. These
areas are also ways of organizing the articles of this ency-
clopedia. The following sections discuss some of the Al-
complete areas covered by this encyclopedia, and point to
some of the articles relevant to those areas. Not every
article in the encyclopedia is included in the following
lists.

Natural Language

The AI subarea of natural language is essentially the
overlap of Al and computational linguistics (see above).
The goal of the area is to form a computational under-
standing of how people learn and use their native lan-
guages, and to produce a computer program that can use a
human language at the same level of competence as a
native human speaker. Virtually all human knowledge
has been (or could be) encoded in human languages (con-
sider this encyclopedia and others, textbooks, etc). More-
over, research in natural language understanding has
shown that encyclopedic knowledge is required to under-
stand natural language. Therefore, a complete natural
language using system will also be a complete intelligent
system. The articles in this Encyclopedia relevant to natu-
ral language include; ARGUMENT COMPREHENSION; COMPUTA-
TIONAL LINGUISTICS; CONVERSATIONAL IMPLICATURE; DEEP STRUC-
TURE; DicTioNaRY/LEXICON; DISCOURSE =~ UNDERSTANDING;
ELLipsiS; GRAMMAR, AUGMENTED TRANSITION NETWORK; GRAMMAR,
CASE; GRAMMAR, GENERALIZED PHRASE STRUCTURE; (GRAMMAR,
PHRASE STRUCTURE; GRAMMAR, SEMANTIC; GRAMMAR, SYSTEMIC;
HEerMENEUTICS; LEXICAL DECOMPOSITION; MACHINE TRANSLATION;
MorpPHOLOGY; NATURAL LANGUAGE GENERATION; NATURAL LAN-
GUAGE UNDERSTANDING; PARSING; PARSING, WORD EXPERT; PREFER-
ENCE SEMANTICS; PRESUPPOSITION; QUESTION ANSWERING; SPEECH
RECOGNITION; SPEECH SYNTHESIS; SPEECH UNDERSTANDING; STORY
ANALYSIS; TEXT SUMMARIZATION; THESAURUS.

Problem Solving and Search

Problem solving is the area of Al that is concerned with
finding or constructing the solution to a problem. That

sounds like a very general area, and it is. The distinctive
characteristic of the area is probably its approach of see-
ing tasks as problems to be solved, and of seeing problems
as spaces of potential solutions that must be searched to
find the true one, or the best one. Thus the Al area of
search is very much connected to problem solving. Since
any area investigated by Al researchers may be seen as
consisting of problems to be solved, all of AI may be seen
as involving problem solving and search. The articles in
the encyclopedia that are most directly about problem
solving and search include: A* ALGORITHM; AND/OR GRAPHS;
BACKTRACKING; BRANCHING FACTOR; DISTRIBUTED PROBLEM SOLV-
ING; HEURisTICS; MEANS-ENDS ANALYSIS; MINIMAX PROCEDURE;
PROBLEM REDUCTION; PROBLEM SOLVING; SEARCH; SEARCH, BEAM;
SEARCH, BEST-FIRST; SEARCH, BI-DIRECTIONAL; SEARCH, BRANCH-
AND-BOUND; SEARCH, DEPTH-FIRST; SIMULATED ANNEALING.

Knowledge Representation and Reasoning

Knowledge representation is the area of Al concerned
with the formal symbolic languages used to represent the
knowledge (data) used by intelligent systems, and the
data structures used to implement those formal lan-
guages. However, one cannot study static representation
formalisms and know anything about how useful they are.
Instead, one must study how they are helpful for their
intended use. In most cases, the intended use is to use
explicitly stored knowledge to produce additional explicit
knowledge. This is what reasoning is. Together, knowl-
edge representation and reasoning can be seen to be both
necessary and sufficient for producing general intelli-
gence—it is another Al-complete area. Although they are
bound up with each other, knowledge representation and
reasoning can be teased apart according to whether the
particular study is more about the representation lan-
guage—data structure, or about the active process of draw-
ing conclusions.

The articles in this encyclopedia that are most con-
cerned with knowledge representation include: BELIEF REP-
RESENTATION SYSTEMS; CONCEPTUAL DEPENDENCY; DYNAMIC MEM-
ory; Episobic MEMORY; FrRAMES; KNOWLEDGE REPRESENTATION;
Loacic; Locic, conpiTioNAL; LoGIC, HIGHER ORDER; Logic, MODAL;
Locic, oRDER-SORTED; LoGIC, PREDICATE; LOGIC, PROPOSITIONAL;
MEMORY ORGANIZATION PACKETS; MENTAL MODELS; SEMANTIC NET-
WORKS.

The articles in this encyclopedia that are most con-
cerned with reasoning include: ApuctioN; BAYESIAN INFER-
ENCE METHODS, CIRCUMSCRIPTION; DEMPSTER-SHAFER THEORY;
EQUALITY INFERENCING; FuUzzYy SETS AND FUZZY LOGIC: AN OVER-
VIEW; META-KNOWLEDGE, META-RULES, AND META-REASONING;
QUALITATIVE PHYSICS; REASONING, CASE-BASED; REASONING,
CAUSAL, REASONING, COMMONSENSE; REASONING, DEFAULT; REA-
SONING, MEMORY-BASED; REASONING, NONMONOTONIC; REASONING,
PLAUSIBLE, REASONING, SPATIAL; REASONING, TEMPORAL; RESOLU-
T10N; RESOLUTION, GRAPH-BASED; RESOLUTION, THEORY; THEOREM
PROVING; TRUTH MAINTENANCE; UNIFICATION.

Learning

Learning is often cited as the criterial characteristic of
intelligence, and it has always seemed like the easy way
to producing intelligent systems: Why build an intelligent




system when we could just build a learning system and
send it to school? The articles in this encyclopedia that are
most concerned with learning include: CONCEPT LEARNING;
INDUCTIVE INFERENCE; LEARNING, MACHINE.

Vision

Vision, or image understanding, has to do with interpret-
ing visual images that fall on the human retina or the
camera lens. The actual scene being looked at could be
2-dimensional, such as a printed page of text, or 3-dimen-
sional, such as the world about us. If we take “interpret-
ing” broadly enough, it is clear that general intelligence
may be needed to do the interpretation, and that correct
interpretation implies general intelligence, so this is an-
other Al-complete area. The articles in this encyclopedia
that are most concerned with vision include: CHARACTER
RECOGNITION; CoLOR VISION; EARLY VisION; EDGE AND LOCAL FEA-
TURE DETECTION; HOUGH TRANSFORMS; IMAGE MODELS; IMAGE PROP-
ERTIES; IMAGE UNDERSTANDING; ISPECTION; OBJECT RECOGNITION;
PATTERN RECOGNITION; RANGE DATA ANALYSIS; SCALE SPACE; SEG-
MENTATION; SENSORS AND SENSOR FUSION; SHAPE; STEREO VISION;
VISUAL MOTION ANALYSIS; VISUAL PERCEPTION; VISUAL RECOVERY.

Robotics

The area of robotics is concerned with artifacts that can
move about in the actual physical world, and/or that can
manipulate other objects in the world. The articles in this
encyclopedia that are most concerned with robotics in-
clude: ProTaEsEs; ROBOT CONTROL SYSTEMS; ROBOT HANDS AND
END EFFECTORS; ROBOT MANIPULATORS; ROBOT PATH PLANNING AND
OBSTACLE AVOIDANCE; RoBoTics; RoBOTS, LEGGED; ROBOTS, MO-
BILE; TELEOPERATORS.

APPLICATIONS

Throughout its existence as a field, Al research has pro-
duced spin-offs into other areas of computer science.
Lately, however, programming techniques developed by
Al researchers have found application to many program-
ming problems. This has largely come about through the
Subarea of AI known as expert systems. Whether or not
any particular program is intelligent, or is an expert is
largely irrelevant pragmatically. From the point of view
of the field as a whole, probably the best thing about this
development is that after many years of being criticized as
following an impossible dream by inappropriate and in-
adequate means, Al has been recognized by the general
Public as having applications to everyday problems.

The articles in this encyclopedia that are most relevant
to expert systems as a subarea of Al include: BLACKBOARD
SYSTEMS; CERTAINTY FACTORS; EXPERT SYSTEMS; RULE-BASED SYS-
TEMs. The articles in this encyclopedia that discuss past,
Current, and potential applications of Al include: Arr, Al
IN; Cuemistry, Al v; Epucation, Al iN; ENGINEERING, Al IN;
Law, A1 IN; ManuracTuriNG, Al iN; MEDICINE, AL IN; MILITARY
APPLICATIONS OF Al; Music, Al iN; PROGRAMMING ASSISTANTS.
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ASSOCIATIVE MEMORY

Memory architectures can be classified as random, se-
quential, and associative (Hwang and Briggs, 1984). First
introduced by Bush (1945), associative memories have
found considerable use in hardware and have been dis-
cussed in innumerable papers. This section overviews the
use of associative memories from controllers to database
memories and concludes with their importance to Al sys-
tems.

An associative memory is composed of a memory that is
a two-dimensional array of bits MI1, . . . , i1, . . . ,Jj]
of i rows and j columns and a search mechanism that can
search this array and extract information from it. The
array of bits can be considered a set of equal-length words
Min; 1, ...,jlforn=1,...,i A comparand C(l,

. ,jland a mask M[1, . . . ,j]can be used to search
M and set bits in a result register R[1, . . . , i], see Fig-
ure 1. Foreach n =1, ..., ifform=1,...,]
H[m] = 1 or (M[n; m] = C[m]), one can say word Min; 1,

., j] matches C under H, and Rln] of set to 1; other-
wise R[n] is cleared. Matched words can be output to a
bus B[1, . . . ,jL form =1, ..., j, Blm]is the OR
of M[n; m] wherever R[n] is 1.

Consider this simple example of a telephone directory
searched in an associative memory. Each word is (person’s
name, telephone number, address). Suppose one wants to
know Mr. Smith’s address or telephone number. The
search and output operation would use C = (SMITH, xxx,
xxx) and H = (00000, 111, 111). In the search operation
the row having SMITH in the leftmost part will match,
and the result bit for that row is set. In the output part
that row is put on the bus B, where the unknown parts can
be obtained.

MEMORY MANAGEMENT AND HARDWARE CONTROL

The search and output operation is often combined in a
single step in an associative memory, which is the MMU
used in virtual memories (Hwang and Briggs, 1984). In
such a system a processor (CPU) reads and writes data in
RAM. The processor sends an address to RAM in order to
read or write a word in it. This address is put into the
MMU, as a comparand, like the name SMITH in the ex-
ample above. The output on the bus, rather like the tele-
phone number of the example, is the actual address that is
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Figure 1. Basic associative memory.

sent to RAM. An MMU lets the address maintained and
sent by the CPU (called the virtual address) be different
from the real address used in RAM.

Another common application, where the associative
memory is a read-only memory, is the PLA. Used in the
control logic of a processor, microprogrammed commands
are put in as comparands, and the outputs of the bus are
sent to control registers, adders, and other parts of the
hardware. The PLA lets the microprogram use commands
that are efficiently encoded, which control a vast number
of hardware units.

STARAN

The associative memory may be extended with a rewrite
function so that each word appears to be a processor.
Matched words may be partially rewritten using the com-
parand C and mask H. Foreachn =1, . . . , i, ifR{n] =
1, thenforeachm =1, . . . ,j, if Hlm] = 0, C[m] is put
into M[n; m]. Searching and rewriting permit arithmetic
and logical operations on all words simultaneously in a
SIMD parallel computer such as STARAN (Batcher,
1974). A large number of programs have been written for
STARAN, and highly parallel SIMD algorithms, such as
those found in radar-signal processing, have been consid-
erably faster in STARAN than in a conventional machine.
But large database searches are not suited to STARAN
because the time to load M dominates the time to search
it; even if the search time were zero, STARAN is slowed to
the speed of conventional machines by the time to load its
memory.

SET SEARCH

A plethora of papers (Minker, 1971; Maryanski, 1980)
have been written on the use of associative memories for
searching databases. If the words are considered ordered

(whereas they are unordered in the examples above), se-
quential addressing (eg, the notion of next lower word)
can be combined with associative addressing. After a
search that sets the result bit in R, a “next search” can be
made, where only words below a word where the R bit was
set are searched to set the R bit at the end of the search. A
string of characters can be searched, one character after
another, forming the basis for text-oriented information
retrieval. Partitioning the rows into contiguous blocks
and using a delimiter to mark the beginning of each block,
a “set search” can be made, where only words in a block,
where the R bit was set in some word in the block, can be
searched to set the R bit at the end of the search. This is
the basis of most relational, hierarchical, and network
database machines.

ASSOCIATIVE DISKS

Although it may become feasible to build large associative
memories using integrated circuits for the memory, asso-
ciatively addressed disk memories have been proposed for
large databases (Bray and Freeman, 1979). As the data on
a disk track pass over a read head, searching may be ac-
complished essentially as described above. Using addi-
tional techniques (eg, storing the data on a track in RAM
called a disk cache), data can be modified and later writ-
ten back on the track. If each disk head has these capabili-
ties, a large amount of data can be associatively searched
where it is stored rather than transported to and from a
large mainframe computer.

OUTLOOK

Finally, the associative memory continues to find new ap-
plications as new problems are studied. Associative mem-
ory integrated circuits have been sold for over 15 years
now, but they have not been widely used because they
were considerably slower and smaller than RAMs. How-
ever, custom VLSI is becoming commercially accepted,
and an associative memory can be integrated with other
processor logic and memory in these custom chips with
less relative cost than in current systems. Also, consider-
able work is in progress in the design of database proces-
sors. In these systems the disk is made associative, as
discussed above. A group of researchers in Japan and in
the Microelectronics and Computer Corporation in the
United States are competing to make these database ma-
chines commercially useful. These advances should con-
tribute to better Al systems. For instance, in PROLOG
(see Locic PROGRAMMING) the database can be searched, the
Horne clauses can be matched, variables can be instan-
tiated, and control can be effected using associative mem-
ories from associative disks to associative VLSI memories
and associative controllers (scoreboards and PLAs).
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ASSOCIATIVE NETWORKS. See ASSOCIATIVE MEMORY; SEMAN-
TIC NETWORKS.

AUGMENTED TRANSITION NETWORKS. See GRAMMAR,
AUGMENTED TRANSITION NETWORK.

AURA

AURA, an automated reasoning program developed in
1978, was used to answer a previously open question in
algebra (Winker, 1978). Written in IBM assembly lan-
guage, AURA was designed and implemented by Over-
beek with contributions from Smith, Winker, and Lusk.
Although the use of AURA led to a number of useful
results in mathematics and logic, its lack of portability
proved to be a serious disadvantage. LMA, a collection of
subroutines written in Pascal for the purpose of imple-
menting automated reasoning programs tailored to the
user’s specification, was designed and implemented to ad-
dress the concern of portability (see REsoLUTION, BINARY; B.
Smith, Reference Manual for the Environmental Theorem
Prover, an Incarnation of AURA, Technical Report ANL-
88-2, Mathematics and Computer Science Division,
Argonne National Laboratory, Argonne, Ill., 1988; S.
Winker and L. Wos, “Automated Generation of Models
and Counterexamples and Its Application to Open Ques-
tions in Ternary Boolean Algebra,” Proceedings of the
Eighth International Symposium on Multiple-Valued
Logic, IEEE, Rosemont, Il1., 1978, pp. 251-256.

L. Wos
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AUTOMATIC PROGRAMMING

Computer programming is the process of constructing exe-
cutable code from fragmentary information. This informa-
tion may come in many forms including vague ideas of
hOW the output should look, the nature of the expected
Input, the type of algorithm to be used, and possibly, ex-
an.lples of the target behavior. The result of the program-
ming is a section of code which is capable of receiving
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inputs from the target domain and processing them to
yield appropriate outputs.

When computer programming is done by a machine,
the process is called automatic programming. Artificial
intelligence researchers are interested in studying auto-
matic programming for two reasons: First, it would be
highly useful to have a powerful automatic programming
system which could receive casual and imprecise specifica-
tions for a desired target program and then correctly gen-
erate that program (Fig. 1a). Second, automatic program-
ming is widely believed to be a necessary component of
any intelligent system and is therefore a topic for funda-
mental research in its own right. Thus a system might
discover a successful way to achieve a given result and
program itself to achieve that result. For example, a
legged being might assemble code to enable itself to walk
after a series of walking experiences (Fig. 15).

A number of approaches to automatic programming
have been developed over the years and the most impor-
tant ones will be described here. The following sections, as
illustrated in Figure 2, describe methodologies for synthe-
sis from formal input-output specifications, from examples
of the desired program behavior, from natural language
dialogue, and from cooperative interaction between a
human programmer and a mechanical programmer’s as-
sistant.

The methodologies based upon synthesis from formal
specifications utilize predicate calculus notation and de-
rive the target program in a sequence of logical steps.
Because the resulting program is mathematically derived
from its specification, its correctness with respect to the
specification is assured. Thus the methodologies are very
attractive and their development has implications for the
foundations of computer science as well as artificial intel-
ligence.

The synthesis-from-example methodologies involve
generalization and learning behaviors. Since the exam-
ples do not completely specify the target program, the
initially generated program may not achieve all of the
desired behaviors. But the addition of appropriate exam-
ples can force the synthesizer to efficiently converge to a
satisfactory program. The attractiveness of this approach
comes partly from the ease with which a user can provide
examples. These techniques are also important for artifi-
cial intelligence researchers to understand because they
seem to be fundamental to certain kinds of intelligent
behavior (see INDUCTIVE INFERENCE).

The third approach, program generation from natural
language dialogue, involves translating informal descrip-
tions into formal specifications which can be programmed
using formal methods. This approach uses those technolo-
gies mentioned above as well as natural language process-
ing, knowledge representation, and artificial intelligence
systems design.

The final approach, program synthesis using an auto-
mated programmer’s assistant, assumes that a human
will be the primary programmer and that the proper role
for a machine is to supplement his or her efforts. The
human’s role is to develop and refine a set of formal specifi-
cations and make some implementation decisions with the
machine assisting by checking consistency, retrieving in-
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Figure 1. Examples of automatic programming. (a) Generat-
ing the user’s program. The computer automatically generates
code from casual specifications. () Learning new behaviors.
The intelligent being internally assembles code to enable it-
self to function in the world.

formation from libraries, and so forth. At some point in
the specification process, the machine can take the pri-
mary role in selecting data structures and building the
code and documentation for the software product.

The following sections thus describe these four ap-
proaches to automatic programming.

SYNTHESIS FROM INPUT-OUTPUT SPECIFICATIONS

Stating the Problem

The first approach to the study of automatic programming
assumes that a specification of the input-output behavior
is given and that the automatic system is to find a pro-
gram to implement the specification. Very often the speci-
fication is written as:

VYa(P(a) = 3z2R(a,2))

Here P(a) is an input predicate that is true if and only if a
is an acceptable input for the target program. R(a,z2) is an

(a)

(b)

input-output relation that is true if and only if z is the
desired output when the target program reads a as its
input. The specification states that for all a such that the
input requirement P is met, there is a z such that the
input-output relation R(a,z) holds. The program synthesis
will proceed by proving this theorem. It turns out that in
order to complete the proof, the theorem prover must con-
structively find the z that is asserted to exist and the
method for finding z is the target program (see also TxEo-
REM PROVING).

As an illustration, suppose it is desired to automati-
cally generate a program to add up a list of numbers a to
obtain their sum z. Then one should define the input pred-
icate P(a) to be true if and only if a is a list of numbers of
length zero or more. Thus P((4 2 9)) is true and P((A(B))) is
false. The input-output relation R(a,z) should be defined
to be true if and only if z is the sum of the numbers in a.
For example, R((4 2 9),15) is true and R((4 2 9),16) is false
(z is zero if @ has length zero). Then the proof of the speci-
fying theorem,




Ve (P(a) =: 3 2R(s,2))

if a=NIL then O
else car(e) + f(cdr(e))

(a) Synthesis from formal specifications.

User: Please write a program to
add up a set of numbers.
SYSTEM: WHAT WOULD YOU LIKE
TO CALL THE PROGRAM ?
etc.

"

PROGRAM SUM(INPUT OUTPUT)
YAR X, ANS: INTEGER;

END.

{c) Synthesis from natural lanquage
dialogue.
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Input: ((A.B)C)
Output: (C(BA))

U

1(x) = cond ({stom{x) x)

(t cons(fz(x),f x)»
f,(x) = f(cdr(x)) 3
13(x) = f(car(x))

(b) Synthesis from examples.

{interactive human- machine generation of
formsl specifications. Interactive crestion
of code and documentstion.)

U

Formas! Specifications
Programming Product
Complete Documentation

(d) Synthesis through cooperative intersction
between human and mechanical assistant.
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Figure 2. Four research areas in automatic

Va(P(a) = 3zR(a,2))

requires the system to find a way of constructing z for
every acceptable a. This proof will thus yield the target
program.

Of course, it is not possible to carry out the proof unless
many facts are known about P and R. For example, one
heeds the fact that if a is the list of length zero, that isa =
NIL, Then R(a,0) is true.

R(a,0) = true if ¢ = NIL.

Also, let car(a) be defined to be the first element of list a
and let cdr(a) be defined to be list a with its first element
removed. The synthesis will use the fact that the sum of a
1s simply obtained by adding car(a) to the sum of cdr(a) ifa
Is not NIL.

R(a, car(a) + 2') = true if R(cdr(a),2') and not (a = NIL)
The program synthesis methodology uses these kinds of
facts to prove the above theorem and generate the follow-
Ing program:

fla) = ifa = NIL then 0 else car(a) + f(cdr(a))

T}le proof of the specifying theorem will involve manip-
ulation of formulas of the form:

if VxA,(x) and VxAs(x) and - - - and V,A,(x) then
3xG(x) or 3xGq(x) or + - - or xG,(x)

programming.

Following the methodology of Manna and Waldinger
(1980), such formulas can be written into a tableau of
columns labelled assertions, goals, and outputs as follows.

Assertions Goals Outputs
A1(JC)
Az(x)
A, (x)
G1(x)
Gz(x)
G,,;(x)

This notation enables one to write such formulas omitting
quantifiers and connectives. If an entry t;(x) appears in the
output column in the same row as some goal G;(x), that
output #;(x) expresses the desired program output when
G;(x) is true.

Using this tabular convention, the specifying theorem
can be written as follows:

Assertions Goals
P(a)

Outputs

R(a, 2) z

The Manna and Waldinger (1980) program synthesis
procedure involves adding rows to this table such that the
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correctness of the above meaning formula is maintained.
If a goal can be deduced which is always true and such
that its corresponding output entry is in terms of the input
and primitive functions, that output entry will be the tar-
get program:

Assertions Goals Outputs

True Target program

The Deductive Mechanism

Once the problem is stated and appropriately entered into
the above table, methods are needed for deducing new
entries in the table so that progress toward the target
program can be made. Following the methodology of
Manna and Waldinger (1980), two kinds of rules are intro-
duced here, transformations which convert portions of an
assertion or goal to a new form, and resolution rules which
allow one to combine assertions and/or goals to obtain new
assertions or goals.
Transformations have the form:

r>sif@

which means that r may be converted to s if @ is true.

In order to illustrate usage, suppose there is a goal G
that contains a subexpression r. It can be written as G[r].
Then the transformation r = s yields G{s], and this substi-
tution can be made if @ is true.

This gives a way to generate a new goal in the deduc-
tive table if G[r] is an existing goal. The new goal is G{s]
and @. It means that if G[r] is a valid goal, then G[s] is
one also provided that @ is true. In terms of the deductive
table, the transformation r = s if @ enables one to begin
with:

Assertions Goals Outputs
Glr] p
and deduce the new entry:
Assertions Goals Qutputs
Glsl and @ p

An example of a transformation is:
Ulx,—x) > true ifx <0

and its usage can be shown on the following example goal
and output:

Assertions Goals
U(b,y) y

Outputs

The transformation can convert U(x,—x) to true, but this
expression does not occur in the given goal. However, one
can make substitutions into the transformation and the
goal and output so that the transformation is applicable;
that is, unification is being used as described elsewhere in

this volume. Specifically, one can substitute x = b into the
transformation to obtain:

U(b,-b) > true ifb<0
and one can substitute y = —b into the goal and output to
obtain:
Assertions Goals Outputs
U,-b -b

Now the transformation can be applied using the above
rule to obtain a new row in the tableau.

Assertions Goals
True and b < 0 -b

Outputs

Another way to construct new entries in a deductive
table is to resolve (see REsoLuTioN) two goals to yield a new
one. Suppose one has two goals F with associated output
p1 and G with associated output p;. Further suppose that
F and G both have the same predicate subexpression e so
they will be written F[e] and Gle].

Assertions Goals Outputs
Flel P
Glel p2

In the following, the notation F[e « true] stands for the
goal F with subexpression e replaced by true. G[e < false]
is similarly defined. Then the two goals F[e] and Gle] can
be combined to obtain a new goal F[e « true] and Gle «
false] with associated output if e then p, else p,. The new
row in the tableau is:

Assertions Goals Outputs
T[e « true] and Gle < false] if e, then p;
else py

An example of such a resolution occurs if one has these
goals.

Assertions Goals Outputs
a<0 —-a
Not (@ < 0) a

Then resolution of these two goals where e is a < 0 yields
the following new entry:

Assertions Goals Outputs

True and not (false)

If a < 0, then —a,
else a

Two kinds of deductive rules have been described here:
transformations and goal-goal resolutions. Manna and
Waldinger (1980) have given numerous other deductive
rules but these examples illustrate the nature of the tech-
nique. Once the problem is properly represented and rules




are available for deduction for new table entries, one can

proceed to synthesize programs as shown in the next sec-
tion.

Synthesizing Programs

The program synthesis procedure follows the problem
solving paradigm so well known in the AI community. An
initial state is given and transitions are available for mov-
ing from one state of the domain to another. The problem
solving system attempts to find a sequence of applicable
transitions that will transform the world from the initial
state to an acceptable final state.

In the program synthesis domain, the initial state is
the specification of the program input-output characteris-
tics. The applicable transitions are the transformations,
resolution schemes, and other available rules for deducing
new forms from the original specification. An acceptable
final state is one that gives a program in a machine exe-
cutable language which meets the original specification.
In terms of the deductive table, a final state has a goal
which is true and an associated output in terms of the
input and primitive machine operations.

One can illustrate the whole process by synthesizing a
pProgram to compute the absolute value function A:

h(x) = { x if not (x < 0)

—x otherwise
Then the input specification must require x to be a real
number: V(x) is true if and only if x is real. The input-
output relation U(x,z) will be true whenever z is the abso-
lute value of x. This information must be available to the
System in the form of transformations:

T1: U(x,—x) > true ifx < 0
T2: U(x,x) = true if not (x < 0)

The synthesis proceeds by applying the available transfor-

step assertions goels outputs remarks
(1) pPa) input spec.
(2) R(a,2) 2 i-o relation
(3) a=NIL 0 T3 on (2)
(9 R(car(e),2) end cor(a) + 2 T4 on (2)
not (8 =NiL)
(S) ifvcathen inductive
i P(v) then hypothesis
R(v,f(v))
(6) not(.if cdr(a) <o then cor(a) + resolying
if P(cor(a)) then false) f(cdr(a)) (4) end (5)
and not (8 = NIL)
(n not (a = NIL) cer(e) + simplifying
f(cdr(a) (6)
(8) true if a=NiLthen 0  resolving
(3)end(7)

else
cor(a) + f(cdr(a))
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mations and deductive rules until a program is synthe-
sized.

Following the methodology described above, one begins
with the original specification:

Assertions Goals

V()

Outputs

Ub,y) y

Applying T1 and T2 to the goal U(d,y) obtains the fol-
lowing two goals:

Assertions Goals Outputs
b<0 =b
Not (b < 0) b

Resolving these two goals results in the final program:

Assertions Goals OQutputs
True If b < 0, then —b,
else b

A more interesting example appears in Figure 3 where
a program is generated to add a list of numbers. In this
case, P(a) is true if and only if a is a list of integers of
length zero or more. R(a,z) is true if and only if z is the
sum of the numbers in a. If a has length zero, then R(a,0)
is true. Two transformations carry the critical informa-
tion:

T3: R(a,0) > true if a = NIL

T4: R(a,car(a) + 2') = true if R(cdr(a),2’) and not
(a = NIL)

Step 5 is the inductive hypothesis for an inductive proof
which introduces a looping behavior into the synthesis. It
states that the synthesized program f works properly (ie, if

Figure 3. Synthesizing the program to add a list of numbers.
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P(v) then R(v,f(v))) for all lists shorter than the input a (ie,
v < a). The proof that fthen also works on a completes the
inductive argument and enables the introduction of recur-
sion in the generated program. Step 6 is a goal-assertion
resolution that functions similarly to the goal-goal resolu-
tion above. The final synthesized program is:

f(x) = if x = NIL then 0 else car(x) + flcdr{x).

Manna and Waldinger (1987) show a detailed example
of these mechanisms in the generation of binary search
programs.

Searching for Loops

One of the central problems in program synthesis is the
discovery of loops and information is often available to
help find them. Bibel (1980) and Bibel and Hornig (1984),
for example, suggest breaking the input into parts and
attempting to discover the contribution of the parts to the
output. If the synthesizer can find a way to do one part of
the calculation on a pass through the body of the loop,
then perhaps repeated passes will enable it to consume
the rest of the input and complete the target output.

This strategy is easy to illustrate on the example of
Figure 3, adding up a list of numbers. In this example, the
input is a list of numbers, and Bibel and Hornig (1984)
suggest that one should guess at a way to break this input
into parts. If a method can be found to isolate the effects of
the parts on the result of the computation, perhaps code
can be found to process the parts individually and combine
the results to yield the answer. An example is the method
of splitting input a into car(a) and cdr(a). Observing the
function definition for f, we see

length (a)

fl@= > alil

i=1

and this can be separated to observe the effects of car(a)
(or a[1]) and cdr(a) (or a[2] . . . , allength(a)]).

length (a)

fl@) =alll+ O alil
i=2

But the last term of this expression is simply the function
f applied to the rest of the list, cdr(a):

fl@) = all] + fledr(a)

So the program for addition needs to only add its first
entry to the result of applying itself to the rest of the list.
Then if we include code to handle the trivial case, the
program can be completed:

f(a) = if length (a) = 0 then 0

else car(a) + flcdr(a))

The reason to try to program such mechanisms is that
they may automatically discover the strategy for making
a loop work and eliminate the requirement that knowl-

edge of the type represented by T3 and T4 be explicitly
coded in the system.

If the synthesizer had guessed another way to break up
the input, another algorithm might result. Thus one could
break a into a[l], . . . , allength(a)/2] and allength(a)/
2 + 1], . .., allength(a)] and find an algorithm that re-
cursively calls f on both the first and second halves of its
input list until a trivial list of length 0 or 1 is found. Bibel
and Hornig (1984) implemented this methodology in their
LOPS system and demonstrated it on many examples.
Their system included many features including method-
ologies for guiding the search to obtain a final program.
One of its more novel mechanisms generated examples in
the problem domain and generalized from them to produce
hypothesized theorems to be used in the synthesis.

Other work using this insight is described by Smith
(1987) on the automatic construction of divide and con-
quer algorithms. This work includes an interesting study
of sorting methods and shows how a variety of algorithms
result from different initial decompositions of the input.

Transformational Methodologies

A type of transformation different from the transforma-
tions discussed above has been investigated in the litera-
ture (Bauer and co-workers, 1989; Broy, 1983; Burstall
and Darlington, 1977; Gerhart, 1976; Manna and
Waldinger, 1979). In this methodology, the original specifi-
cation of the program is transformed repeatedly until a
final program is derived. Such transformations have the
form shown in Figure 4. An initial specification gives the
format of the schema to be modified. An applicability con-
dition specifies all relationships that are prerequisite to
the use of the transformation. A final specification gives
the new format for the schema after the application of the
transformation. Program synthesis involves the repeated
application of such transformations, beginning with the
initial specification, until the final program is created.

The approach assumes the existence of a library of such
transformations and synthesis proceeds by automatically
or manually selecting the sequence to be used. Some
transformations may perform rather small changes to the
existing form while others may create dramatic changes
and enable great leaps toward the final product.

An example of a transformation for creating simple
linearly recursive code from a specification appears in Fig-
ure 5. This transformation can solve many standard syn-
thesis examples including the list summing problem men-
tioned above. For this example, one needs to discover the
substitutions C(x) is length(x) = 0, T(x) = 0, H,(x) =
car(x), Hy(x) = cdr(x), and G(x,y) = x + y. With these
substitutions, the applicability conditions hold, and the
final program can be created in a single step.

Initial Specification

Applicability
Condition

Fina! Specification

Figure 4. The format for a program transformation.




f(x) = z where R(x,2)

C(x) ==> R(x,T(x))

=C(x) and R(H,(x},y) ==> R(x,G(H,(x).y))
length(x) = 0 ==> C(x)

length(x) > 0 ==> length(H,(x})) < length(x)

f(x) = it C(x) then T(x) else G(H,(x), f(H{x)))

Figure 5. A program transformation to create a recursive pro-
gram.

Historical Remarks

It was discovered in the late 1960s (Green, 1969;
Waldinger and Lee, 1969) that the proof of a theorem with
existential quantifiers will implicitly contain the se-
quence of operators required to find the objects asserted to
exist. This sequence of operators can be considered to be a
program for finding those objects and the discovery be-
came the basis for much research in automatic program-
ming. The task of theorists then became one of finding
methods to extract the operators from the proofs and de-
veloping theorem proving strategies which would prop-
e'rly introduce the desired looping, branching, and subrou-
tine constructions into the code. The methodology of
Manna and Waldinger (1980, 1987) systematizes and gen-
i%'l‘alizes on the techniques that had been developed ear-
ier.

Simultaneously, other work in program synthesis has
shown how program loops are formed as described above
and has created the transformational synthesis methodol-
0gy. The total of this literature has had a substantial ef-

fect on the theory of programming and on software engi-
heering,

PROGRAM SYNTHESIS FROM EXAMPLES

This section will first give an algorithm for synthesizing
flowcharts from traces and an example of its usage, the
gt?neration of a Turing machine program to sort A’s and
8. Then it shows how this leads to a program synthesis
methodology for LISP code. Also methods will be given for
Creating LISP programs from recurrence relations and for
factoring behavior graphs to create real time programs.
The last methodology shows how PROLOG programs can
€ created from example behaviors. The section concludes
With some general observations regarding program syn-
thesis from examples.

Constructing Flowcharts from Example Traces

Suppose a computer program has executed the following
Computation trace in completing a particular calculation.

Time Condition Instruction
1 I
2 a I,
3 b I,
4 c 12
5 b I
6 b I3
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That is, at the first instant of time, I; was executed. Then
condition a was tested and found to be true and I, was
executed. This proceeds until the final statement at time 6
when I3 was executed. The instructions I; may be any in-
structions such as READ(x) or x = x + 1 and the condi-
tions a, b and ¢ may be any predicates such asx > 3 orx <
y. It is desired to find an algorithm capable of building a
program that can do this trace.

One can, in fact, begin building the desired program by
starting at the beginning of the trace and moving down-
ward building the code to account for each step. From the
first instruction (Time = 1), the beginning of the target
program can be created (Fig. 6a). Next Condition a is ob-
served and Instruction I; executed. I is added to the flow-
chart (Fig. 6b). The trace indicates the next condition is b
out of I; and this leads to another execution of I;. Since an
example of I, already exists, this transition is sent to it
(Fig. 6c). Examining Condition ¢ from this instruction to
I; at Time 4, again this transition is sent to the existing
version of I (Fig. 6d). At Time 5, the trace indicates a b
transition to I, and the existing program already has such
a b transition to I;. Whenever the current trace condition
matches the condition on an outgoing transition of the
active node of the program, one has what is called a forced
move. If the current version of the program is correct, as it
is here, that transition will properly predict the next in-
struction in the trace. At Time 6, however, a contradiction
occurs: the move is forced and the program uses the b
transition to predict the next instruction to be I, but, the
trace indicates the next instruction should be I3. Appar-
ently an error has occurred in the synthesis.

5 b

(a) (b) (c)

b,c a b a
D) ) (=)
[of

(d) (e) 1)

Figure 6. The generation of a program to execute the example
trace.
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Figure 7. The algorithm for program creation from trace in-
formation.

At this point, the procedure backs up to the last un-
forced move and changes its decision. Returning to Time
4, the c transition will not be directed backward but in-
stead to a new copy of I; (Fig. 6e). Moving forward again, a
second contradiction will be found, another back up, and
then the final flow chart of Figure 6f will be built.

A general algorithm for creating flowcharts from traces
appears in Figure 7. This algorithm requires the user to
specify a limit L on the number of nodes to appear in the
target program and will always find a program of that size
or less which can execute the trace. If none exists, backup
will occur to the first instruction and above resulting in a
termination with failure. The algorithm can then be re-
started with a larger L. The following section shows some
applications of the method.

The Trainable Turing Machine

An interesting application of this methodology is the
trainable Turing machine as described by Biermann
(1972) (Fig. 8). This system resembles the traditional
model of a Turing machine with an infinite two-way tape
and a tape-head that can move left or right reading and
writing symbols. This machine differs from the traditional
model in that it begins without any finite-state controller;
it builds its own controller on the basis of examples.
Suppose, as an illustration, it is desired to train the
machine to sort a string of A’s and B’s so that the A’s all
precede the B’s. In order to train the machine to do this

N Get next instruction |
4 from trace
Does a copy of | olready
exist in program ?
No Yes
Add i to Build trensition to
flowcheart slready existing |

not forced Check trace conditicn
after current instruction <
forced move with forced move
contradiction none without
exists contradictlion
Beck up to last Halt with Go to appropriate
unforced move success program node
If none exists,
halt with fail. l
l Get next instruction
Chenge pointer to | from trace
another copy of oS [
instruction

Does number of
instructions in
progrem exceed L 7 | Ye€S

calculation, one must put the machine in learn mode and
physically force its read-write head through one or more
sample computations. These examples will enable the ma-
chine to construct a general program, using the algorithm
of the previous section, to sort any string of A’s and B’s. A
simple example calculation appears in Figure 9.

The algorithm of Figure 9 starts the head at the left
end of the nonblank symbols of the tape. It moves right in
search of an A, and, on finding it, prints a B and moves
left. When it finds the end of the string or another A, it
moves right one step, prints the A, and moves right again
looking for another A. It continues moving A’s back to-
ward the front until no more symbols, A’s or B’s, are
found.

/ infinite tape

S 7  BBAA p2
H_’_____,._——- read-write head
learn compute

e

Figure 8. The trainable Turing machine.

[~ selector knob




Time Current Tape Condition Instruction
1 BBAA start
2 BBAA B BR
3 BBAA B BR
4 BBAA A BL
5 BBBA B BL
6 BBBA B BL
7 BBBA o eR
8 BBBA B AR
9 ABBA B BR

10 ABBA B BR
11 ABBA A BL
12 ABBB B BL
13 ABBB B BL
14 ABBB A AR
15 ABBB B AR
16 AABB B BR
17 AABB B BR
18 AABB_ o halt

Figure 9. The trace of a Turing machine computation to sort a
string of A’s and B’s.

To the right of the tape configurations in Figure 9, the
symbols being read are shown in the column labelled con-
dition. These correspond to the conditions described in the
filgorithm synthesis method of the previous section. The
Instructions to the tape head give the symbol to be
printed: A, B, or blank, and the direction of the next head
move, left L or right R. The combination of these two
columns is the needed information for the synthesizer of
Figure 7. In fact, when it is executed, the controller of
Figure 10a results. It is the proposed program for sorting
any string of A’s and B’s into ascending order. This pro-
8ram has a small bug in that it will not sort a string that
begins with an A. The omission can be removed if one
Imore example is processed, the sorting of the list AA, and
the result appears in Figure 10b. The machine can now be
but into compute mode and used to sort any string of A’s
and B’s,

The methodology is algorithmic and capable of creating
any Turing machine. For example, Biermann, Baum, and
Petry (1975) showed that it can create a universal Turing
machine from a single example computation. The major
Problem with the approach is its high execution time. A
variety of strategies were developed by Biermann, Baum,
and Petry (1975) for speeding it up.

The algorithm for synthesis has had many other appli-
cations. Another example is the trainable desk calculator
of Biermann and Krishnaswamy (1976) that enables a
user to do hand calculations at a machine display with a
light pen and which creates programs from the resulting
traces. Using this system, many programs have been gen-
erated including various matrix manipulation routines,
sorting programs, a finite state machine minimizer, and a
Compiler for a small ALGOL-like language. In a sequel to
Fhls work, Biermann (1978) showed that certain types of
Instructions for indexing can be omitted from such exam-
Ple traces while still allowing for correct program syn-
thesis.

An application for this approach was also developed by
Waterman and co-workers (1984) in the construction of a
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Initial state

Transition B-BR

Transition B-BR

All other transitions

(a)

Accounting for
a second example

(b)

Figure 10. (a) Constructing the Turing machine controller to
sort A’s and B’s; (b) completing the controller.

programmer’s helper called EP. This system observes the
user in typical daily applications and builds programs to
automatically mimic the user behaviors. Then when re-
petitive tasks occur, the user can release control to the
machine which has built code to finish them automati-
cally. Fink and Biermann (1986) used the idea to create a
dialogue acquisition mechanism in a natural language
processor.

Synthesis of LISP Code

A popular area for research in recent years (Smith, 1984)
has centered around the creation of LISP programs from
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examples of their behaviors. Thus, one might be given the
fact that the input x = ((A . B) . C) is to yield output z =
(C .(B. A)). The goal is to construct a LISP program that is
capable of executing this and all similar examples.

The synthesis of the code begins with the discovery of
the LISP operations required to yield the output from the
input.

z = cons(edr(x), cons(cdr(car(x)), car(car(x))))

Here cons(u,v) is defined to be the dotted pair (u - v). car(x)
and cdr(x) are defined to be the left and right sides of
dotted pair x. Thus, if x = (A.B) then car(x) = A, cdr(x) =
B, and cons(x,x) = ((A.B).(A.B)). The breakdown of output
z in terms of primitive functions is unique and easy to
find. Furthermore, it corresponds to the trace of instruc-
tions employed in the previous examples. In fact, the con-
catenated operators can be broken apart into primitives in
preparation for the program synthesis:

z = fix)

filx) = cons(fa(x),f3(x))

fo(0) = faledr(x))

fax) = fs(car(x))

fa) = x

f5(x) = cons(fg(x),f7(x))

fe(x) = faledr(x))

f2(x) = folcar(x))

fslx) = x

folx) = x
Here the flowchart construction methodology can again be
applied; instead of merging separate instructions from the
trace, however, different f;’s will be merged. Also, condi-
23:-1:1 tests need to be created during the synthesis proce-

The process of merger is made possible by the existence
of the cond operator in LISP which is written as follows:

COnd((P1g1)(p2g2)(P3g3) R (p,,gn))

The predicates p;, p2, . . . , Pn are evaluated sequen-
tially and when the first p; is found that evaluates to true,
cond returns g; as its value. LISP has some built—in predi-
cates such as atom(x) which is defined to be true if and
only if x is a LISP atom. Suppose x is a dotted pair of the
atoms A and B (ie, x = (A.B)) then:

f(x) = cond((atom(x) car(x))
(atom(car(x)) cdr(x))

(T cons(x,x)))

will evaluate to B. That is, atom(x) is false, and atom
(car(x)) is true, so cdr(x) is returned as the result.

One can thus see how the cond operator can be used to
merge functions from the above trace. Suppose, for exam-
ple, it is desired to merge fi(x) and fy(x) and that a predi-
cate generator has discovered that function f; should be
selected if x is an atom. Then f; and f; can be merged to
produce f.

f(x) = cond((atom(x) x)(T cons(fa(x), f3(x)))

In fact, the flow chart synthesis procedure with automatic
predicate generation can merge f1, fs, f5, f3, and fy to pro-
duce f as shown. It will also merge f; into f; and f; into f3
leaving them unchanged:

fox) = fledrx))  f3(x) = flear(x)

The combination of the three functions f, f2, and f; com-
prise a program that will achieve the target behavior. In
fact, it will reverse any LISP S-expression of any level of
complexity. Thus a complete program for reversing LISP
S-expressions has been synthesized from one example.

This function merging technique is capable of generat-
ing any member in the class of regular LISP programs
(Biermann, 1978). These programs include most LISP
functions that have only one parameter, no auxiliary vari-
ables, and use only the atom predicate. The process reli-
ably generates programs from randomly selected exam-
ples and always converges to a correct regular program if
one exists and if enough examples are given. Its main
disadvantage is that it is a searching procedure which
becomes very expensive to execute if the target program is
large.

LISP Synthesis Using Recurrence Relations

Summers (1977) has developed a LISP synthesis method-
ology based upon the discovery of recurrence relations in a
sequence of examples. This methodology has the advan-
tage that it creates programs more quickly than the above
method but it also requires more carefully constructed
training examples. Suppose it is desired to create a pro-
gram which will delete the negative numbers in a list.
One might present the system with these examples:

Example Input Output
1 NIL NIL
2 (2) (2)
3 (-1,2) (2)
4 (0,-1,2) (0,2)
5 (1,0,-1,2) (1,0,2)
6 (-2,1,0,-1,2) (1,0,2)

The Summers method involves discovering relation-
ships between the sequential examples and the construc-
tion of single loop recursive programs to implement them.
One can begin by writing each output in terms of its corre-
sponding input using LISP primitives:




Example Input Output
1 NIL filx) = NIL
2 (2) f2(x) = cons(car(x), NIL)
3 (-1,2) f3(x) = cons(car(cdr(x)), NIL)
4 0,—1,2) fs(x) = cons(car(x),
cons(car{cdr(cdr
(x)),NIL))
5 (1,0,-1,2) f5(x) = cons(car(x),
cons(car(cdr(x)),
cons(car{cdr(cdr(cdr

(x)))), NIL)))

6 (-2,1,0,—-1,2) fsx) = cons(car(cdr(x)),
cons(car{cdr{cdr(x)))
cons(car{cdr{cdr{cdr

(cdr(x)))), NIL)))

Although this step was quite straightforward, the next
one requires a key discovery. Specifically, if one studies
each f; in the above sequence, it can be seen that each can

e rewritten in terms of the previous f; in a very system-
atic way. In fact, the following pattern arises:

Example Input Output
1 NIL fikx) = NIL
2 (2) folx) = cons(car(x),filcdr(x)))
3 (-1,2) [3(x) = foledrx))
4 0,-1,2) fi(x) = cons(car(x),f3(cdr(x)))
5 (1,0,-1,2) f5(x) = cons(car(x),fy(cdr(x)))
6 (_271:01_1y2) fG(x) = f5(0dr(x))

EXamining this sequence, one can see two recurrence rela-
tions arising consistently:

fi(x) = cons(car(x), f;-1(cdr(x)))

and

filx) = fi_1(edr(x)).

One can then run a test generation procedure on the in-
p“_tS to determine when each recurrence relation is appro-
Priate. In fact, it is easy to discover that if x is an atom,
fix) is NIL, and if the first entry of x is negative then f;(x)
takes the second recurrence form given above. Otherwise,
fi(x) takes the first form given. The synthesized program is

thus;
f(x) = cond((atom (x) NIL)
(neg(car(x)) f(cdr(x)))
(T cons(car(x), fcdr(x)))))

. s“_‘lmmers has given a basic synthesis theorem that
aP*:iClﬁes the nature of the required recurrence relations
on a recursive program schema that will implement the
. SerVefi recurrences. He also shows a fascinating strat-
gy i.‘or Introducing new auxiliary variables into the syn-
€S1zed program if they are needed.
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Synthesizing Programs Using Factorization of the
Behavior Graph

Fahmy (1988) has given an algorithm for creating real
time acceptors using a graph factorization technique. The
procedure begins with a set of examples of the target be-
havior and assembles these into a behavior graph. Then
the behavior graph is factored into two graphs, a finite-
state controller and a data structure graph. The data
structure may be any from a library of such structures and
the factorization technique seeks one that will yield a suc-
cessful decomposition.

Suppose, as an illustration, one would like to create an
acceptor for strings of the form a”b" where n could be any
natural number. Specifically, it is desired that a small set
of examples of the target behavior be input to the synthe-
sis system and the system should print a program to rec-
ognize the whole set. This problem can be better under-
stood if one writes down a few examples of the behavior
and then creates the smallest possible flowchart that will
accept them. If the examples are ab, aabbd, aaabbb, and
aaaabbbb, then the flowchart for the acceptor is shown in
Figure 11. Clearly if a larger number of examples had
been included, the graph would extend farther to the
right. If the whole language were to be represented, the
graph would extend infinitely far.

The next concept in this theory is of the data structure
as a graph. Two examples appear in Figure 12. The first is
a counter: it begins in the O—state, moves right on each
increment instruction, and moves left on each decrement.
The second data structure is a stack: it starts in the empty
state and each push of an a or b causes it to move to the
appropriate lower state. A pop instruction causes it to
move upward to a previous state.

The third idea in this theory is the concept of a program
as a finite state controller. This idea is used in several of
the approaches given above and is not new. Figure 13
shows two finite-state controllers that are capable of rec-
ognizing a"b”. One uses the counter data structure and the
other uses the stack. A computation begins with the con-
troller in its initial state. The input string is said to be
accepted if the controller is in a final state when the last
symbol has been processed. Otherwise the input is not
accepted.

It is easy to see how these controllers work. At each
instant of time, a symbol is read from the input, a condi-
tion is checked on data structure, and a transition in the
controller is made. This transition results in an instruc-

initial
state

b b b b

Figure 11. The behavior graph that accounts for the computa-
tions of a"b".
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(a) Counter

(b) Pushdown stack

Figure 12. Representing data structures with graphs.

a/0/i
al/t/i

a/0/n

b/1/d

{a) Controller using a counter.

a/empty/a

a/empty/n a/nonempty/a

b/empty/n
b/nonempty/pop

/
b/empty/n b/nonempty/pop

(b) Controller using a stack.

Figure 13. Two controllers for the computation of ab~.

tion being sent to the data structure possibly changing its
state. As an illustration, one can follow the acceptance of
string aabb by the first controller in Figure 13. The first a
will be received with the controller in the initial state and
the counter in state 0. The controller transition asserts
that the move should be to the state on the right with no
instruction n sent to the counter. Next a second a is read
and the transition a/0/i tells the controller to remain in
that state and increment the counter to 1. Next a b will
arrive moving the controller to another state and decre-
menting the counter to 0. Finally, the next b will move the
controller to the final state. The string aabb has been
accepted.

The Fahmy (1988) theory of synthesis is based upon the
discovery that the graph product of the control structure C
and data structure D shown above is the behavior graph
B: B = C x D. This graph product is defined as follows: For
each state ¢ in C and each state d in D, create a state (¢,d)
in B. If ¢ has transition a/b/e to state ¢’, and d in condition
b has transition e to d’, then state (¢,d) in B should have
transition a to state (c¢',d’).

The synthesis procedure receives a set of strings of the
target behavior, all of the strings of some length j or less.
Then it builds the behavior graph B and attempts to find a
data structure D such that the factorization B = C X D
will hold. The factorization methodology is adapted from
Hartmanis-Stearns (1966) machine decomposition theory.
The procedure will create any real time acceptor if an
appropriate data structure is available.

Synthesizing PROLOG Programs

Shapiro (1982) has developed a methodology for creating
PROLOG logic programs from examples. The operation of
his system will be illustrated here by showing how it cre-
ates the member function in PROLOG. Here member
(X,Y) will be defined to be a predicate which is true if and
only if X is a member of list Y. Following PROLOG nota-
tion, lists will be written with square brackets. Thus
[a,b,c] is the list containing entries @, b, and ¢ and so
member (a,[a,b,c]) and member (b,[a,b,c]) will be true
while member (d,[a,b,c]) will be false.

PROLOG programs will be written here as sets of
clauses of the form p; < ps, p3, . . . , Pn Where the p; are
predicates. The meaning of such a clause is that p; is true
if pa, p3, - - . » Pa-1, and p, are true. A PROLOG pro-
gram is executed by asserting such a p; and having the
processor prove pz, ps, - - - , Pn. Typically these latter
proofs involve calls to other clauses in the program with
very deep nestings possible.

The example to be studied here is the following pro-
gram which has two clauses. The notation [X|Y] stands
for a list whose first element is X and whose other ele-
ments are contained in Y.

{member(X,[X|Z1) « true,
member(X,[Y|Z]) « member(X,Z)}
The operation of this program can be understood by ob-

serving its action on some of the above example behaviors.
Thus member (g,[a,b,c]) can be proved using the first




clause with X = a and Z = [b,c]. The case member
(b,{a,b,c]) can be proved by invoking the second clause
which asserts that member (b,[a,b,c]) if member (,[5,c))
and then using the first clause to prove member (b,[b,c]).
The concern here is to show how such a program can be
generated automatically.

The synthesis methodology is shown in Figure 14. The
user introduces facts in the form of ground instances of the
predicates. Each such predicate must be accompanied by
an indication of whether it is true or false. Thus the user
might enter the facts “member (g,[a,b]) is true” and
“member (c,[a,b)) is false”. The system proposes various
clauses which might be parts of the target program and
stores them into the data structure called PROLOG pro-
gram. Then the PROLOG interpreter executes the cur-
rently proposed program on the available facts and deter-
mines whether it produces the desired result in each case.
That is, given the above two facts, the current program
should evaluate to true for member (a,la,b]) and false for
Imember (c,[a,b]). If the current program is not able to
Prove a desired result as in member (a,[a,b]), it needs an
additional clause and it calls for one. If the current pro-
gram proves something which the facts indicate is wrong,
the system finds the offending clause in the program and
removes it.

The clause generator at the top of Figure 14 is basically
€numerative in nature. However, Shapiro has designed it
carefully to avoid any unnecessary enumeration. First the
user must declare the predicate symbols to be used and
then specify what predicates can appear on the right hand
S_ides of clauses. The clause generator also omits the crea-
tion of many “refinements” of clauses that have been
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shown to be unsatisfactory. In the example of this section,
the clause generator will produce the following series of
proposed clauses:

member (X,Y) « true

member (X,[X|Z]) « true

member (X,[Y|Z]) « member (X,Z)
member (X,Y) « member (Y,X)

etc.

A dialog for doing this synthesis on the Shapiro system is
as follows:

System: Declare the routine to be synthesized.

USER: member (,).

System: What routines does “member” call?

USER: member

System: The guessed program is {}, the empty pro-
gram.

USER: member (a,[a]) is true.

System: The guessed program is incomplete. Member
(a,la)) is not covered. The revised program is (mem-
ber (X,Y) < true}. (A call has been made to the
clause generator.)

USER: member (a,[b]) is false.

System: The guessed program is incorrect. Member
(a,[b]) is covered and it should not be. The revised
program is { }. The guessed program is incomplete.

Generator for all
possible clauses

Program Get another clause -
incomplete P
A
)/
. > PROLOG - PROLOG
——% . -
Facts Monitor - interpreter program
Drop
Nontermination clause >D
debugging 1
y
Incorrect Drop the offending clause ~db
answer M
V
Throw
away

Figure 14. The Shapiro synthesis algorithm.
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Member (a,[a]) is not covered. The revised program
is {member (X,[X|Z]) < true}. (A second call to the
clause generator has been made.)

USER: member (a,[b,a]) is true.

System: The guessed program is incomplete. Member
(a,[b,al) is not covered. The revised program is
{member (X,|X|Z) < true, member (X,[Y|Z]) <
member (X,Z)}. (A third call to the clause generator
has been made.)

This example is somewhat contrived in order to show
the mechanisms of the system in a short space. However,
on more complicated examples, the system very efficiently
uses the available facts to sort through the generated
clauses until a solution is found.

The overall strategy is thus one of building approxima-
tions to the target program and then debugging them us-
ing facts provided by the user. Three kinds of errors may
occur:

1. The program may compute a result which is unde-
sired, an incorrect answer, as in the above dialog
when the guessed program was able to prove mem-
ber (a,[b]).

2. The program may be unable to compute a desired
answer as was the case above when member (a,[a])
could not be proved.

3. The program may not terminate.

In the first type of error, the debugging mechanisms in
the system simulate the incorrect computation and query
the user and/or the data base of facts to check the correct-
ness of every step in the computation. When a clause is
found that computes an incorrect result from correct
premises, that clause is discarded from the program. Thus
in the above dialog, when the incorrect result member
(a,[b]) was proven, the clause member (X,Y) « true was
shown to be incorrect and was discarded. In the second
type of error, a simulation of the failed computation is
performed to find what predicate p; needed to be proven
which was not proven. Then a call is made to the clause
generator to find a new clause which will yield p; in the
given computation. In the third type of error where non-
termination occurs, the interpreter halts after a prespeci-
fied limit on the computation size has been exceeded. The
processor than looks for an unending loop where the same
computation state is reentered repeatedly, and it may also
query the user concerning violations to a well founded
ordering needed to insure termination. This debugging
procedure leads to the discovery and removal of a clause in
the program.

Shapiro tested this system in a variety of problem do-
mains and compared it with various other program gener-
ation systems in the literature. For example, consider the
problem solved by Biermann’s LISP synthesizer (1978):
Construct a program to find the first elements of lists in a
list of atoms and lists. Thus the target program should be
able to read input [a,[b],c,[d],[e],f] and compute the result
[b,d,e). Shapiro’s system needed 25 facts to solve this prob-

lem and generated the following code after 38 seconds of
computation time.

{heads([ 1,[ }) « true,
heads([[X|Y]|Z], [X|W]) « heads (Z,W),
heads([X|Y],Z) < atom (X), heads (Y,Z)}

Biermann’s system used only the single example given
above and produced a correct regular LISP program after
one half hour of computation.

Tinkham (1990) has developed a related methodology
for PROLOG synthesis. It uses the insight that many tar-
get programs for synthesis resemble other well known
programs, and synthesis need not begin with the empty
program as does the Shapiro system. Tinkham uses a gen-
eralization technique to build a hierarchical tree of pro-
gram schemas. At the bottom are a variety of well known
programs organized in groups with similar structures.
Above each group is a PROLOG schema which is a gener-
alization of all of the members of its group. These schemas
are organized into similarity groups that are generalized
again by more abstract schemas higher in the tree. At the
top of the tree is the most general schema from which all
programs can be derived.

Synthesis proceeds by starting at the lowest level
schema on the tree that is believed to be applicable to the
task. If a schema can be chosen that is very near the
target program, synthesis will be very fast. If the initial
schema is very abstract and far from the target, synthesis
may require substantially more time.

Theoretical Issues in Synthesis From Examples

A program synthesis system is called sound if whenever a
program is generated from a set of examples, it can prop-
erly do all of those examples. The system is called com-
plete for a class C of programs if it can generate all of the
programs in the class. The properties of soundness and
completeness are desirable for a program synthesis algo-
rithm because they guarantee at least a minimal degree of
behavioral acceptability for that algorithm.

An example of a synthesis method that is both sound
and complete is the algorithm that simply enumerates all
the members of a class C until a program is found that
properly executes the given example behaviors. Two re-
strictions on the class C are needed before the algorithm
will work: C must be enumerable, call its members Py, Ps,
Ps, etc., and it must be decidable for each behavior B and
each program P; in C whether P; achieves B. The algo-
rithm can be stated more precisely as shown below:

Algorithm
Input. A finite set S behaviors for the target program.
Output. A program P from class C with the property
that P can execute each B in S.
1. j< 1.
2. while there is B in S such that P; cannot execute
B, increment j.

3. return with result P;.




This algorithm is sound by its very construction. One
can show it is complete on C by considering its behavior in
attempting to synthesize an arbitrary program in C. Sup-
pose Py is the first program in the enumeration Py, P,
P3, . . . that is capable of executing all the behaviors of
the target program. Then one can give the algorithm ran-
domly selected behaviors of Py and observe which P;is
8enerated. If P; is not Pr, the user will detect the problem
either by testing P; or by studying its code. Then more
examples can be given until the enumeration is forced to
find P;. There will always be examples to achieve this,
because Py is, by definition, the first program capable of
all of the target behaviors. So the algorithm is complete.
An interesting pragmatic discovery that has come out of
this research is that very few examples are needed to
achieve synthesis of most programs, even some very large
ones.

Another important characteristic of the enumerative
algorithm, as shown by Gold (1967), is that it is input
optimal in the following sense: If another algorithm is
Proposed for generating programs in class C on the basis
of behaviors, it will not be true that all programs in C will
be generated from fewer behaviors than with the enumer-
ative algorithm.

These results have practical significance because the
flowchart synthesis algorithm of Figure 7 is functionally
€quivalent to the enumerative strategy if it is executed
repeatedly for L = 1,2, 3, . . . until a program is synthe-
sized. This means that the flowchart synthesis method is
sound, complete, and input optimal on the class of all flow-
charts. Furthermore, many of its variations have similar
Properties. For example, the function merging technique
of LISP program synthesis is sound, complete, and input
optimal on the class of regular LISP programs. Thus these
Mmethodologies are not heuristic in the sense that their
abilities to converge to a solution are in any way unpre-
dictable,

) The Summers synthesis method is sound, and a varia-
tion of it has been proved to be complete over a class of
Programs defined by Smith (1977). The Shapiro methodol-
gy is sound and complete over the class of programs that

¢an be constructed with rules from the rule generation
routines.

Historical Remarks

One of the earliest papers on synthesis from examples was
done by Amarel (1962). Later Solomonoff (1964) and Gold
(1967) proposed the grammatical inference problem which
Tesulted in a series of studies on the construction of gram-
mars from their generated strings (Biermann and Feld-
Man, 1982; Angluin, 1978; Blum and Blum, 1975; Feld-
Man, Gips, Horning, and Reder, 1969). In the early 1970s,
Biermann (1972, 1978) and Biermann and Krishnaswamy
(1976) developed strategies for program synthesis from
traces while a number of researchers were beginning to
;’tUdy synthesis procedures for LISP code (Biggerstaff,
8976; Hardy, 1975; Kodratoff and Jouannaud, 1984;

haw, Swartout, and Green, 1975; Summers, 1977). Bier-
Mann and Smith (1979) developed a strategy for hierar-
chlcally decomposing examples and generating LISP code
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using production rules. The synthesis from schemas tech-
nique of Tinkham used ideas from Dershowitz (1983).

PROGRAM SYNTHESIS THROUGH NATURAL
LANGUAGE DIALOGUE

Although the techniques given above provide fundamen-
tal mechanisms for program synthesis, they need to be
embedded in a larger system which can acquire the infor-
mation for synthesis, provide the needed domain and pro-
gramming knowledge, coordinate the various synthesis
processes, and generate an acceptable output. Several of
these large systems were constructed during the 1970s
with very ambitious goals. The systems were to interview
the user in natural language, acquire a model of the com-
putational process to be undertaken, verify its correctness
through further dialog, select data structures for efficient
execution, and code the output in a traditional program-
ming language. The goals of the research were twofold: To
learn the nature of the problems associated with assem-
bling a wide variety of technologies into a single auto-
matic programming system, and to provide an environ-
ment within which these technologies could be further
studied.

System Design

An example of this type of system is the PSI automatic
programmer (Green, 1976) which is organized as shown in
Figure 15. Here the first set of modules handle the acqui-
sition phase of the synthesis when the user is being inter-
viewed and a high level version of the program is being
assembled. The lower portion of the figure shows the cod-
ing phase where efficiency decisions are made and code is
generated.

The acquisition phase begins with a parser-interpreter
which receives natural language input from the user and
constructs a semantic net representation of what the user
has said. The discourse module monitors the input, at-
tempts to discover the user’s intentions, and coordinates
the various system functions to achieve the desired result.
The explainer generates user friendly questions posed by
the system or outputs a description of the program model.
The domain expert builds fragmentary pieces of high level
code for solving parts of the problem and passes them on to
the model builder which assembles fragments into a high
level version of the target program. The trace expert can
interpret illustrative inputs from the user and usefully
supplement other information sources. The coding phase
of the processing can involve considerable revision to the
program model received from the acquisition phase. The
coder and efficiency expert work together to evaluate vari-
ous alternative data structures for the target program,
make choices on representation, and create the final code.

In the following sections, the flavor of each of these
stages is illustrated by an example. However, the descrip-
tions are necessarily approximate and oversimplified and
the original sources should be consulted for more accurate
and detailed information.
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Figure 15. Functional diagram for the PSI system.

Example Dialog

The PSI system is designed to handle dialogs of the follow-
ing kind where we are assuming the user wants a pro-
gram to add a column of numbers.

USER: Please write a program to add up a set of num-
bers.

System: WHAT WOULD YOU LIKE TO CALL THE
PROGRAM?

USER: Sum.

System: WHAT NUMBERS ARE TO BE ADDED UP?

USER: The program should read nonnegative integers
from the user, sum them, and then print the answer.

System: WHEN SHOULD THE PROGRAM STOP
READING?

USER: When a negative number is read.
System: IS THERE ANYTHING ELSE?
USER: The program should work as follows:

Output READ:

Input 7

Output READ:

Input 12

Output READ:

Input -1

Output THE SUM IS 19.

System: Okay, how is this?

PROGRAM SUM (INPUT, OUTPUT);
VAR X, ANS: INTEGER;

BEGIN

ANS:=0;

WRITELN (‘READ?);

READ (X);

User

i i+

Expl Parser _1
xpiainer interpreter
isition
Trace Discourse Domain Acgﬁuasslgo
expert module expert
Model /
builder
Program model l
Efficiency Coding
Coder expert phase

l

Target program

WHILE X >= 0 DO
BEGIN
ANS: = ANS + X;
WRITELN (‘READ?;
READ (X);
END;
WRITELN (THE SUM IS’, ANS)
END.

The Functional Modules: Acquisition

The first module to process user inputs is the parser-inter-
preter (Ginsparg, 1978) which receives incoming sen-
tences, parses them to identify their constituents, and
then builds a meaning representation. The reader should
consult portions of this volume on natural language pro-
cessing to better understand the nature of this problem.
The many issues concerning the analysis of complex sen-
tences, construction of a meaning structure, resolution of
pronominal and elliptical structures, handling of quantifi-
ers and other problems are handled at this level. The out-
put of this stage of processing is a semantic net that as-
sembles as well as possible the individual parts of the
dialogue into a cohesive unit. Figure 16 shows the nature
of the meaning representation that would be constructed
from the example dialogue. The individual sentences each
contribute a few nodes and connections to the total net-
work. As the information arrives, it is properly attached
to the existing structure which gradually evolves toward a
complete representation of the target program. It may not
be possible for the parser-interpreter to complete the at-
tachment of all parts of the description because domain or
programming knowledge may be needed in places, but
most of the primary connections can be made.

The discourse module (Steinberg, 1980) maintains a
sense of progress in the dialogue by attempting to build a
representation of the user’s desires and initiating actions
to satisfy them. It has communications with all acquisi-
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tlog modules and attempts to coordinate activities to
achieve a cohesive interaction. The user may introduce
Concepts that need to be clarified and fit into the total
eme. The system domain expert and model builder may
Tecognize where information is needed to complete por-
tions of the program description, and the discourse module
must formulate queries to the user through the explainer
((_}abriel, 1981) to obtain this information. Thus in the
1alogue above, the system recognizes upon the mention of
& program in the first sentence, that such a program
?hould have a name, a body of code, and other related
Information. This causes it, for example, to formulate and
Teturn the next query. If the system finds all its internally
generated questions answered, it may then pass control
ack to the user as is illustrated above in the last system
flll_e.ry;'“ls there anything else?” This is called a mixed
1mtliftlve dialogue where one party introduces an issue
at is resolved in subsequent interaction, then the other
F:Iztﬁ’ mentions a point that requires discussion, and so
ver’f.h e domain expert (Phillips, 1977) has the task of con-
cod Ing the semantic net class of information (Fig. 16) into
€ fragments written in a very high level language.
US a generic input routine of the following form might

uierité'ieved to handle the read function called for in Fig-

S«0
input (x)
while x is valid data

S« SU{x}
input x

A . . . . . )
nd g genex'-lc collection routine might be instantiated to
€ required summing operation.

integer l . . .
r 9 Figure 16. Representation of dialogue meaning structure.

ans < 0
while more data
retrieve y
ans < ans +y

Finally, high level codes would be produced for the print
routine,

output (2)

and all of these code fragments would be transferred to the
model builder for assembly of the high level program.
Thus the domain expert instantiates somewhat vague in-
formation from the earlier stages in concrete though
rather high level code. It fills in some information where
domain knowledge is needed but certain connections be-
tween the fragments are still not made.

The trace expert (Phillips, 1977) is designed to receive
example input-output pairs for the target program, traces
of snapshots of the program’s behavior, or high level
traces expressed in natural language. This expert gener-
ates a sequence of state—characterizing schemata which
are then used in the creation of code fragments for the
model builder. In the example dialogue, two effects result
from the given trace. First, it is noted that the user wants
the target program to output a read prompt before each
input so this code must be merged into the given code
segment.

S«0

output (‘(READ?’)

input (x)

while x is valid data
S« SuU{x}
output (READ.)
input (x)
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Second, the trace gives the system a way of checking its
generated program for acceptability.

The model builder (McCune, 1977) receives fragments
from the other processes and attempts to assemble a high
level version of the target program. This assembly may
involve very complex processing including the compila-
tion of all the information units and control structures
needed and their proper coordination. The model builder,
besides receiving information, can return information to
the earlier stages regarding the portion of the code cur-
rently being discussed and thus provide possible referents
for unresolved incoming noun phrases. In the current ex-
ample, the processor must collect the above three code
segments and coordinate them by noting the set being
read in the first segment is identical to that being added in
the second. Also, the correct data object must be printed at
the end.

*read*
S<0
output (READ?")
input (x)
whilex =0
S« SuU{x}
output (READ?)
input (x)
*sum*
ans < 0
while not empty S
y < remove from (S)
ans «—ans +y
*print*
output (ans)

The program model is then sent to the coding phase for
the creation of efficient machine code.

The Functional Modules: Coding

The coding module (Barstow, 1979) contains a large
amount of detailed programming knowledge in the form of
production rules. These rules are capable of proposing
wide variations in the form of the data structures and the
code. At selected points in the generation process, possible
alternatives are created and handed to the efficiency ex-
pert (Kant, 1977) for evaluation. The efficiency expert has
tools similar to those of a human being for making
choices: analysis of algorithms techniques, general knowl-
edge, and simulation. The system uses probabilistic infor-
mation about data and the costs of machine operations to
compute space-time cost functions for various alternatives
and passes results back to the coder. Thus through a pro-
cess of generating alternatives, evaluation, and move-
ment down the search tree, the production rule system
refines the program model into machine executable form.
The general organization of the coding module follows
the tradition of expert system technology. It receives the
program model from the acquisition phase and has several
hundred production rules for modifying this model and
converting it one step at a time to concrete code.

Program model
Y
Partially refined description
W

U
Target program

Many possible rules may be applicable at a given stage
in the development. For example, if a set of objects is
represented in the program model, the coder must make a
decision concerning how the set is to be represented in the
target programming language. Production rules will be
available to select specific representations such as arrays,
linked lists, bit maps, and so forth. An agenda orders the
tasks to be addressed in the coding process and guides the
selection of the rule to be tried next. Evaluation of each
new partially refined program description is done using
heuristic methods and calls to the efficiency expert. The
more attractive paths in the sequential search for an ac-
ceptable program are moved toward the top of the agenda
for continued expansion and refinement.

The steps that the coding phase might follow in com-
pleting the example of this section will be described next.
The production rules given here are not actually taken
from the system but give a feeling for how it works.

The system might have a production rule for combining
loops that scan the same set.

If two separate loops increment through the same set and
their code segments have independent effects, then they can
be combined into a single loop.

Following the style of the original author, the rules will be
given here in English rather than in a detailed notational
form. The result of this rule applied to the two loops in the
program model for reading and summing would be the
following:

S« 0

output (‘READ?)

input (x)

ans < 0

whilex =0
S<SuU{x}
y <« remove from (S)
ans <—ans +y
output (READ:")
input (x)

print (ans)

At this point, the system could notice the redundancy
of the S data structure and employ the following rule to
delete it:

If a single data structure is loaded and then emptied with-
out any intermediate references, it can be removed.




output (READ:")

input (x)

ans < 0

while x = 0
ans < ans + x
output (‘(READ?)
input (x)

print (ans)

Finally, a long series of rules is needed to actually create
the executable code. The initialization lines, declarations,
and all other special syntax must be properly assembled to
achieve the target code.

PROGRAM SUM (INPUT, OUTPUT);
VAR X, ANS: INTEGER;

BEGIN

ANS:=(;

WRITELN (‘READ:;
READ (X);

WHILE X >= 0 DO

BEGIN
ANS: = ANS + X;
WRITELN (‘READ?")
READ (X);
END;
WRITELN (‘THE SUM IS, ANS);
END.

The Implementation

The PSI system was completed in the mid 1970s and is
¢apable of constructing programs of several types includ-
Ing some concept formation programs and some numerical
Programs. A number of example dialogues have been pub-
lished (Green, 1976) including interactions of up to about

fifty sentences which result in several dozen lines of LISP

code,

Historical Remarks

I‘¥e1dol‘n (1974) built the first and one of the most impres-
SIve natural language automatic programming systems,
PQ, which was aimed at the solution of operations re-
Search queuing problems. The system translated incom-
1“8. Sentences into a semantic network problem represen-
ation which then could be translated back to the user in
pf“'aphrase for verification. Then the network was com-
Piled into the GPSS simulation language and run on con-
Vent.ional software.
S}lnultaneously with the Green project (1976), a syn-
ESizer called SAFE was built by Balzer and co-workers
o 78, 1978) which emphasized the automatic acquisition
infoOmaln knqwledge and the creation of software from
s Tma] OSpeclﬁcations. Also Martin and co-workers
974) built a system which placed heavy emphasis on
18 ‘quality processing of natural language.
oret lerma‘r‘m and Ballard (1980) constructed an inter-
eng er for “natural language programs” which was robust
min“gh to be used by college students in solving program-
an € Problems (Biermann and co-workers, 1983; Geist
Co-workers, 1982).
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PROGRAM CONSTRUCTION USING A
MECHANIZED ASSISTANT

More recently researchers have been examining the role
that artificial intelligence can play in industrial program-
ming environments where large software systems are
specified, coded, evaluated, and maintained. Here the
whole life cycle of the software system is under consider-
ation: The client and the professional systems analyst dis-
cuss informally a proposed software product. Then more
formal specifications are derived, performance estimates
are made, and a model of the system evolves. Many times
specifications are modified or redefined as analysis pro-
ceeds. The next phase is the actual construction, documen-
tation, and testing of the product. After release into the
user environment, the system may be debugged and
changed or improved on a regular basis over a period of
years.

A developing idea in some current automatic program-
ming projects (Rich and Shrobe, 1978; Balzer and co-work-
ers, 1983) envisions a mechanized programmer’s assistant
that would intelligently support all of the above activities.
It would provide a programming environment for the user
capable of receiving many kinds of information from pro-
grammers including formal and informal specifications,
possibly natural language assertions regarding goals, mo-
tivations, and justifications, and code segments. It would
assist the programmer in debugging these inputs and
properly fitting them into the context of the programming
project. It would be knowledge based and thus capable of
fully understanding all of the above inputs. It would pro-
vide library facilities for presenting the programmer with
standardized program modules or with information con-
cerning the current project. It would be able to generate
code from specifications, program segments, and other in-
formation available from the programmer and other
sources. It would be able to understand program documen-
tation within the code and to generate documentation
where necessary. Finally, it would maintain historical
notes related to what was done, by whom, when, and most
importantly why. All of these functions are envisioned as
operating strictly in a supportive role for human program-
mers who are expected to carry on most high level tasks.

Thus, the concept of the automatic programmer’s as-
sistant places the human programmer in the primary po-
sition of specifying the program and guiding progress to-
wards successful implementation and maintenance. The
task of the assistant is to maximally utilize available
technologies to automate as many lower level functions as
possible.

This view emphasizes the decomposition of the pro-
gramming task into two stages (Fig. 17), systems analysis
and programming. The first stage involves the develop-
ment of formal specifications and deals primarily with
what performance is required; the latter includes the de-
composition of the task into an appropriate hierarchy of
subparts, the selection of data structures, and the coding
and documentation of the product. The former is assumed
to be the appropriate domain for considerable human in-
volvement whereas the latter is expected to be more ame-
nable to automation.
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informal specification —

system analysis human labor
intensive
formal specification -
ogrammi
programming heavily
O automated

program product —

Figure 17. Stages in program construction.

All of this has implications for the program life cycle.
The initial programming effort involves the human-ma-
chine team in developing the specification-system analy-
sis followed by a largely automated generation of the pro-
gramming product. Later stages in the program life cycle
may involve revised specifications and improved ap-
proaches for doing the computation. These are imple-
mented by replaying the complete construction process.
Revisions are made to the informal specifications and
these become reflected in the formal specifications. Then
the automatic generation can be replayed possibly with
revised decisions to account for the updated requirements.

The Programmer’s Assistant

In order to begin implementing such an assistant, it is
necessary to have appropriate languages to handle the
many kinds of information that appear in this application.
One approach is to introduce the concept of a wide-spec-
trum language that can be used at all levels of implemen-
tation from the specification of requirements to high-level
coding of the actual target program. An example of such a
language is REFINE (Smith and Westfold, 1987), which
has as primitives sets, mappings, relations, predicates,
enumerations, state transformation sequences, and other
constructions.

Another approach (Rich and Waters, 1988) is based pri-
marily on the concept of plans for programs that contain
the essential data and control flow but exclude program-
ming language details. An example of a plan appears in
Figure 18, where the computation of absolute value is
represented. The advantages of such plans are that be-
cause they locally contain essential information, they can
be glued together arbitrarily without global repercus-
sions. A complete plan will include both the graphical
representation shown here and predicate calculus specifi-
cations on the plan behaviors. Commonly used plans,
called cliches, can be stored in a library and can provide
the building blocks for the assembly of large plans.

This approach uses code and plans as parallel represen-
tations for the program and allows the user to deal easily

Data Control

[ Test negative ]

r Invert sign

| ———

Y
[ Output |

Data Control

Figure 18. Example plan for computing absolute value showing
both flow of data and flow of control.

with either one. If the user chooses to work in the plan
domain, each action in creating or modifying a given plan
results in appropriate updates in the code domain. The
coder module translates the current version of the plan
into code. If the user wishes to work with the code, the
analyzer appropriately revises the associated plan.

The methodology utilizes plan transformations, called
overlays, to do reasoning with plans. An example of an
overlay appears in Figure 19 where the relationships be-
tween two plans are given as described in (Rich and Wa-
ters, 1988): the left side represents a plan for adding to an
indexed sequence by incrementing an index and entering
a data item; the right side represents a plan for pushing a
data item on a stack. The overlay specifies the relation-

initial indexed sequence

initial
Nst data

A 4
data increment
push
’ ‘
enter data at
position index final
list

Go> > |

final indexed sequence

Adding to an indexed sequence. Adding to a stack.

Figure 19. A plan transformation (or overlay).




ship between the two operations and allows a plan formu-
lated in one paradigm to be revised to handle the other.
The transformation can be used in either direction.

A knowledge-based editor KBEmacs has been devel-
oped (Waters, 1985) to create and manipulate plans and
their associated code. It includes a layered reasoning sys-
tem that works at the plan calculus level as well as at
algebraic and predicate calculus levels. It has been dem-
Onstrated by creating a 54 line report generator program
for a repair application in Ada from a five line specifica-
tion as follows:

Define a simple_report procedure UNIT_REPAIR_
REPORT.

Fill the enumerator with a chain_enumeration of
UNITS and REPAIRS.

Fill the main_file_key with a query_user_for_key of
UNITS.

Fill the title with (“Report of Repairs on Unit” & UNIT
KEY).

Remove the summary.

T}_le system in this example contained an elaborate report
cliche and substantial information related reporting the
re}_)air problem. The details of the generation appear in
(Rich and Waters, 1988).

Automatically Generating Search Programs

Many of the ideas introduced here are illustrated in the
KIDS system described by Smith (1990). This system uti-
1zes algorithm theories which correspond to the plans of

ich and Waterman; they are stereotypic programming
Structures with associated input-output specifications. In-
cluded in the system is a reasoning mechanism that is
Used to instantiate such code structures with the appropri-
ate details for the user’s current problem. First, an ineffi-
Clent prototype of the target program is created. Then it is
refined repeatedly to improve its efficiency and quality
until the final program is produced.

Although the approach is general, Smith has concen-
trated his efforts on the automatic creation of search pro-
grams (Smith, 1990) and divide-and-conquer programs
Smith, 1987). The approach will be illustrated here with

€ semi—-automatic creation of a binary search routine.

he synthesis will go through these steps:

Specification of the problem.
Selection of a theory from a library.
Specialization of the theory to the current problem.

Instantiation of the theory into a first draft pro-
gram.

Refinement of the draft program.
6. Compilation into object code.

- L

o

Suppose the problem is to create a program to search a
Sorted array for a given key and to return the index of the
ltem when it is found. Step 1 of the process is to specify the
Problem in the KIDS language.
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Fg: Ord Search

Dp: {h, A, key) |lhE Nat A1 =<h
N A € map ({1..h}, Nat) A
Ordered (A) N\ key € Nat}

Rg: {index | index € Nat}
Or: Mh, A, key), index. A(index)=key /\ index €
{1..h}

Thus the program is to have name “OrdSearch” and it is to
accept three inputs 4, A, and key as specified. A is a sorted
array of size 4 and key is a natural number. The output as
specified by Rr is to be a natural number and the relation
Or between the input (h, A, key) and output index is that
A(index) = key where index is in {I..h}. (The lambda nota-
tion A specifies arguments followed by a period followed by
the relationship.)

Step 2 is to select a theory for the computation and
Smith has developed seven choices which cover most of
the well known searching paradigms. For example, his
system can semi—automatically create programs to solve
k-queens, traveling salesman, 0-1 integer linear pro-
gramming, propositional satisfiability, hamiltonian cir-
cuit, knapsack, topological sort, and long lists of other
search programs. In the current example, a reasonable
choice is to use the binary-split-of-integer-subrange the-
ory as given here:

Fg: gs_binary_split_of_integer_subrange

Dg: {(m,n) | m € integer /\ n € integer /\ m=n}
Rg: {k | k € integer}

Og: Mm,n), k. k € {m..n}

R: Nm,n). {(i,j) | i € integer /\ j € integer

N\ m=i<j=n}

Satisfies: Ak, (i,j). i=k=<j
fy Am,n) . {m,n)
Split: M), (@, J0-
<j N, j)=@,+)) div 2)
V(7 =(1+ (+)) div 2,5)
Extract: A&, (i,7). i=] \ k=i

In words, this theory has the name gs_binary_split_
of_integer_subrange and it receives a pair of integers
(m,n) as input. The output is an integer & where k& must be
in the interval {m..n} R specifies the set of objects to be
searched, the set of intervals (i,j). An integer k will satisfy
an interval (i,j) if i=k<j. The initial interval in the search
1": will be (m,n) which is the whole interval. The method of
search will be to repeatedly split the current interval us-
ing the rule given: (i,j) is split into {i,(i+j) div 2) and (1 +
(i+j) div 2, j). A solution will be extracted when interval
(i,j) is reached where i=j. The solution will be k=i. This
theory of search is applicable to such problems as integer
square root, maximum of a unimodal function, and binary
search of a sorted array. The latter problem is the one
being addressed here.

The third step of the process is largely done automati-
cally. The theory given above is to be specialized to solve
the specific problem at hand. The method is to prove the
following theorem which has the side effect of producing a
unifier 6. This unifier provides the substitution needed to
produce the specialized theory.
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Vx€ Dr Iye D¢ VzE RF[OF(X,Z):>OG(y,Z)]

This theorem is instantiated in the current problem as
follows:

vxe {(h,A,key) | (see Dr above)}

3ye {(m,n) | (see D¢ above)}

Vz€E {(index | (see Ry above)}

[{index | index € Nat} is a subset of {k | k£ € integer} and
(A(index) = key /\ index € {l..h}) > k € {m..n}]

The proof of this theorem yields the unifier 6: n < h, m «
1, k < index. Making these substitutions into the general
binary search theory yields a search theory for sorted lin-
ear arrays.

The fourth step of the procedure utilizes a synthesis
theorem that gives a generalized program to compute the
search. Smith has proved a number of such theorems and
the one needed here says that the program to input x as
specified in D and compute z meeting the requirement
Or(x,2) is given here:

function F(x: Dg) : set (Rp)
returns {z | Or(x, 2)}
= F-gs(x,f,(x))
function F_gs (x:Dp, t: R) : set (Rf)

returns {z | Satisfies (z, #) N\ Or(x, 2)}
= {z | Extract (z, #) /\ Op(x, 2)} U
{F_gs(x, s) | Split (x, #, )}

Making the correct substitutions from above, the program
becomes:

function

OrdSearch (h:Nat,A:map({1..h},Nat), key:Nat): set (Nat)
returns {index | A(index) = key /\ index € {1..h}}
=O0rdSearch_gs (h,A,key,1,h)

function

OrdSearch._gs(h:Nat,A:map({1...h},Nat),
key : Nat, i : Nat, j : Nat) : set (Nat)
returns {index | A(index) = key /\ index € {i.j}}
= {index | i=j A\ index = i /\ Alindex) = key}
U {index | i<j A (i',j') = (i, G+)) div 2) A
index € OrdSearch_gs(h,A,key,i’,j")}
U{index | i<j A (i',j') = (1+G+)) div 25) A
index € OrdSearch_gs(h,A,key, i',j')}

This is a draft of the target program. It receives the
specified input, executes the binary split strategy of
search, and returns the correct answer. It has a shortcom-
ing, however; it searches the complete list requiring an
examination of every entry in A. There is a major im-
provement possible because A is sorted, and this leads to
step 5 of the process, refinement of the program.

The primary efficiency improving technique for search
programs is the deletion of fruitless subsearches. In most
search problems, there are many subspaces that probably
have no solutions, and tests must be inserted into the

program to prevent useless excursions. One such strategy
is the derivation of a formula ®(x, #) such that

Vx€ Dp Vi€ R Vz€ Ry [Satisfies(z,f) N\ O(x,2) > ®(x,1)]

The formula ®(x,#) provides a necessary condition for sub-
space f to contain a solution. If it fails to hold, the sub-
space can be discarded as a possible place for problem
solutions.

In the current problem, the program OrdSearch_gs re-
turns {index | A(index) = key /\ index € {i,j}}. An addi-
tional and previously unused fact in this problem is that A
is sorted:

l=i=sj=h=>A0 =< A())
These two facts combine to yield

A@) = A(index) = A())
or AQ) < key = A(j)

The insertion of this guard into every entrance to a new
subspace results in the pruning of a large fraction of the
tree. It has changed the computation time from order n to
order logsn.

function

OrdSearch (h:Nat,A:map({1..h},Nat),key:Nat): set(Nat)
returns {index | A(index)=key N\ index € {l..h}}
=0rdSearch_gs (h,A,key,1,h)

function

OrdSearch_gs(h:Nat,A:map({1..h},Nat),key:Nat,i:Nat,
:Nat): set (Nat)
returns {index | A(index) = key /\ index € {i.j}}
= {index | i=j /\ index=i /\ A(index)=key}
U {index | i<j A (i',j") = (i, (i+j)div 2)
NAG) <key<A(j')
N index € OrdSearch_gs (h,A,key,i’,j')}
Ufindex | i<j N (i',j")=(1+(i+j)div 2,j)
N AQ) <key=A(j')
A index € OrdSearch_gs(h,A,key,i’,j')}

The KIDS system is capable of finding many other opti-
mizations in this program, with some interactions from
the user. For example, one can simplify expressions and
pull out common subexpressions. The derivation outlined
here is given in substantially more detail in Smith (1987).
One interesting speedup that can be made in some pro-
grams is called finite differencing. Sometimes an expres-
sion that is computed on each cycle through a loop can be
eliminated by saving its results from the previous cycle. If
the new value of the expression can be computed by updat-
ing its results from the previous cycle, a complete reevalu-
ation of the expression is not necessary.

The product of this processing is a REFINE program
(Smith and Westfold, 1987, Smith and co-workers, 1985)
that is then compiled into LISP and is executable. Addi-
tional examples of the system’s capabilities are described
in Smith (1987). Many such derivations required about an
hour or less of the user’s time, and this may be faster than




traditional methods of programming. An interesting deri-
vation of a k-queens program appears in Smith (1990).
The initial unoptimized global search program in this case
required approximately one hour to enumerate the 92 so-
lutions of the 8-queens problem. The optimized version
could enumerate them in less than one second.

Other Work

Lubars and Harandi (1987) have built a knowledge-based
System aimed at specification and design. Neighbors
(1984) has defined two expert roles, the domain analyst
and the domain designer, and attempted to code their
knowledge so that new domains can be easily imple-
mented from knowledge derived from earlier ones. Kelly
a'nd Nonnenmann (1987) have built a specification acquis-
tion system for the creation of telephone switching soft-
Wware. McCartney (1987) has developed a synthesis system
aimed at special problems in computational geometry.
Kant (1985), Kant and Newell (1984), and Steier (1989)

ave studied humans in the process of algorithm design
and attempted to emulate the process they observed on
the Soar system. Bates and Constable (1985) have built a
Program development system that emphasizes logical
Specification of the target behavior and manipulation of
the proof to derive a program. A survey of many of these
Projects appears in Lowry and Duran (1989).

CONCLUSION

Automatic programming is the process of mechanically
assembling fragmentary information about target behav-
10rs into machine executable code for achieving those be-

aviors. This article has described the four main ap-
Proaches to the field followed by researchers in recent
years. The field is still very much in its infancy but al-
ready many useful discoveries have been made. Because
of its tremendous importance, it is clear automatic pro-
8ramming will be a research area central to artificial in-
telligence in the years to come.

Additional overviews of the subject are found in Balzer
(1985), Barr and Feigenbaum (1982), Biermann (1976,
198_5), Biermann and co-workers (1984), Goldberg (1986),
g;‘sdg)m (1976), Partridge (1989), and Rich and Waters
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