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ABSTRACT

This short report describes progress on the Morph Adaptive Pattern-Oriented
chess system over the last four years and describes ongoing work on Morph II,
a domain-independent machine learning system and problem-solver. Morph II, is
a direct generalization of the original Morph model and incorporates significant
improvements to all aspects of the original system.

The Universal Agent (Morph II) falls directly within the hierarchical reinforce-
ment learning paradigm that has been gaining popularity in the last few years, but
goes beyond: in this learning model, the system is responsible for abstracting its own
features and patterns, developing its own learning modules, and employing trans-
formations on the representations used. In essence the system is learning neurally
(through weight propagation), genetically (through pattern evolution) and symboli-
cally (through its own abstractions). Still, the system maintains uniformity, in that
each module at any level of the hierarchy is an instantiation of the same learning
strategy.

This report describes the motivations and philosophy behind Morphll, outlines
current and future performance objectives, and discusses the potential impact of
this new technology.

Keywords: artificial intelligence, mathematics, machine learning, neural networks,
genetic algorithms, reinforcement learning, computer chess, problem-solving, tile
puzzles, pattern discovery, representation change, heuristic search, games, function
learning, RETE.
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1 PROJECT SUMMARY

Artificial Intelligence research is in need of a unifying paradigm for general problem
solving that is practical, theoretically sound, and intellectually sensible. In particular, this
paradigm should unify the strengths and methods of currently factionalized schools in Al
To be of most use to the field, the paradigm should be implemented in publicly available
software and placed in rigorous competition, theoretically and experimentally, with existing
methods on a wide class of search and planning problems.

This project involves the exploration of such a paradigm through the development of
a universal problem-solving module known as a Universal Agent. The Universal Agent is
built up from first principles for effective information storage, retrieval, machine learning
and heuristic search. In pursuing this unifying framework, a generalization of single-
agent and multi-agent state-space search domains as special cases of a “Game of Abstract
Mathematical Relations” has been developed.

The Universal Agent differs markedly from other universal problem solvers such as
Soar, in that it does not divide domains into “problems” and “methods” and require a
“toolkit” of human supplied heuristics and algorithms. The Universal Agent is a more
fundamental approach in which each domain is viewed as a variation of the Game of
Abstract Mathematical Relations and relies on mathematical and statistical techniques for
discovering and exploiting the inherent structure of these domains. As far as possible, human
intervention has been limited to a simple mathematical description of a given domain.

The Universal Agent falls directly within the hierarchical reinforcement learning paradigm
that has been gaining popularity in the last few years, but goes beyond: in this learning
model, the system is responsible for abstracting its own features and patterns, developing
its own learning modules, and employing transformations on the representations used. In
essence the system is learning neurally (through weight propagation), genetically (through
pattern evolution) and symbolically (through its own abstractions). Still, the system main-
tains uniformity, in that each module at any level of the hierarchy is an instantiation of the
same learning strategy.

The Universal Agent is a generalization of the Adaptive-Predictive Search model em-
ployed by the Morph Chess system in the previous project period. In this period the
primary objective is to demonstrate the power of the Universal Agent (also called Morphll)
by reaching Chess Master strength given just the rules of chess and by achieving reasonable
strength, after training, across a whole class of state-space search problems.

The previous Morph system, starting with little domain knowledge, is able to defeat
human novices while searching just 1-ply. Because of a large number of optimization
breakthroughs achieved in the previous funding period, the pattern-matching and game
monitoring facilities now allow Morphll to search nearly as deep as existing software-based
chess programs. Now that the system is up to comparable speed (without losing generality)
the fundamental hypothesis that pattern-matching, representational change and experience
can effectively replace and enhance brute-force and selective search can be verified and
demonstrated.

The increased speed is one significant improvement in Morphll, equally significant are
the following improvements to the learning system:

e The system is domain-independent.

o All domains are viewed in terms of mathematical relations and transformations over
mathematical structures.
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e A pattern or feature language is no longer supplied but is instead derived from the rules
and evolved using a small set of domain-independent mathematical representations
and transformations known by the system.

e No limit to the complexity of patterns and analogies formed by the system. Patterns
that have been discovered may be used as abstractions in higher order patterns.

e The weight combination function for state evaluation is no longer supplied but is
instead derived by the system.

e Learning system is parameterless. No constants or learning rate parameters are
supplied. All such constants used by the system are dynamically adjusted based
on experience.

e Because of the speed enhancement, traditional search strategies may be explored
as well as cognitively inspired and decision-theoretic models that exploit patterns,
probabilities and learning.

The project is designed to explore the Universal Agent along three main lines of inquiry:
Inquiry 1 studies the extension of Morph to be fully domain-independent based on a view
of chess as an instance of the “Game of Abstract Mathematical Relations” and graph
patterns as special cases of relations. Inquiry 2 involves the development of a “rule analysis”
mechanism that attempts to exploit the graph theoretic structure of a given domain to
develop an heuristic problem-solving strategy for that domain. Inquiry 3 involves viewing
the Morphll learning mechanism as an algorithm for general function learning.

2 Results of Prior Project Stages

The first project explored Adaptive-Predictive Search (APS). This is a method by
which search systems can improve through experience. In APS, knowledge is stored as
pattern-weight pairs (pws), where patterns, represented by conceptual graphs, are boolean
predicates over states and weights are estimates of the expected distance of states satisfying
the pattern from a goal state. Starting from a virtually empty database, pws are learned
from search experiences using a combination of learning techniques: temporal-difference
learning, weight updating, and pattern creation/deletion. Patterns are stored in a partially-
ordered hierarchy by more-general-than to facilitate efficient associative recall. Fach state’s
evaluation is formed as a function of the weights of the most specific stored patterns that
apply to that state. Ideally, an APS system should converge to a database such that
simply by moving from the current state to the most promising unexplored adjacent state
good solutions can be obtained (without further lookahead). In practice, APS systems
couple with a “guided” search based on previous experience. In addition to weights, other
statistics such as “number of uses” or variance may be stored with patterns to be used in
determining their importance and whether they should be maintained by the system. APS
systems are similar to genetic classifier systems, except that structural patterns are used,
no fitness function is available (beyond the outcome of a given search), and the pattern
representation and creation mechanisms exploit domain-dependent symbolic knowledge.

Morph, currently under study, is an adaptive pattern-oriented chess system based on
the APS model. It has been identified as an integrated learning system that builds on
recent machine learning developments in neural networks, genetic algorithms, and pattern-
based learning. The integration of these diverse methods is one of this project’s important
research contributions. We have constrained Morph in various ways (e.g., a limit to 1-ply
search) to build a system that is more consistent with cognitive models of human chess
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performance. We have obtained a set of games from a young chessmaster that is helping us
to further understand human chess performance and development. Morph’s syntactic form
of computation is substantially different from other Al “knowledge- oriented” approaches
that have been applied to chess and other domains. Differences include:

e use of a uniform representation of search knowledge,

e rejection of learning-by-example for a cognitively-inspired experiential framework,
e responsibility for feature discovery given to the system, and

e low reliance on search.

Additionally, APS can be viewed as the learning of a “semantic distance function”
where the semantics are due to the reinforcement the system receives and are expressed
in terms of pattern-weight invariance classes. Given our consistent progress on all fronts
we are confident that Morph will meet or exceed our objective of its development into an
above-average tournament player by the end of the 3-year funding period.

The APS model is an integrated framework and project model used in teaching concepts
of search, learning, and representation in our undergraduate and graduate level Artificial
Intelligence and Knowledge Engineering courses at UC-Santa Cruz. Students are asked
to build APS systems for a state-space search problem of their choice; numerous game
domains have been implemented. Nearly all students find this to be a worthwhile experience,
especially with regard to learning the trade-offs between representational complexity and
search. The paper “Adaptive-Predictive Game-Playing Programs” is a tangible result of
these efforts [27]. Recently, students have been required to write programs for “uninformed
MetaGame,” a universe in which the system has no a priori knowledge of the rules or
objective of the game.

Three exciting and unforeseen developments took place in the first year or so of the
second project. First was the development of strongly optimized methods for the associa-
tive retrieval of semantic networks (SNs). These methods (significant extensions to earlier
work [23]) were published in the paper “Pattern Associativity and the Retrieval of Se-
mantic Networks” [24], and have been enhanced and verified since. These methods allow
APS-like associative pattern retrieval to require graph matching on only a small fraction
of the database. This is achieved through exploitation of redundancy and bit encoding
schemes for partially-ordered data and it not dependent on a graph-oriented view of the
data. Second is the founding of a worldwide collaborative effort of more than 80 researchers
to develop “PEIRCE: A Conceptual Graphs Workbench” founded on John Sowa’s Con-
ceptual Graph Theory [7, 9]. The associative pattern retrieval schemes and APS learning
mechanisms are to be at the core of this architecture. Subgroups exist for natural language
processing, systems modeling, vision, medicine, computer graphics, hardware, database,
and learning. Third is the joining of this Al work with the MISC hardware development
in our Computer Engineering department. MISC can support in hardware the semantic
network operations required by PEIRCE and the pattern-matching operations required by
the associative database. Both APS and PEIRCE are expected to be widely applicable
across Al applications.

In the second year, the project went through a conceptual reorganization, resulting in an
implemented software system known as MORPH II. Encouraged by Morph I’s defeating of
human chess novices, we felt our primary hypothesis that experience plus sensitivity to
graph-isomorphism can replace search given the proper sensors and abstractions
had been verified to a significant degree. To prepare the way for what we hope will be
a significant advance (compared to many previous Al efforts) we developed a view of chess
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and search problems as games of transformations of abstract mathematical relations. Now
with firm mathematical foundations (in group theory, abstract algebra and graph theory)
we are directly confronting the structure of the “problems themselves” in the development
of a domain-independent reinforcement learning mechanism that exploits knowledge of a
graph-theoretic definition of a domain and resulting abstractions in the learning process.
We are also working on complementary projects that attempt to construct heuristics from
the mathematics of the operator definitions and their interactions and also “blind learning”
systems that learn without knowledge of the rules (as in Metagame) - but which attempt
to exploit as far as possible an “assumption of regularity”. The Morphl software has been
publicly available at our ftp site throughout the life of our project. The Morphll software
will be made publicly available as part of the PEIRCE conceptual graphs workbench and
can support general research in heuristic search, neural networks and machine learning in
addition to incorporating our methods.

In the third year we have enhanced Morphll by designing an algorithm that compiles
the rules of any search problem into a RETE-like network that allows the problem to be
monitored and patterns to be matched incrementally (as opposed to starting fresh with each
position). This is followed by a conversion of relational tables to bit matrices that allow the
system to exploit the logical instruction set of the machine and also provide the potential
of viewing state-space search in terms of linear algebra and similar mathematical models.
With processing times 10-100 times faster than before, we feel that we are now in an ideal
position to demonstrate the computational viability of our pattern-matching approach to
the goals of Al and robotics.

Many publications have been completed since the beginning of the project on the topics
mentioned above: hierarchical pattern retrieval [8, 31, 24, 28], PEIRCE [7, 9, 37, 46], pws
[35, 26], APS [27, 14, 32, 15], games and mathematical abstraction[10, 34, 25, 31, 56], and
experience and creativity [29, 33, 60].

3  Summary of Present and Future Plans

3.1 Motivations

Thirty years ago, GPS was proposed as a model for “General Problem Solving”. The
promise of the syntactic approach espoused soon met with the hard realities of combinato-
rially explosive search spaces. Since that time it has been believed that the main technique
used, “means-ends analysis” (and similar problem-solving algorithms) must be coupled with
large amounts of domain-specific knowledge and heuristics. We differ with this assessment
and the influence it has had on AI: First, the supplying of domain-specific knowledge by
humans, while certainly practical, does not directly confront a number of critical scientific
issues in achieving intelligence in computation. Second, two other methods for acquir-
ing domain knowledge are possible: a. Experiential/reinforcement learning. Such
an approach has been popular in recent years [59]. b. Heuristic construction through
analysis of the structure of the problem domain itself. This method has been largely
ignored. In fact, many of the efforts in Al can be viewed as consciously or unconsciously
avoiding consideration of the mathematics of the problem domain.

Webster defines mathematics as follows:

math.e.mat.ics math-*-"mat-iks n pl but sing in constr 1: the
science of numbers and their operations, interrelations, combinations,



3. Summary of Present and Future Plans 5

generalizations, and abstractions and of space configurations and their

structure, measurement, transformations, and generalizations
Is this not the ideal tool to apply to the study of problem spaces? Further, what we call
machine learning should move to a model where mathematics can operate directly on math-
ematics. That is, we propose that the secret to unlocking the power of computation is to
get mathematics to develop and operate on itself. Lenat’s AM “automated mathemati-
cian” [21] can be viewed as a serious and exciting attempt to get the machine to behave
as a mathematician by supplying heuristics, constructs and discovery algorithms similar
to those employed by mathematicians. It was, however, admitted that much of AM and
Eurisko’s [20] success was dependent on the applicability of Lisp-like representation to the
domain under study [22]. A similar complaint could be made of the original Morph sys-
tem: its human-supplied graph representation is ideally suited for chess. With Morphll we
are going deeper than this. We are attempting to get at the root of the development of
mathematical structures s so that the machine, by producing and discovering mathematical
constructions through a universally applicable algorithm, can evolve the representations
essential to succeed in a given domain.

3.2 Work Plan

Specifically, in this project we are extending our previous work on adaptive pattern-
oriented search in three main directions, each designed to give the machine more of the
power of mathematics: Inquiry 1 involves extending the Morph chess system to be fully
domain-independent by viewing chess as an instance of a “Game of Abstract Mathematical
Relations” and graph patterns as special cases of relations. Inquiry 2 involves the develop-
ment of a “rule analysis” mechanism that attempts to exploit the graph theoretic structure
of a given domain to develop an heuristic problem-solving strategy for that domain. Inquiry
3 involves viewing the APS mechanism as an algorithm for general function learning based
on the progressive discovery of relations and analogies. This progressive development is
based on an “Assumption of Regular Mathematical Structure” akin to Occam’s Razor or
the minimum description length principle but allowing for higher level constructs in the
representation. By taking this view we are trying to address the representational trans-
formation problems that plague most machine learning algorithms. Fach inquiry will be
pursued through a balance of theoretical analysis and empirical studies.

3.3 Performance Objectives for MorphlIl

We have met or will soon meet our early performance objectives stated in the These
objectives included the following and similar variants:

e That the system learns to play good fundamental chess (Class B or C) through
training, starting from only a small amount of supplied chess knowledge.

e That the system is able, by playing an opponent that is better than it to develop to
a point in which it can defeat that opponent.

Now we are in position to set our goals much higher and aim for a demonstration that
will make obvious the practical consequences of employing this new technology. Thus, we
set the following performance objective which we feel is well within reach: Objective 1:
Morphll when applied to the domain of chess will achieve Master strength (2200 UCSF or
higher).
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Morphll is fully domain-independent and except for making use of a natural encoding of
the rules of a given domain is given no assistance by humans. It is also a general learning
mechanism that can be applied to general function learning and classification problems in
addition to state-space search. Morphll is designed to compile a domain definition into a
network for efficiently monitoring and performing in that domain.

Given the domain independence, we are adding the following as an important objective
to be achieved in the next funding period: Objective 2: Morphll will also achieve significant
(expert-level or higher) performance in a domain other than chess. Possible domains include
checkers, backgammon and Othello in which computers already excel or more difficult
problem domains such as GO or organic chemical synthesis which conform naturally to our
relation-based state-space search model but where progress has been slower. Collaborations
are also now being developed to do whale identification (via images of their tails) and
fingerprint identification through adaptive image recognition. Finally, to demonstrate
robustness we set our third objective as follows: Objective 3: Morph I will exhibit reasonable
strength (determined experimentally and in competition), after training, across a large class
of state-space search problems - including new ones to be developed.

3.4 Improvements

Many significant improvements to the original Morph model have been developed over
the last three years and are incorporated into Morphll. These include:

¢ A domain-independent learning mechanism based on understanding the
Game of Abstract Mathematical Relations. The game of abstract mathematical
relations views a state-space search problem as a collection of objects, static relations
(relationships that never change, such as those denoting board topology), dynamic
relations (relationships that change from state to state, such as which piece is on
which square in board games), operators (as preconditions, adds and deletes defined
using static and dynamic relations), initial conditions and terminal conditions.

e Patterns developed directly from relationships specified in the rules and
through rule analysis. See below.

¢ Fully-recursive analogical pattern creation and matching. In a recent article
[39] Eduardo Morales points out limitations of the old Morph system:

Learning from recorded games is a natural way to learn chess. Morph
already claims to do so, using a fixed set of relations between the pieces[30].
Morph, however, is limited to learning patterns that express attacking/defensive
relations. Thus, for instance, it is unable to learn whether two rooks are
diagonally related or whether a rook is out an edge. Once a pattern has
been learned by Morph, it is no longer available for the construction of other
patterns.

These remarks, although not quite completely accurate with respect to the old Morph
system, have been made completely obsolete by Morphll. The previous Morph was
restricted to a human supplied pattern-representation language. Morph’s “graph”
patterns have been subsumed by the more general mathematical form “relation”
which is used in Morph II. At the same time we are attempting to restrict Morph’s
pattern language to a small set of mathematical primitives from which all complex
patterns can be derived. These primitives include cardinality, and, or, not, join,
modulus, factorability, permutation, periodicity and cycle. Morphll has access to
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all relations (static and dynamic) used to define the rules of a given domain. These
relations may then be augmented using the mathematical constructions above and
themselves used as elements in higher-level abstract patterns. Our investigation
is to study the best means of applying the mathematical transformations without
yielding to the combinatorial explosion of brute force or genetic algorithms or the
arbitrariness of supplying a set of “methods” [19] - but based on developing the
system’s understanding of how patterns are leading to misevaluations in a given
domain and deliberately constructing new pattern types to alleviate those difficulties.
As each pattern type creates a new “relational table” and has its own combining
function, the machine generation of pattern types is equivalent to the addition of a
new module in the reinforcement hierarchy.

¢ Machine derivation of combining function for weights. In the original Morph,
the function that combined the weights of patterns (for state evaluation) was human-
engineered. Morphll uses linear regression, gradient descent and other function
learning methods to derive its own combining function.

¢ Optimized incremental pattern-matching. The pattern-matcher is now 10 to
100 times faster than previous when matching similar sets of patterns. Further,
storage requirements have been reduced 25-fold. These improvements are achieved
by a general domain-independent procedure that compiles the variable-based rule
declaration of a given domain into a RETE-like network for monitoring the game
incrementally. Specifically, the game is compiled into a partially-ordered hierarchy of
relation tables (sets of tuples) each representing the dynamic relations in the domain.
Operators act directly on the lowest level or primitive dynamic relations of a domain
by adding or deleting tuples from these. The static relations are compiled away since,
by definition, the tuples that satisfy them are always true. Patterns to be learned,
simply become relations (usually made up of smaller relations) that are inserted into
the hierarchy. Thus, pattern-matching can proceed as a natural part of the legal move
generation mechanism - and incrementally. This incrementality may be the critical
link to understanding how humans play chess so “efficiently”. Also, the structure
of the network allows one to recognize which useful patterns are “almost matched”
- perhaps providing a basis for a subgoal-driven planning mechanism, also akin to
humans. We look forward to exploring this mode.

e Bit-level processing. The storage and retrieval scheme above is described in the
UDS paper. Since the time of its writing, we have taken things one step deeper. By
compiling the relational tables into multi-dimensional bit-arrays, we are exploiting the
word-level logic operations of the CPU. Thus, we are now able to process an individual
domain at an efficiency level comparable to domain-engineered chess programs and
should be able to compete on an equal footing.

¢ Machine tuning of parameters by using “prediction error” as a domain-
independent feedback mechanism. As part of our research philosophy, outside of
the rules, we are not allowed to provide domain-dependent information or heuristics
or to “tune” the system’s parameters. This leads to the important question of how a
machine may find out whether it is improving given just “win-loss” feedback. We have
discovered that the machine, by studying its relative prediction error in its evaluations
from game to game, can successfully monitor itself. The learning model for MorphlI is
“parameterless”, requiring no external tuning and settings such as a “learning rate” or
“momentum coefficient”. All “constants” used by the system are given initial neutral
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settings and dynamically-adjusted based on performance. Building on the work of
others[5, 58] we are developing learning rules for neural networks that require no
externally supplied constants.

¢ Incorporation of search. Current results with Morph have been achieved using
just 1-ply of search. Given that pattern-matching time has been greatly reduced, in
competition we will be able to incorporate a multi-ply selective search, perhaps using
a subgoal mechanism as outlined above. Researchers in the past have suggested to
us that our pattern-matching approach when combined with search might be most
promising: we intend to find out!

3.5 Heuristic construction through rule analysis

Eric Baum recently pointed out [1] the inherent potential in exploiting the information
(mathematical structure) inherent in a declaration of the rules of a given domain:

The computer science approach [] has since Shannon basically regarded a
game as defined by its game tree. But what makes a game interesting is that
it has a low complexity, algorithmically efficient definition apart from the game
tree... Any procedure which only accesses the underlying simplicity of a game
in the form of an evaluation function is inherently doing the wrong thing...
The main open question is how to go beyond the evaluation function picture of
games.

We agree strongly with this insight and wish to pursue it as deeply as we can. We feel
that viewing a particular game as an instantiation of the Game of Abstract Mathematical
Relations is the right direction to pursue. We intend to study the relationship between the
rules declarations and the heuristics, features and values that determine strong play in that
domain. By viewing things at the mathematical (domain-independent) level we hope to
uncover the principles that guide intelligent search.

A number of planning and hierarchical planning algorithms originating conceptually in
Means-Ends-Analysis [11], Abstrips[47] and TWEAK][3] require prioritizing the operators
and conditions (or subgoals) in the domain. Such evaluation normally requires human
application of domain-dependent knowledge. We argue that: If a heuristic is a good
one, the reason why it is good ought to be explainable within the mathematical
structure of the state space under study. For example, many chessplayers are told
that controlling the center is important. In our paper, Distance: Towards the Unification of
Chess Knowledge, we explain how this and a number of other traditional chess heuristics can
be explained in terms of increasing or decreasing the “safe shortest path distance between
the pieces”. We believe that similar mathematical constructions can be applied to all search
problems that can be stated as games of abstract mathematical relations.

In support of this line of research, Callan and Utgoff [2] have shown how useful features
can be derived directly from the declarative definition of the rules of a given domain. Barney
Pell goes further in a recent paper [42] by demonstrating how entire heuristics (features and
values) can be developed from rule analysis.

3.6 General Function Learning

Morphll can be viewed as a general algorithm for function learning if one ignores
the difficulty of assigning weights to individual states in a game (the role of temporal-
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difference learning) by assuming state classifications are correct and the algorithm is given
no knowledge of the rules of the game.

Given this function learning model we will be able to compare Morphll to more tradi-
tional function learning methods such as linear regression, perceptrons, nearest neighbor,
and neural nets. We believe that Morphll should be able to outperform these methods in
that there is no effective limit to its application of analogical reasoning and representational
transformations.

It is well-known, for example, that in the NxN tile puzzles half the states are not solvable,
namely those that involve an odd number of tile interchanges from the goal position. But
how easy is it for a learning algorithm to produce this abstract mathematical concept given
simply example states and their classification as “solvable” or “unsolvable” with no reference
to specific operators or a goal state? The difficulty arises since under the standard tile-puzzle
state representation as vectors or matrices, solvable states are equally syntactically close to
solvable and unsolvable states, and no polynomial-sized (for the NxN case) set of partial
state descriptions in themselves can prove solvability.

In particular, one must reflect on the reasoning behind the “odd number of interchanges”
concept. Each tile state in an NxN puzzle represents a permutation (a mapping from 0,1,2..N
to 0,1,2..N where 0 is the blank). A permutation can be uniquely described as a certain
number of cycles, where a tile’s successor is the tile that is currently sitting in its original
home. Each interchange either breaks a cycle (if the two tiles were in the same cycle) or
creates a new cycle out of two smaller ones (if the two tiles were in different cycles). Thus
each interchange changes the cycle parity from odd to even or even to odd. Each tile puzzle
move involves an interchange (namely a tile with a blank). Thus, half the states will have
even parity and half odd.

What is required,then, is a system that can learn a concept of cycles, cardinalities and
their parity and apply similar mathematical transformations to reduce the complexity of
other problems. In two of the enclosed papers, we show how traditional search domains can
be viewed as transformations over nested-directed hypergraphs — thus lending themselves
to graph-theoretic and other discrete mathematical approaches.

3.7 Potential Impact

State-space search has remained through the years a central problem and challenge for
AT researchers and other computer scientists. Recently, many domain-specific, knowledge-
intensive, and “tool kit” methods have been proposed. We are striving to bring the scope of
its study back to more fundamental levels by the application of mathematically well-founded
tools to a sufficiently abstract representation of the problem. Our effort is supported by
domain-independent software and learning algorithms that we have developed and refined as
a result of our previously funded projects. Through public domain sharing and competition
we are able and willing to place our algorithms in direct comparison with other algorithms
across the full spectrum of search and learning problems, thus insuring the integrity of our
work as well as providing a means of demonstrating their practical utility.

Both automatic programming and automatic theorem proving remain as critical prob-
lems in the evolution of computers. Although advances are being made, we feel that a
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fundamental breakthrough is required. We believe that we are helping enable this break-
through by providing a complete, well-founded, integrated framework in which represen-
tation, search, learning, inference and retrieval may be studied. The patterns and repre-
sentations Morphll discovers in chess have their counterparts in the abstractions (such as
lemmas and procedures) used in theorem-proving and programming.

Likewise, the areas of robotics, machine vision, and natural language understanding
need a model of systems that can “think” for themselves by developing and evaluating their
own abstractions and invoking representational transformations when appropriate. This
flexibility, that has largely been relegated to humans in the past, will become a part of
machines once they are allowed to exploit the rich mathematical structure in the world as
we are allowing Morphll.

Finally, we are proposing a comprehensive learning model that shows how symbolic
and subsymbolic processes may be practically combined to achieve Al’s purposes. Both
symbolic and subsymbolic Al have been characterized by a large number of “solutions”
that consistently prove inadequate over large classes of difficult problems — and a lack of
sufficient understanding of how and why the methods behave as they do. The method
proposed here is based on developing a firm understanding of the mathematics of problem-
domains and allowing the system itself to exploit that mathematics. The system, being
parameterless and domain-independent, requires that the method itself reflect
actual computational power and robustness rather than the tuning, diligence
or creative ability of the programmer.

In summary, Al can make a tremendous advance in both practice and theory by allowing
the computer (computation) to exploit the mathematics out of which itself was built. The
Universal Agent is a serious step in that direction that in addition to integrating and
improving on previous research efforts [18, 55, 12, 45, 36, 40, 41, 51, 44, 38, 6, 43, 52, 53,
50, 54, 48, 49, 57, 13, 16, 4, 17]! could well have many important practical consequences.

!Citations here are a representative, but far from complete, sample of the research that has influenced
us.
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