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PREFACE

It has been ten years since the publication of John Holland’s seminal book, Adaptation

in Natural and Artificial Systems. One of the major contribution of the book was the

formulation of a class of algorithms, now known as Genetic Algorithms (GA’s), which

incorporate metaphors from natural population genetics into artificial adaptive systems.

Since the publication of Holland's book, interest in GA’s has spread from the University

of Michigan to research centers throughout the U.S., Canada, and Great Britain. GA's

have been applied to a striking variety of areas, from machine learning to image

processing to combinatorial optimization. The great range of application attests to the

power and the generality of underlying approach. However, much of the GA research

has been reported only in Ph, D. theses and informal workshops. This Conference was

organized to provide a forum in which the diverse groups involved in GA research can

share results and ideas concerning this exciting area.

On behalf of the organizing committee, it is my pleasure to acknowledge the support of

Texas Instruments, Inc. and the U.S. Navy Center for Research in Applied Al. Special

thanks go to Dave Davis for his efforts in obtaining the TI Grant.

John J. Grefenstette
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John J. Grefenstette, Vanderbilt University (Program Chair)
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PROPERTIES OF THE BUCKET BRIGADE ALGORITHM

John H Holland

The University of Michigan

The bucket brigade algorithm is designed to solve the apportronment

of credit problem for massively paraliel, message-passing, rule-based

systems. The apportionment of credit problem was recognized and

explored in one of the earliest significant works in machine learning

(Samuel [1959]) In the context of rule-based systems it is the problem of

deciding which of a set of early acting rules should receive credit for

“setting the stage” for later, overtly successful actions In the systems of

interest here, in which rules conform to the standard condition/action

paradigm, a rule's overall usefulness to the systern is indicated by a

parameter called its strength Each time arule is active, the bucket

brigade algorithm modifies the strength so that it provides a better

estimate of the rule's usefulness in the contexts in which it 1s activated.

The bucket brigade algorithm functions by introducing an element of

competition into the process of deciding which rules are activated

Normally, for a parallel message-passing system, all rules having

condition parts satisfied by some of the messages posted at a given time

are automatically activated at that time. However, under the bucket

brigade algorithm only sorne of the satisfied rules are activated. Each

Satisfied rule makes a 0/g, based In part on its strength, and only the

highest bidders become active (thereby posting the messages specified by

their action parts) The size of the bid depends upon both the rule's

strength and the specificity of the rule's conditions. (The rule's

Specificity is used on the broad assumption that, other things being equal,

the more information required by a rule's conditions, the more likely it is

to be “relevant” to the particular situation confronting it). In a specific

Version of the algorithm used for classifier systerns, the bid of classifier

Cat time t is given by

b(C,t) = cr(C)s(C,t),

where r(C) is the specificity of rule C (equal, for classifier systerns, to
the difference between the total number of defining positions in the
Condition and the number of “don’t cares” in the condition), s(C,t) 1s the
Strength of the rule at time t, and c 1s a constant considerably less than |



(eg, 1/4 or 1/8)

The essence of the bucket brigade algorithm is its treatment of each

rule as a kind of mid-level entrepreneur (a “middleman”) in a complex

enconorny When arule C wins the competition at time t, it must decrease

its strength by the amount of the bid. Thus its strength on tirne-step t+!,

after winning the competition, is given by

SiC, t+1) = SIC, t) - DIC, t) = (1 - er(C))SKC, t)

In effect C has paid for the privilege of posting its message. Moreover

this amount is actually paid to the classifers that sent messages

satisfying C’s conditions -~ in the simplest formulation the bid is split

equally arnongst ther These rnessage senders are C's suypp/rers, and each

receives its share of the payrnent from the consumer C. Thus, if C, has

posted a message that satisfies one of C's conditions, C has its strength

increased so that

S(Cy, t+1) = S(Cy, t) * DIC, L/MC, t) = C1 ~ cr(Cd/M(C,t SCC, t),

where n(C, t) is the nurnber of classifiers sending messages that satisfy C

at time t

In terms of the economic metaphor, the suppliers (C ;} are paid for

setting up a situation usable by consumer CC, on the next time step,

changes from consumer to supplier because it has posted its message !f

other classifiers then bid because they are satisfied by C’s message, and if

they win the bidding competition, then C in turn will receive some fraction

of those bids. C’s survival in the system depends upon its turning a profit

as an intermediary in these local transactions In other words, when C 1s

activated, the bid it pays to its suppliers must be less (or, at least, no

more) than the average of the sum of the payments it receives from its

consumers

it is important that this process involves no complicated

“pookkeeping” or memory over long sequences of action. When activated, C

simply pays out !ts bid on one time-step, and is immediately paid by its

consumers (if any) on the next time-step. The only variation on this

transaction occurs on time-steps when there is payoff from the

environment. Then, all classifiers active on that time-step receive equa!

fractions of the payoff in addition to any payments from classifiers active

on the next time-step in effect, the environment is the system's ultimate

consumer From a global point of view, a given classifier C is likely to be



profitable only if its usual consumers are profitable The profitability of

any chain of consumers thus depends upon their relevance to the ultimate

consumer. Stated more directly, the profitability of a classifier depends

upon its being coupled into sequences leading to payoff

As a way of illustrating the bucket brigade algorithm, consider a set

of 2-condition classifiers where, for each classifier, condition | attends

to messages from the environment and condition 2 attends to rnessages

from other classifrers in the set As above, let a given classifier C have a

bid fraction b(C) and strength s(C,t) at tine t. Note that condition | of C

defines an equivalence class £ in the environrnent consisting of those

environmental states producing messages satisfying the condition

Consider now the special case where the activation of C produces a

response r that transforms states in £ to states in another equivalence

class £’ having an (expected) payoff u Under the bucket brigade

algorithm, when C wins the competition under these circumstances its

strength will change from s(C,t) to

s(C,t+1) = s(C,t) - b(C)s(C,t) + u

+ (any bids C receives from classifiers active on

the next time-step)

Assuming the strength of C 1s small enough that its bid b(C)s(C,t) is

considerably less than u, the usual case for a new rule or for arule that

has only been activated a few times, the effect of the payoff isa

considerable strengthening of rule C

This strengthening of C has two effects First, C becornes more likely

to win future competitions when its conditions are satisfied. Second,

rules that send messages satisfying one (or more) of C’s conditions will

receive higher bids under the bucket brigade, because b(C)s(C,t+ 1) »

bIC)s(C,t).

Both of these effects strongly influence the developnient of the

system. The increased strength of C means that response r will be made

more often to states in £ when C competes with other classifiers that

Produce different responses If states in £’ are the only payoff states

accessible from £, andr is the only response that will produce the

required transformation from states in £ to states in £, then the higher

Probability of a win for C translates into a higher payoff rate to the

Classifier system



Of equal importance, C’s higher bids mean that rules sending

Messages satisfying C’s second condition will be additionally strengthened

because of C’s higher bids. Consider, for example, a classifier C, that

transforms environmental states in some class & to states in class £ by

evoking response ry, That is, Cy acts upon a causal relation in the

environment to “set the stage” for C. If Cy also sends a message that

satisfies C’s second condition, then Cy will benefit from the “stage

setting” because C's higher bid 1s passed to it via the bucket brigade.

It is instructive to contrast the "stage setting” case with the case

where some Classifier, say C,, sends a message that satisfies C but aves

not transform states in & (the environmental equivalence class defined

by its first condition) to states in & That is, C, attempts to “parasitize”

C, extracting bids from C via the bucket brigade without modifying the

environment in ways suitable for C’s action. Because C, is not

instrumental in transforming states in 4 to states in &, it will often

happen that activation of C; is not followed by activation of C on the

subsequent time-step because C's first (environmental) condition is not

satisfied. Every time C, is activated without a subsequent activation of C

it suffers a loss because it has paid out its bid b(C psC),t), without

receiving any income from C Eventually C;'s strength will decrease to the

point that it is no longer a competitor. (There is a more interesting case

where Co and C, manage to become active simultaneously, but that goes

beyond the confines of the present illustration).

One of the most important consequences of the bidding process is the

automatic emergence of default hierarchies in response to complex

environments For rule-based systems a “default” rule has two basic

properties:

1) It is a general rule with relatively few specified properties and

many “don't cares” in its condition part, and

2) when it wins a competition tt is often in error, but it still

Manages to profit often enough to survive.

It ts clear that a default rule is preferable to no rule at all, but, because it

is often in error, it can be improved One of the simplest improvements is

the addition of an “exception” rule that responds to situations that cause



the default rule to be in error. Note that, in attempting to identify the

error-causing situations, the condition of the exception rule specifies a

subset of the set of messages that satisfy the default rule. That is, the

condition part of the exception rule re/ines the condition part of the

default rule by using aaastiona/ identifying bits (properties). Because

rule discovery algorithms readily generate and test refinements of

existing strong rules, useful exception rules are soon added to the system

As a direct result of the bidding competition, an exception rule, once

in place, actually aids the survival of its parent default rule Consider the

case where the default rule and the exception rule atternpt to set a given

effector to a different values. In the typical classifier system this

conflict is resolved by letting the highest bidding rule set the effector

Because the exception rule is more specific than the default rule, and

hence makes a higher bid, it usually wins this competition In winning, the

exception rule actually prevents the default rule from paying its bid This

outcome saves the the default rule from a loss, because the usual effect

of an error, under the bucket brigade, is activation of consumers that do

not bid enough to return a profit to the default rule in effect the

exception protects the default from some errors. Similar arguments

apply, under the bucket brigade algorithm, when the default and the

exception only influence the setting of effectors indirectly through

intervening, coupled classifiers

Of course the exception rules may be imperfect themselves, selecting

Sore error-causing cases, but making errors in other cases. Under such

circumstances, the exception rules become default rules relative to more

detailed exceptions. iteration of the above process yields an ever more

refined, and efficient, default hierarchy. The process improves both

overall performance and the profitability of each of the rules in the

hierarchy. It also uses fewer rules than would be required if ail the rules

were developed at the most detailed level of the hierarchy (see Holland,

Holyoak, Nisbett, and Thagard [1986]). The bucket brigade algorithm

strongly encourages the top-down discovery and development of such

hierarchies (cf. Goldberg [1983] for a concrete example)

At first sight, consideration of long sequences of coupled rules would

Seem to uncover an important limitation of the bucket brigade algorithm

Because of its local nature, the bucket brigade algorithm can only

Propagate strength back along a chain of suppliers through repeated

activations of the whole sequence That 1s, on the first repetition of a

5



sequence leading to payoff, the increment in strength is propagated to the

immediate precursors of the payoff rule(s). On the second repetition it is

propagated to the precursors of the precursors, etc. Accordingly, it takes

on the order of n repetitions of the sequence to propagate the increments

back to rules that “set the stage” n steps before the final payoff. However,

this observation is misleading because certain kinds of rule can serve to

“pridge” long sequences.

The simplest “bridging action” occurs when a given rule remains

active over, say, T successive time-steps. Such a rule passes increments

back over an interval of T time-steps on the next repetition of the

sequence This qualification takes on importance when we think of arule

that shows persistent activity over an epoch -- an interval of time

characterized by a broad plan or activity that the system is attempting to

execute. For the activity to be persistent, the condition of the

epoch-marking rule must be general enough to be satisfied by just those

properties or cues that characterize the epoch. Such arule, if strong,

marks the epoch by remaining active for its duration.

To extract the consequences of this persistent activation, consider @

concrete plan involving a sequence of activities, such as a “going home”

plan. The sequence of coupled rules used to execute this plan on a given

day will depend upon variable requirements such as “where the car is

parked’, “what errands have to be run", etc These detailed variations will

call upon various combinations of rules in the system's repertoire, but the

epoch-marking “going home” rule D will be active throughout the execution

of each variant In particular, it will be active both at the beginning of the

epoch and at the time of payoff at the end of the plan (“arrival home") As

‘such it “bridges” the whole epoch

Consider now arule | that initiates the plan and ts coupled to (sends a

message satisfying) the general epoch-tnarking rule D The //rs¢t

repetition of the sequence initiated by | will result in the strength of 1

being incremented This comes about because D is strengthened by being

active at the time of payoff and, because it is a consumer of |'s message,

it passes this increment on to | the very next time | is activated. 0

“supports” | as an elernent of the “going home” plan The result 1s a kind of

one-shot learning in which the earliest elements in a plan are rewarded on

the very next use. This occurs despite the local nature of the bucket

brigade algorithm. It requires only the presence of a general rule -- a kind

of default -- that is activated when some general kind of activity or goal

6



is to be attained. An appropriate rule discovery algorithm, such as a

genetic algorithm, will soon couple more detailed rules to the

epoch-marking rule. And, much as in the generation of a default hierarchy,

these detailed rules can give rise to further refined offspring. The result

is an emergent plan hierarchy going from a high-level sketch through

progressive refinements yielding ways of combining progressively more

detailed components (rule clusters) to meet the particular constraints

posed by the current state of the environment in this way a limited

repertoire of rules can be combined in a variety of ways, and in parallel, to

meet the perpetual novelty of the environment
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GENETIC ALGORITHMS AND RULE LEARNING

IW

DYNAMIC SYSTEM CONTROL

David E. Goldberg
Department of Engineering Mechanics

The University of Alabana

ABSTRACT

In this paper, recent research resuits

[2] are presented which denonstrate the
effectiveness of genetic algorithes in the
control of dynamite eyatens.” Genetic algo-

rithes are search algorithms based upon. the
nechantes of natural genetics. They combine

a survival-of-the-fletestanong string

Structures with a structured, yet randontzed,

infornation exchange to form a search algo”
rithn with sone of the innovative flair of
hnunan “search. While randomized, genetic
algorithns are no sinple random walk. ‘They
effictenciy explote Mstorical inforration to

speculate on new search pointe with inproved

performance,

Two applications of genetic algorithas

are considered. In the first, a triparcite

genetic algorithm is applied to a paraneter

optimization problem, the optimization of a

serial natural gas ‘pipeline with 10 con~

pressor stations. While solvable by other

methods (dynamic programming, gradient
search, etc.) the problem is interesting as a
straightforward engineering application of

genetic algorithms. Furthermore, a surpris-

ingly small number of function’ evaluations

are required (relative to the size of the

discretized search space) to achieve near-

optimal performance,

Inthe second application, a genetic

algorithm is used as the fundamental learning

algoritha in a more complete rule learning

systen called a learning classifier system.

‘The learning syste combines a complete

string rule and tessage system, an apportion

nent of credit algorithn modeled after a

competitive service econoay, and a genetic

algorithm to forn a systen which continually

evaluates its ‘present rules while forming

new, possibly better, rules from the bits and

pieces of the old. ‘tn an application to the

Control. of a natural gas’ pipeline, the

learning systen is trained to control the

pipeline under normal winter and sunner

Conditions. It is also trained co detect che

presence or absence of a leak with increasing

accuracy.

INTRODUCTION

Many industrial tasks and machines that

once required human intervention have been

all but completely automated. Where once a
person tooled a part, a machine tools,

Senses, and tools again. Where once a person

controlled a machine, a computer controls,

senses, and continues its task, Repetitive

ks requiring a high degree of precision

have been most susceptible to these extrene

forns of automated control. Yet despite

these successes, there are still many tasks

and nechanisns that require the attention of

a huran operator. Plloting an afrplane,

controlling a pipeline, driving a car, and

fixing a machine are just a few examples of

ordinary tasks vhich have resisted a high

degree of automation. What ts it about these

tasks chat has prevented more autonomous,

automated control? Primarily, each of the

example tasks requires, not just a single

capability, but a broad range of skills for

successful’ performance. Furthermore, cach

task requires performance under circunstances

which have never been encountered before.

For example, a pilot must take off, navigate,

control speed and direction, operate auxilia~

Ty equipment, consunicate with tower control,
and Jand the aircraft. He may be called upon

to do any or all of these tasks under extrene

weather conditions or with equipment malfunc~

tions he has never faced before. Clearly,

the breadth and perpetual novelty of the

piloting task (and similarly complex task

environments) prevents the ordinary algo-
rithaic solution used in nore repetitive

chores. In other words, difficult environ-

ents are difficult because not every possi-

ble outcome can be anticipated in advance,

nor can every possible response be pre-

defined. This truth places a premium on

adaptation.

In this paper, we attack sone of these
issues by examining research results in two

distinct, but related problens. In the

first, the steady state control of a serial

gas pipeline is optimized using a genetic

algorithm. While the optimization problem

itself is unremarkable (a straightforvard

paraneter optimization problem which has been

solved by other methods), the genetic algo-

rithm approach we adopt 1s noteworthy because

it draws from the most successful and longest

lived search algorith known to pan (natural

genetics + survival-of-thefittest). Further-
Tore, the GA approach is provably efficient

in tts exploitation of important sinilari-

ties, and thus connects to our om notions of

Snnovative or creative search. In the second

Problem, we use a genetic algorithm as a

prinary’ discovery mechanism in a larger rule

learning systen called learning

classifier system (LCS), In this particular
application the LCS learns to control a

simulated natural gas pipeline. Starting

from a random rule set the LCS learns appro
priate rules for high perfornence control

Under normal summer and winter conditions;

additionally it learns to detect simulated

leaks with increasing accuracy.



‘A TRIPARTITE GENETIC ALGORITHM

Genetic algorithns are different from

the normal search methods encountered in

engineering optimization in the following

1. GA's work with a coding of the paraneter

set not the paraneters themselves.

2, GA's search from @ population of points.

3, GA's use probabilistic not deterministic

transition rules.

Genetic algorithms require the natural

paraneter set of the optinization problen to

be coded as a finite length string. A

variety of coding schenes can and have been

used successfully, Because Gas work directly
with the underiying code they are difficult

to fool because they are not dependent upon

continuity of the parameter space and deriva-

tive existence,

In many optintzation methods, ve nove

gingerly from a single point in che decision

Space to the next using sone decision rule to

tell us how to get to the next point. This

poine-by-point method 1s dangerous because 4t

often locates false peaks in multinodal

Search spaces. GA's work from a database of

points “simultaneously (a population of
strings) climbing many peaks in parallel,

thus reducing the probability of finding a

False peak.

Unlike many methods, GAs use probabi-

Listic decision rules to guide their search,

The use of probability does not suggest that

the method is simply a randon search, howev-

er. Genetic algorithns are quite rapid in

Tocating inproved performance.

For our work, ve pay consider the
serings in our ‘population of strings, to be

tapressed ip a. plcaty alphabet containing the

characters (0,1). Each string is of length 2
i the population contains total of n'such

erings.” Of course, each” string say be

decoded’ cova ‘set ot ‘physical. perancters

according to our design’ Additionatly, we
assune that with each string (parameter set)

te say evaluate a fitness values Fleness ts
defined as the non-negative figure of nerie
Weare maxinizing, “thus, the. fitness tn

Benetic algoritha’ work corresponds, to. the

ShjestiveTM funetion “in jornal” optini sation

A simple genetic algorithm which gives
G00d results 1s composed of three operators:

1, Reproduction

2, Crossover

3. Mutation

With our simple genetic elgorithn we
view reproduction as a process. by which

individual strings are copied according to

their fitness. Highly fie strings receive

higher nusbers of copies in the nating pool.

There are nany ways to do this; we simply
give a proportionately higher probability of

Teproduction to those strings with higher

fitness (objective function value). Repro
duction is ‘thus the survival-of-the-fittest

or enphasis step of the genetic algoritha.

The best strings make nore copies for mating

than the worst.

After reproduction, simple crossover may

proceed in two steps. First, menbers of the

newly reproduced strings in ‘the mating pool

are mated at random. Second, each pair of

strings undergoes crossing over as follows:

an integer position k along the string is

selected uniformly at random on the interval

Q,g-1), Two new strings are created by
swapping all characters between positions 1

and k inclusively,

For example, consider two strings A and

B of length 7 nated at random fron the mating
pool created by previous reproduction:

A = al a2 a3 ab a5 a6 a7

B = bl b2 b3 bs b5 6 b7

Suppose the roll of a die turns up a four.

The resulting crossover yields two new

strings A' and Bt following the partial

exchange

At = DL b2 b3 bu a5 a6 a7

BY = al a2 a3 ab b5 b6 b7

The mechanics of the reproduction and

crossover operators are surprisingly simple,

involving nothing more complex than string
copies and partial string exchanges; however,

together the emphasis step of reproduction

‘and the structured, though randontzed,
information exchange’ of crossover give

genetic algorithas mich of their power. At

First this’ seens surprising. How can’ such

sinple (computationally trivial) operators

result in anything useful let along a rapid

and relatively robust. search - mechanisn?

Furthermore, doesn't it seen a little strange
that chance should play such a fundanental

role in a directed search process? The

answer to the second question was well

Fcopnized by the athenatician J. Hodanaré

We shall see a little later that

the possibility of imputing discov:

ery to pure chance is already
excluded....0n the contrary, that

there is’ an intervention of ‘chance

but also a necessary work of

unconsciousness, the latter imply-

ing and not ’ contradicting the

former.... Indeed, it is obvious

that invention or ‘discovery, be it

in mathematics or anywhere else,
takes place by conbining ideas.

‘The suggestion here is that while

discovery is not a result of pure chance, it



is almost certainly guided by directed

serendipity, Furthermore, Hadanard hints

that a proper role for chance is to cause the

juxtaposition of different notions. It is

Interesting that genetic algorithms adopt

Wadamard's mix of direction and chance in a

manner which efficiently builds new solutions

fron the best partial solutions of previous
trials,

To see this, consider a population of n

strings over sone appropriate aiphaber coded

so that each is a conplete IDEA or prescrip~

tion for performing a particular task (in our
coming example, each string is a description

of how to operate all 10 compressors ‘on a

natural gas pipeline.). Substrings within

each string (IDEA) contain various NOTIONS of
what's important or relevant to the task.

Viewed in this way, the population contains

not just a sample’ of n IDEAS, rather it

contéins a multitude of NOTIONS and rankings

of those NOTIONS for task performance.

Genetic algorithns carefully explote this

wealth of infornation about important NOTIONS

by 1) reproducing quality NOTONS according

to their perfornance and 2) crossing these

NOTIONS with many other high performance

NOTIONS from other strings. Thus, the act of

crossover with previous. reproduction specu-

Yates on new IDEAS constructed fron the high

perforeance buflding blocks (NOTIONS) of past

Era

If reproduction according to fitness

combined with crossover give genetic algo-

rithms the bulk of their processing pover,

what then is the purpose of the mutation

operator? Not surprisingly there is much

confusion about the role of mutation in

genetics (both natural and artificial).
Perhaps it is the result of too many B novies

detatling the exploits of mutant eggplants

that devour portions of Chicago, but whatever

the cause for the confusion, we find that

mutation plays a decidedly secondary role in

the operation of genetic algorithms. Muta~

tion {s needed because, even though reproduc-

tion and crossover effectively search and
reconbine extant NOTIONS, occasionally the:

nay becone overzealous and lose some poten

tially useful genetic material (2's or O's at

particular locations). The mutation operator

protects against such an unrecoverable loss.

In the simple tripartite GA, rutation is the

occasional random alteration of a string

position. In a binary code, this simply

‘beans changing a1 to a 0 and vice versa. By

itself, putation is a random walk through the

string’ space. ‘hen used sparingly with

reproduction and crossover it is an insurance

policy against prenature loss of important

NOTIONS.

That the mutation operator plays a

secondary role we simply note that the

Frequency of mutation to obtain good results

in enpirical genetic algorithn studies is on

the order of 1 mutation per thousand bit

(position) transfers. Mutation rates are

similarly small in natural populations which

leads us to conclude that mutation is

10

appropriately considered as a secondary

nechanisn,

The underlying processing power of
genetic algorithns is understood in nore

rigorous terms by considering the notion of a

NOTION more carefully. If two or more

strings (IDEAS) contain the sare NOTION there

are sin{larities between the strings at one

or more positions. To consider the number

and form of the possibie relevant sinilari-

ties we consider a schena [3] or similarity
teaplate; a similarity template is simply a

string over our original alphabet (1,0) with
the addition of a wild card or don't care

character *, For example, with string length

2 = 7 the schena is0*t* represents all
Strings with a 1 in the first position and a

© in the third position. A simple counting

argunent shows that while there are only 2%

strings, there are 3% well-defined schenata
or possible templates of similarity.

Furthermore, it is easy to show that a

particular string 1s itself a representative

of 2% different schemata. thy 1s this
interesting? The interesting part cones from

considering the effect of reproduction and

crossover on the multitude of schemata

contained in a population of n strings (at

most n+2% schemata). Reproduction on average
gives exponentially nore samples to. the

Observed best similarity patterns (a near~

optinal sampling strategy 1f we consider a

multi-arned bandit problen), Second, cross=
over, combines schenata fron different

strings so that only very long defining

length schemata (relative to the string
length) are interrupted. Thus, short defin-

ing length schemata are propagated generation

to generation by giving exponentially in-

creasing samples to the observed best, and

all this goes on in parallel with little

explicit book-keeping or special menory other

than the population of n strings. How many

of the n+2® schenata are usefully processed
per generation? Using a conservative esti-

Sate, Helland’ hos shotm that_O(n3) senenate
are ‘usefully sampled per generation. This

Compares favorably with the munber of func
tion evaluations (n), and because this
processing leverage 18 so important (and

apparently unique to genetic. algorithns)

Holland gives it a special nane, implicit

porallelisn. In the next section we exploit

this leverage in the optinization of a

natural gas pipeline. :

‘THE TRIPARTITE GENETIC ALGORITHM 31.

GAS PIPELINE OPTIMIZATION

NATURAL.

We apply the genetic algorithm to the

steady state serial natural gos pipeline

problem of Wong and Larson [4]. As rentioned

previously, the problen is not renarkable.

Wong and Larson successfully used a dynamic

progranning approach and gradient procedures

have also been used. Our goal here ts to

connect with extant optimization and control



literature. We also look at sone of the
issues we face in applying genetic algorithns

to more difficult problens where standard

techniques may be inappropriate.

We envision a serial system vith an

alternating sequence of 10 compressors and 10

pipelines. A fixed pressure source exists at

the inlet; gas is delivered at line pressure

to the delivery point. Along the way,

compressors boost pressure using fuel taken

fron the line, Nodeling relationships for

the steady flow of an ideal gas are well

studied. Ke adopt Wong and Larson's formula-

tion for consistency. The reader interested

in more modeling detail should refer to their

original work.

Along with the usual modeling rela

tionships, we must pose a reasonable objec-

tive function and constraints. For this
problem, we use Wong and Larson's objective

function and constraint specification.

Specifically, we minimize the sumed horse-

power over the 10 compressor stations in the

Serial line subject fo maximun and minizun

pressure constraints as well as maximum and

mininun pressure ratio constraints. Con-

straints in these state variables are ad-

Joined to the problen using an exterior

Penalty method. Whenever @ constraint is

violated a penalty cost is added to the

objective function in proportion to the

square of the violation. As ve shall see in

a nonent, constraints in control variables

may be handled with the choice of some

appropriate finite coding.

As discussed in the previous section,

one of the necessary conditions for using &

genetic algorithm is the ability to code the
underlying parameter set as a finite length

string. This is no real limitation as every

user of a digital computer or calculator

knows; hovever, there 1s motivation for

constructing Special, relatively crude
codings. In this study, the full string is

formed from the concatenation of 10, four bit

substrings where each substring is’ a mapped

fixed point binary integer (precision = 1
part in 16) representing the difference in

squared pressure across each of the ten

compressor stations. This rather crude
Giscretization gives an average precision in

Pressure of 34 psi over the operating range
‘500-1000 psia,

The nodel, objective function, con-

straints, ‘and genetic. algorithn have been
Programed “in Pascal. ‘We exanine results

fron a nunber of independent trinis and
compare to published results. To initiave

Simlation, "a starting population of 50
trings 13 selected at randon, For” each

trial of the genetic algorities we run to
generation 60. "This represents 0 total of
50#61"3050 function evaluations per inde
Pendent ‘trial The resuice froa. three

als ure shom in Figure 1. This figure

shova the ‘cost of the best string of each
gereration “as the ‘solution ‘procéeds, — At
Firat, perforeance 12 poor. After suffictent

genetic action, near-optimal results are

obtained. In all three cases, near-optinal

results are obtained by generation 20 (1050
function evaluations).

To better understand these results, we

compare the best solution obtained in’ the

first trial (run $8.1) to the optinal results
obtained by dynanic programming. A pressure

profile is presented in Figure 2. The GA

Tesults are very close to the dynanic

programming solution, with most of the

difference explained by the large discretiza-

tion errors associated with the CA solution.

i

t

= 7

STATION NUTBER

Figure 2, Pressure Profile -

Run $S.1 Steady
Serial Problen

To gain a feel for che search rapidity
of the genetic algorithm, we must compare the



nunber of points searched to the size of the

search space. Recall that in this problea,

near-optimal performance is obtained after

only 1050 function evaluations. To put this

in perspective, with a string of length 40,

there are 2° different possible solutions in

the search space (20 = 1.1612), Therefore,
we obtain near-optinal results after search

ing only le-7% of the possible alternatives.

If we were, for example, to search for the
best person anong the worlds 4.5 billion
people as rapidly as the genetic algorithn ve

Would only need to talk to 4 or 5 people
before making our near-optina) selection.

‘A LEARNING CLASSIFIER SYSTEM FOR DYNAMIC

SYSTEM CONTROL

In the remainder of this paper, we show
how the genetic algorithm's penchant for
discovery in string spaces may be usefully

applied to search for string rules in a

learning classifier system (LCS), Learning

classifier systens are the latest outgrowth
of Holland's continuing work on adaptive
systens [5]. Others have continued and
extended this work in a variety of areas

ranging from visual pattern recognition to

draw poker [6-8],

A learning classifier systen (LCS) {s an
artificial systen that learns rules, called

classifiers, to guide its interaction in an

arbitrary environment. It consists of three

main elements:

1, Rule and Message System

2. Apportionment of Credit Systen

3. Genetic Algorithm

A schenatic of an LCS is shown in Figure

3. In this schematic, we see that the rule

and ressage systen receives environmental

information through its sensors, called

detectors, which decode to sone” standard

pessage Tormat. This environsental nessage
Te placed on a pessage Lise along with a
finite number of “other “Internal ‘messages
generated from the previous cycle. Messages

on the message list may activate classifier:

rules in the classifier store If activated a
classifier may then be chosen to send a

nessage to the message list for the next

cycle. Additionally, certain messages may

call for external action through a nunber of

action triggers called effectors. In this

way, the rule and message systen combines

both external and internal data to guide

behavior and the state of mind in the next

state cycle,

In an LCS, it {s important to maintain

simple syntax in the primary units of infor-

pation, messages and classifiers. In the

current study messages are £-bit (binary)
strings and classifiers ,are 3%-position
strings over the alphabet {0,1,@). In this
alphabet the @ 1s a wild card, matching a 0
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or a 1 in a given message. Thus, we maintain

powerful pattern recognition capability with

sinple structures,

ENVIRONMENT

Xoo Les
GA

reas §
i

MESSAGEpe rons |] MESSACE
popes ust

[erssrien

stone

Figure 3, Schematic ~ Learning
Classifier System

In traditional rule-based expert sys-

tems, the value or rating of a rule relative

to other rules is fixed by the programmer in

conjunction with the expert or group of

experts being emulated. In a rule learning

system, we don't have this luxury. The

relative value of different rules is one of

the key pieces of information which must be

learned. To facilitate this type of learn-

ing, Holland has suggested that rules coexist

in a competitive service economy. A competi-

tion {s held anong classifiers where the

right to answer relevant messages goes to the

highest bidders with this payment serving as

a source of, incone to previously successful

message senders. In this way, a chain of

middlenen is formed from manufacturer (source
Message) to message consumer (environmental

action and payoff). The competitive nature

of the economy insures that the good rules

Survive and that bad rules die off.

In addition to rating existing rules, we

must also have a way of discovering new,

possibly better, rules. This, of course, 18

the appropriate role for our genetic algo-

rithm. In the learning classifier systen

application, we mist be less cavalier about

replacing entire string populations each

generation, and we should pay more attention

to the replacement of low perforners by new

strings; however, the genetic algorithn

adopted’ in the LES is very sinilar to the

simple tripartite algorithn described earli-

Taken together, the learning classifier
systen with a computationally complete and

convenient rule and message system, an

apportiontent of credit systen modeled after



@ competitive service economy, and the

fnnovative search of a genetic algorithm,

provides a unified framework for investiga”

ting the learning control of dynamic systems.

In the next section we examine the applica-

tion of an LCS to natural gas pipeline

operation and leak detection.

‘A LEARNING CLASSIFIER SYSTEM CONTROLS A

PIPELINE,

A pipeline model, load schedule, and

upset conditions are programmed and inter-

faced to the LCS. We briefly discuss this
environnental model and present results of

normal operations and upset tests.

A model of a pipeline has been developed

which accounts for Iinepack accumulation and

frictional resistance. User demand varies on

a daily basis and depends upon the weather.

Different patterns may be used for winter and

sumer operation. In addition to normal

sumer and winter conditions, the pipeline

nay be subjected to a leak upset. During any

given time step, a leak may occur with a

Specified leak probability. If a leak

occurs, the leak flow, @ specified value, is

extracted from the upstream junction ’and

persists for a specified number of time

steps.

The LCS receives a message about the

pipeline condition every time step. A

template for that message is show in Figure

4. “The system has conplete, albeit imperfect

and discrete, knowledge of ‘its state includ-

ing inflow, outflow, tnlet pressure, outlet

pressure, pressure rate change, season, tine

of day, ime of year, and current temperature

reading.

COO

rx | inter peesnece aol 2

© w]

Figure 4. Pipeline LCS Environmental

Message Template
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Jn the pipeline task, the LCS has a

nunber of alternatives for actions it may

take. It may send out a flow rate chosen

fron’ one of four values, and it may send a

Bessage indicating Whether a leak {8 suspect=
ed or not.

‘The LCS receives reward fron its trainer

depending upon the quality of its action in

relation to the current state of the pipe-

line. To make the trainer evervigilant, a

computer subroutine has been written which

administers the reward consistently. ‘This is

not a necessary step, and revard can cone

from a hunan trainer.

Under normal operating conditions we

examine the performance of the learning

classifier systen with and without the

genetic algorithm enabled. Without the

genetic algorithn, the systen 1s forced to

rake do with its Original set of rules. The

results of a normal operating test are pre~

sented in Figure 5. Both runs with

the LCS outperform a randoa walk (through the

operating alternatives). Furthermore, the
run with genetic algoritha enabled {s superi~

or to the run vithout GA. In this figure, we

show time-averaged total evaluation versus

tine of simulation (naxinun reward per

timestep = 6).

ihe onrst

Figure 5. Time-averaged TOTALEVAL

vs. Time. Normal

Operations. Runs
POLCS.1 & POLCS.2

More dramatic performance differences

are noted when we have the possibility of

leaks on the system. Figure 6 shows the

time-averaged total evaluation versus time

for several runs with leak upsets. Once

agein the LCS {s initialized with’ random

rules and permitted to learn fron external

reward. Both LCS runs outperform the random

walk and the run with GA clearly beats the

run with no new rule learning. To understand

this, we take a look at sone auxilfary
performance measures. In Figure 7 we see
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the percentage of leaks alarmed correctly
versus time. Strangely, the run without GA
alarms a higher percentage of leaks than the

run with GA. This nay seem counterintuitive
until we examine the false alara statistics
in’ Figure 8. The run without GA is only
able to alarm a high percentage of leaks
correctly because it has so many false
alarms. “The run with GA decreases its false
alarm percentage, while increasing its leaks
correct percentage.

CET)

Tine (OAYS)

Figure 6, Time-averaged TOTALEVAL
vs, Time = Leak Runs -

POLCS.5 & POLCS.6

i: ee

ae

Ye ET

Tine (oAys)

Figure 7. Percentage of Leaks

Correct vs. Time Runs
POLCS.5 & POLCS.6

CONCLUSTONS

In this paper, we exanined the perfor-
mance of a genetic algorithn in two appli-
cations. In the first, a tripartite genetic
algoritha consisting of reproduction, cross~

over, and mutation was applied ‘to the

4

F FRLSE pues
to we wae eae

Figure 8, Percentage of False

Alarns vs. Tire Runs

POLCS.5 & POLCS.6

optimization of a natural gas pipeline’

operation. The control space vas coded as 40

bit binary strings. Three initial popu~
lations of 50 strings were chosen at random,

The genetic algorithm was started and in ali
three cases, very near-optimal performance

was obtained after only 20 generations (1050

funetion evaluations).

In the second application, a genetic

algorithm was the primary discovery mechanism

in a larger rule-learning syste called a
learning classifier system, The LCS, con-

ng of @ syntactically simply rule and

ye system, an apportionment of credit

mechanism based on a competitive service

econony, and a genetic algorithm, vas taught

to operate a gas pipeline under winter and

sumer conditions. It also was trained to

alarm correctly for leaks while mininizing

the number of false alarms,
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ABSTRACT

Results are presented of experiments with

ple artificial anima! mode! acting in a simulated en:

vironment containing food and other objects Proce-

dures within the model that lead to improved perfor:

mance and perceptual generalization are discussed.

‘The model is designed in the light of an explicit

definition of intelligence which appears to apply to

all animal Ife. Iv is suggested that study of aruf

cial animal models of increasing complexity would

contribute to understanding of natural and artificial

intelligence.

INTRODUCTION

The science of understanding and realizing in-

telligence in artificial systems needs a definition of

intelligence. Every science needs good definitions

of the problems it addresses. But in the artificial

intelligence field there has been a hesitancy about

defining intelligence. For example, on the first page

of a recent, widely used Al textbook we find: “A

definition in the usual sense seems impossible be-

cause intelligence appears to be an amalgam of so

many information-representation and information-

processing talents.”[1} For many Al goals, this oinis-

sion 3s nol important But the lack of a good work-

ing definition can lead to uncertainty in evaluating

progress toward understanding intelligence per 4,

even though results are in other respects substan-

tial.

This paper reports work using an artificial, be-

having, animal model to study intelhgence at a

primitive level An explicit definition of intelligence

is adopted, and guides construction of the model.

‘The definition has mtuitive appeal and apparent ap-

phicability to the range of hfe from human beings to

very primitive animals. Because of this range, some

results with the primitive animal model should pro-

vide insight into intelligence sn general

A DEFINITION OF INTELLIGENCE

A good definition should be relatively simple and

yet cover most of the things we regard as belonging

to the concept and few we regard as not belong-
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ing. The psychological hterature offers a number of

useful similar efforts but the best definition of in-

telligence we have found is the following, from the

physicist van Heerden:

Intelligent behavior is to be repeatedly successful

in satisfying one’s psychological needs in diverse,

observably different, situations on the basis of

past experience.|2]

“This definition (vH) is suitable for the computer

study of intelhgence beeause i 1s comprehensive and

terms are not difficult to dehine coi

for experimental purposes. A high rate of recespt

of certain reward quantities can correspond to “re-

peatedly successful in satisfying one’s psychological

needs” {on the simplest level. somatic needs). To

“diverse, observably different, situations” can corre-

spond sets of distinct sensory input “vectors” with

each set having a particular implication for optim:

action, To “past experience” can correspond a suit

able internal record of earlier interactions with the

environment, and their results

THE ANIMAT MODEL

Computer modehng of human levels of intelli-

gence 1s complex VH's apparent applicabshty to

both simple animals and human beings (assuming

appropriate translations of its terms) suggests the

usefulness of the easier course of considering basic

problems that simple animals must solve, and con-

structing behaving models aimed at solving them.

Observation of the models should aid understand-

ing of all intelligence, and the construction of more

complex models

To define our model, we abstract four basic chai

acteristics of simple animals

1) The animal exists in a sea of sensory signals. At

any moment only some signals are significant;

the rest are irrelevant.

2) The animal is capable of actions (e.g. movement)

which tend to change these signals

3) Certain signals (e.g. those attendant on con-

sumption of food), oF certain signals’ absence

(e.g. absence of pain) have special status for him.



4) He acts, both externally and through internal

operations, so as approximately to optimize the

rate of occurrence of the special signals.

An aminal’s sensory-motor situation is described

in very general terms by (1) and (2). Characteristics

(3) and (4) are assumptions which provide a way

of making definite the notion of ‘needs” and their

satisfaction. Together, the four characteristics form

the basis of our artificial animal model. For brevity,

we call such a model an “ansmat”

We take as the animat’s basic problem the gen-

eration of rules which associate sensory signals with

appropriate actions so as to achieve the optimiza-

tion of (4), above For this, the major questions are

adaptive, namely:

1) How to discover and emphasize rules that work

2) Get rid of those that don't (since memory space

ts hmited and noise is undesirable), and

38) Optimally generalize the rules that are kept (since

space is limited).

‘There is some previous work along these hnes

Notable were Grey Walter's machina speculatriz,

which was a sort of sub-animat which chose actions

based on needs and the sensory situation, but did

not adapt its rules; and m_ docalis, which ‘could be

taught a conditioned response|$] More recently,

Holland and Reitman|4} exhibited successful perfor-

mance by a rule-adaptive animat-like system which

optimized its rate of satisfaction of two distinct

needs. Booker|5] experimented with an animat-like

“hypothetical organism” which adepted its rules in

a simple environment that contained both attr

tive and aversive stimuli; he also provides a review

of earlier systems. The present investigation 1s in-

debted to the last two works

IMPLEMENTATION

Within the above framework we make the model

definite by defining the animat’s environment, sen-

sory channels, repertoire of actions, its association,

rules, and then its performance and adaptation al-

gorithms.

Environmen

A rectangle on the computer terminal screen 18
rows by 58 columns and continued toroidally at its

edges defines the environmental space. Alphanu-
meric characters at various positions represent ob-

Jects; the animat itself is denoted by * Some, pos-
sibly many, positions are just blank

nels.

__In studies so far, * has been given the ability to
Pick up seusory signals from objects which happen
to be one step (row and/or column) away, in any of

nso}

the eight (including diagonal) directions, nothing ts

detected from more distant objects. Thus the “sense

vector” has eight positions With * located, for

ample, as shown below left, the sense vector would

be as shown at the right.

‘FP TTEbbbbb,

where b stands for blank To form the sense vec-

tor, the circle of positions surrounding * is mapped

clockwise starting at 12 o'elock, into a left-to-right

string

But this vector is not the final sensory input We

imagine that an object is ultimately sensed as the

outcome of measurements upon it by one or more

feature or attribute detectors Without loss of gen-

crality we assume each detector produces either a 0

or 1 output. If there are d detector types, an ob-

ject translates into a binary string d bits in length.

‘The sense vector as a whole thus translates into @

“detector vector” of 8d bits. Detector translations

or encodings of objects are fixed in 's “low-level”

sensory hardware ‘They are assigned at the begin-

ning of an experiment For example. in experiments

discussed here, “F” (food) 1s encoded as “117; “T"

(tree or obstacle) as “01”, and “b” (open space) as

00". {The first bit might. be thought of as the out-

put of a “food smell?" detector, the second, of an

“opacity” detector | Thus the above sense vector

translates into the detector vector.

01 01 11 00 00 00 00 00

“’s actions are restricted to single-step moves

1m each of the eight directions. The directions are

numbered 0-7 starting at 12 o'clock and proceeding

clockwise; for example, a move in direction $ would

be south-ensterly

The animat may move, or attempt to move, to 2

position occupied by an object. The environment’s

response for each kind of object is predefined. In

present experiments, if the move is into position

whose encoding is 00 (the blank object), there 1s

no response (though the new sense vector will in

general be different). If * steps into a space occupied

by an object whose encoding has the first bit equal,

to 1, * is regarded as having eaten the object and

receives a reward signal. If * tries to step toward an

adjacent object whose encoding is O1, the step is not

permitted to occur (2 collision-like banging may be

displayed)

The foregoing establish a semi-realistic situation

in which sensory signals carry partial, but uncertain

information about the location of food, and avail
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vironmental predictability can be varied through the

choice and arrangement of the objects. The number

of object types which may be experimented with 1s

Inmited only by the number of bits in the detector

encoding scheme.

Ass ation Rules.

For its association rules, the amimat uses a rudi-

mentary form of Holland’s|6| “classifier” rule The

amimat’s rules each consist of a “taxon” and an “ac-

tion”. The taxon is a sort of template capable of

matching a certain set of detector vectors. The ac-

tion is some one of the available actions. The ani

mat’s classifier says, in effect, “if my taxon matches

the current detector vector, then consider taking

this action” It 1s a kind of hypothesis about what

to do given a certain sensory situation (class of de-

tector vectors). An example of a classifier would be

O¥ 01 14 0% 00 00 O# O# 2
The matching rule requires that for any taxon

position having a 0 or 2, the same value must occur

in the detector vector; taxon positions with # (don’t

care) match unconditionally. Because of the #’5,

which confer a kind of generality on the classifier,

the above taxon, for example, will match 32 possible

detector vectors, including the one discussed earher

It is worth making a few further observations

about this classifier. First, it is a pretty good one

because if food 1s present in direction 2 and the clas-

sifier matches the detector vector, the action rec-

‘ommended is to move in direction 2 and not some

other direction! Second, in directions 0, 3, 6, and 7,

the taxon only requires that the object be, in effect,

non-food, it being irrelevant whether these direc-

tions have obstacles or are blank. Directions 1, 4,
and 5 have not been so generalized Broadly speak-

ing, & classifier is more useful to the animat to the

extent itis general (matches many detector vectors)

without being so general that it makes too many

errors (re, that in certain matching situations its

recommended action is inappropriate)

Besides taxon and action, each classifier pos-

sesses a “strength”, a quantity serving as the prin

cipal measure of a classifier’s value to the animat.

There may be other associated quantities, as well.

‘The amimat keeps a classifier population |[P] of

fixed size Usually, |P 1s mtiahzed by filling all

the taxa with 0, I, and # according to some ran-

dom rule, actions are similarly filled in, As the an-

imat’s CRT “life” evolves, the classifier population

changes, as will be described.

PERFORMANCE ALGORITHM

"'s basic cycle is one “step”, within which events

having purely to do with immediate behavior are
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very simple Virst, the current detector vector is cal-

culated Second, |P} 1s searched for classifiers which

match it, these form the “match set” [M| Third, a

classifier is selected from |M) using a probability dis

tribution over the strengths of [M,’s elassifier’s, that

is, the probability of selection of a particular clas-

sifier is equal to its strength divided by the sum of

strengths of classifiers im {M| Fourth,

cording to the action of the selected classifier, or

ines to. ‘The environment’s response to the move

will be as described earher

It can be seen that *’s move choice tends to be

the one having the greatest total strength among the

‘M/ classifiers advocating it ‘Thus, overall, * first

asks which classifiers of |P) “recognize” the current

sensory situation, then from these tends to pick the

move with the greatest associated strength ‘The

subset of M) consisting of classifiers whose action 1s

the same as the chosen action 1s called the “action

ser A

ADAPTATION ALGORITHM

‘The adaptation algorithm has three distinct ase

pects 1) reinforcement of classifier strengths; 2)

“geneticTM operations on classifiers yielding new clas-

sifiers, and 3) direct creation of classifiers.

Reinforcement.

As discussed in the last section, a classifier's

strength is a major determinant of its ability to influ-

ence *’s action and therefore performance. We con-

sequently want strength to reflect the performance

which tends to result when this classifier 1s in [A].

That would be straightforward if every step were

rewarded we could, for example, adjust the clas-

sifier’s strength by an amount proportional to the

reward Classifiers which got bigger rewards would

be stronger, thus more likely to be an (A), etc

Realistically, however, it 1s usually the case that

only some of an organism's actions receive a def-

inite reward from the environment. Actions lead~

ang up to, or setting the stage for, a rewarded ac-

tion are themselves not directly rewarded, but they

must somehow be encouraged or the final payoff

will not occur. Holland|7} addressed this problem

in proposing a “bucket-brigade” algorithm in which,

very briefly, 1) classifiers make payments out of their

strengths (o classifiers which were active on the pre-

ceding cycle, and 2) the same classifiers later corre-

spondingly receive payments from the strengths of

the next set of active classifiers External reward

goes to the final active set in the chain. In effect,

given amount of external reward will eventually’ flow

all the way back through a rehable chain, reinforcing

every precursor classifier

Our basic implementation of this idea is as fol

lows On each step:



1) all classifiers in AJ have a fraction ¢ of their

strengths removed;

2) the total strength thus removed from |] is dis-

tributed to the strengths of any classifiers in |A-

1), defined as the action set in the previous step,

3) * then moves and if external reward 1s received

iis distributed to the strengths of ‘Al; if exter-

nal reward 15 not received. the classifiers of |A\

replace those of |A-1

‘Thus every |A. participates in general in two trans-

actions, one paying out, the other receiving We can

write

$4 =Sa-eSa+p

where Sq 1s [Al's total strength on one step, Si its

total on the next, and p is the total payoff received

{either external reward or from the next (Al) If p is
the same over time, Sa approaches a constant value

given by p/e, so that under reasonably steady pay-

off conditions, Sq 1s an estimator of typical payoff

Similarly, the strength of any individual classifier is

fan estimator of its t pical payoff

The total payoffs to [A and A-I] are sn the sim-

plest case shared equally by the reciptent classifiers.

This has the consequence that the more classifiers

are im, say, /A/, the less payoff each gets

Genetic Operations:

Consider two classifiers which match sunilar si

vations:

Of 01 14 OF 00 00 OF O# 2

and

O# Of 11.01 00 0% O44 Og 2
Each is good. but each still lacks something in gener-

ality since, for example. the matching requirements

for 01 in bits 2-3 and 6-7 respectively, of each are

perhaps unnecessarily restrictive Suppose we make

& new classifier by combining bits 5-9 of the first

with bits O-4 and 10-15 of the second. The result

would be the slightly more general classifier.

O# OF 19 0H OOOH OOH / 2

‘The above operation on two classifiers resembles

kind of crossing-over or recombination of chromo-
some parts in genetics. It is an operation in which

two *parent” classifiers produce an offspring that is

possibly an improvement over both of them An

other “genetic” operation, this time using just one

Parent, would first clone the parent then mutate one

‘oF more of the clone’s taxon positions Other types

of operations on classifier structure can be imagined

{one will be discussed later). In each case the at
tempt is to use existing classifiers as the starting

Points for improved classifiers

But the crossover points above were chosen quite
carefully; otherwise the offspring might have been no

19

Improvement, or even a retrogression (Lo a classifier

nore specific than either parent). We do not expect

the animat to know where best to cut and mutate.

How can we expect genetic operations to be of any

Holland 8 presents a mathematical theory show-

tng that a population of individual symbol strings

im which cach string can be assigned a numerical

worth, will progressively increase in average worth

as its members undergo reproduction, genetic oper-

ations on or among the offspring, and deletion of in-

dividuals to maintain constant population size The

key requirement is that an individual's probability

of reproduction be proportional to its worth. Hol-

land extended the theory to include classifier s

tems. In employing genetic operations, our ani

constitutes an exploration and test of the theory

‘The specific algorithm employed is as follows

1) A first classifier ¢1 of P! is selected with proba-

bility proportional to is strength:

2) If et as merely to be reproduced, a copy of it

as made and added to 'P_ To make room some

classifier 1s deleted;

3) If el 1s to be crossed with another classifier. a

second, ¢2, is selected, also with probability pro-

portional to strength, but from the subset of P

of classifiers having the same action as cl. Two

cut points are chosen as above, but at random,

and an offspring ¢3 constructed out of the parts.

¢3 is added to P’ and some classifier is deleted.

Note that the parents are kept (unless one happens

to suffer the deletion, but this 1s unlikely) The

offspring, in effect, go into competition for payoff

with the parents. Better (higher strength) offspring

should proliferate more rapidly than their parents,

driving them out, for worse offspring, the reverse

should be the case

2Cr ’ Operations

Occasionally, as * executes the performance algo-

rigthm, a detector vector may occur that no cla

fier of [P_ matches, i.e , the situation is unrecognized

‘The animat’s response is to create a new. match-

tng, classifier A taxon is made by adding some 4’

at random to the detector vector, an action 1s cho-

sen randomly. The created classifier 1s added to P

and one is deleted The new classifier immediately

matches the previously unrecognized situation and

action occurs by the normal mechanism

EXPERIMENTAL PROCEDURE

‘The animat model was designed with the vIl-

intelligence definition as a guide In experiments

with the model we are interested in finding pro-

cedures and parameter values that seem to give *



greater rather than less vH-intelligence For this

two measures have been adopted. One is a perfor-

mance measure. given an environment, how many

steps does * take, on average, to find food objects?

The other 1s a generality measure docs * evolve

classifiers each tending to be useful in a number of

distinct situations? Generality 1s important because

it suggests that a high level of performance devel-

oped in one environment will carry over to a some-

what different environment

‘The experimental procedure is to fix *"s methods

and parameters, then have him do a large number

of “problems” in a particular environment E. The

measures of performance and generality are tracked

A “problem” always consists of starting * at a ran-

domly selected blank position in E, then * moves

until he eats some food, at which point the problem

ends The number of steps between start and food is

recorded a moving average of this quantity over the

previous 60 problems 1s the performance measure,

STPSAV

To track generality, we calculate a histogram

over the “periods” of all classifiers in P. The pe-

riod of a classifier 15 a moving average of the number

of steps by * between occurrences in A. of this clas-

sifier Thus a frequently used classifier will have a

low period [P| will then be general to the extent the

histogram of periods is largest at low period. As |P]

evolves we expect the histogram peak to move to-

ward lower period, if [P]'s generality is increasing.

Figure 1 The Environment “WOODS7*.

Aw environment used for many of the exper-

iments is “WOODS7", shown in Fig 1. Although

WOODS? may look ¢ contains a tor

tal of 92 distinct sense 's need to dis-

cover and generalize 1s substantial. To obtain per-

formance baselines, we can start * randomly, then

let him also move completely randomly until food

(F) 1s bumped into. For WOODS7, the long-term

average of the number of steps this takes is about 41
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steps. We may also ask (9: what is the best possible

performance (if, say, the animat had human capa-

bilities)? For every starting position, the number of

steps to the nearest F can be found and averaged

over all starting positions. The result for WOODS7

is 2.2 steps.

RESULTS AND DISCUSSION

Fig 2 showsa performance curve for a combi-

nation of procedures and parameter settings that 1s

‘among the best so far found. There is an initial rapid

improvement within the first 1000 problems (un-

typically good during the first 100 problems, where

STPSAV usually stays above 15), followed by very

gradual improvement thereafter. The performance

at 8000 problems, between 4 and 5 steps, is quite

respectable compared with “perfect” (2 2 steps), es-

pecially since * has no information whatsoever until

he 1s next to a nonblank object.

“4

12

1

6Average steps to food 4

Musber of problens x 1028

Figure 2. STPSAV (ragged line) and Period Av-

erage (broken line) for * to 8000 prob-

lems. Period values as marked.

For the same animat, Fig. 3 shows the histogram

of periods of [P] at 8000 problems. There is a defi-

nite bulge for low periods; the average period is 116.

For comparison, the broken line in Fig. 2 shows the

trend of the period averages at earlier epochs, indi-

cating gradual generalization in the sense we have

defined

Qualitatively, a * such as this one gives the im-

pression of “knowing” the Woods quite well. When

next to F, * nearly always takes it directly; occa-

sionally he will move one step sideways and take it
from that direction. When next to one or more T's,
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but with no F immediately in sight, * quite reliably

steps around the obstacle(s) and finds the F_ When

* 1s “out im the open”, i.e, the sense vector consists

of blanks, he has no information about the best way

to go, as in a thick fog. One might expect *'s be-

havior to resemble a random walk but this is not the

case. Instead, the movements look more like a ge

eral “drift” 1n some direction, with some supert

posed randomness After several problems the drift

may shift to another direction

72

60

40Number of Classifiers 30

‘amt
© Se 108 159 200 258 380 350 400 «so

Period

Figure 3. Histogram of classifier periods for the

* of Figure 2 at 8000 problems

Parameter Values

Parameter values for the animat of Fig 2 were

arrived at by experiment. Three basic parame-

ters are discussed in this section, with observations

about setting them reasonably

For Fig 2, [P| contained 400 classifiers. A suit-

‘able value for this number appears related to the

number of distinct sense vectors or “scenes” (here,
92) in the environment Too small a ratio of clas-

sifiers to scenes results in “forgetful” behavior in
which * keeps losing good moves that appeared well
learned. A small ratio means that for some scenes
deletion has a high probability of eliminating all
matching classifiers. For ratios above about four,
the forgetting is much less noticeable ‘To the extent

jeneralizes, more and more classifiers match each
sense vector, further reducing the problem

‘The “estimator fraction”, ¢, was set at 0.2, 1.€,
‘a classifier lost 20 percent of its strength each time
it entered [A]. In general, smaller values of ¢ mean

that a classifier’s strength reflects 2 weighted av-

erage of payoffs that reaches farther into the past.

Conversely, a larger value makes the strength more

sensitive to recent payoffs. It was found that e = 04

produced a noticeably more erratic STPSAV curve,

whereas changing from ¢ = 02 to 0.1 did not affect

the curve significantly Strength should accurately

estimate a classifier’s typical payoff. In this problem,

payoff fluctuations are apparently large enough so

that ¢ = 0-4 results in too short an averaging interval

for good estimation Ife 1s too small, though, newly

formed classifiers may get evaluated too slowly, we

therefore kept ¢ at 0.2

The rate at which genetic operations occurred

was set proportional to the problen rate Specif-

ically, at the end of each problem, a single genetic

event (as described earlier) took place with probabil-

tty RGPROB Given the event, crossover occurred

with probability XPROB Settings were typically

0.25 and 0.50, respectively. These seemed to ensure

that, on average, classifiers would be fully evaluated

by the reinforcement process by the time they were

selected for a genetic operation (or deleted) Typ-

ically, a problem took five steps in which each set

AJ had about 10 members, giving about 50 evalu-

ations. The above value for RGPROB then implies

200 evaluations per genetic event. This seems ex-

cessive except that some classifiers are much more

frequently used than others and we wanted to allow

for the well-rewarded but infrequently called-upon

classifier. It is possible our results would have been

speeded up, without adverse side effects. by a lngher

genetic rate.

Distance Estimation.

Performance in the earliest animat experiments

was far below the level of Fig. 2. One defect was a

kind of “dithering” in which while * would tend to-

-d F's, the path would have unnecessary sidesteps

and wanderings. It was then realtzed that the ba-

sic reinforcement algorithm does not care whether =

path from point A to food is long or short, there 1s

nothing which preferentially reinforces the most ex-

peditious classifiers Any path, even a looping one,

will come to equilibriuin at a high strength level in

ts constituent classifiers

The solution had to be more subtle than simply

penalizing long paths. What 1s required 1s a tech-

mmigue that, at every position, tends to prefer the

most direct of several possible moves but does not

prevent the setting up of a long path if that is ac-

tually the shortest path available. Our solution was

twofold First cach classifier was niade to keep an

estimate of its distance (in steps) to food. This did

not require elaborate look-ahead Instead each clas-

sifier in A-1] adjusted its distance estimate accord-

ing to an average of the distance estimates of |Aj,

when reward was received, the members of |A’ were

similarly adjusted using the quantity 1. This tech-



nique, with each estimate an average over the last

fow updates, 1s quite satisfactory

The distances are employed as follows In the

performance cycle, selection from (M] is based on

probability proportional to strength, distance mstead

of just strength Consequently, a move tends to be

selected that 1s not only strong, but also ‘shortTM

Now comes the second part of the solution. At the

same ume as |) 1s formed, the set NOT/A] of the re-

maining classifiers in |M) 1s taxed Ly a small amount

(typically five percent): the “longer” classifiers thus

tend to incur a loss by not being selected This

“lateral inhibitionTM induces a sort of catastrophe in

which the shorter classifiers become even more likely
to be picked and the longer become ever weaker, and

can disappear entirely. Note that the competition is

purely local and does not work against the setting

up of minimal long paths

This technique is very effective against “dither-

ing’; the progressive takeover of a match set by

a discovered shorter move has been repeatedly ob-

served Our solution is not perfect, however, be-

cause to suppress the special case of occasional loop-

ing situations we had to impose a small tax (five

percent) on [A]. Since [A] 1s the set which receives

payoff, the tax has hittle effect except if a loop is

taking place, and then the tax 1s soun very effective,

Still, 1m principal, even a small tax on [A] reduces

the strength flow in very long chains, putung them

at a reproductive disadvantage. This residual prob-

Jem may be an indication that as paths grow, they

should be “condensed” into umts of behavior longer

than one step.

Extension

A second area of changes which improved perfor-

mance had to do with the “Create” operations. As

discussed, Create at first only occured when {M! was

empty. It was found that * sometimes also got stuck

looping among situations with nonempty [M)’s. The

tax on [A] enabled recognition of these loops because

the total strengths in each (A) would tend to zero

We put in a threshold that triggered Create if the

strength of any [M] got too low. This suppressed

looping dramatically and improved performance

It was also found important to trigger Create
randomly, at a very low rate (typically, with prob-
ability 0.02 per step). * is engaged in path con-
struction, using the best available current evidence
This can lead to good but nevertheless suboptimal
paths which might be improved if * would only try
something different. Random Creates are one wa:
to introduce a new move direction Usually the new
classifier is no improvement. But when it is, and it
gets tried (gets in {A]), it will be (often heavily) rein-
forced and therefore given a good chance at eventual
reproductive success
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A different type of Create was also found useful

Instead of randomly picking the action in a Created

classifier * may make an educated guess, as fol-

lows From its current position, * steps tentauvely:

into a randomly selected adjacent position. ‘There,

|M| 1s determined and the strength-weighted aver-

age of the distances of its classifiers, MNDIST|M],

is formed. ‘The same is done for several adjacent

positions ‘These values are then compared with

MNDIST M) for the starting position. Several de-

cision schemes are possible, with the general idea

of picking an action direction corresponding to the

shortest apparent path. If, however, none of the ad-

Jacent MNDIST|M|'s is better by more than 1 than

the current position’s value, it 1s preferable not to

create a new classifier. This technique 1s important

early in *’s existence, when very little is yet know:

but, interestingly, it appears that " should not rely

entirely upon it, Some suboptimal paths get set up

which tend not to be improved The problem goes

away if random Creates are also available

Effect of Genetic Operations

Finally, we shall discuss what. the experiments

suggest about the role of the genetic operations To

begin. at 1s helpful to define a “concept” as a set of

classifiers from |P| having exactly the same (axon

and action, and for which there 15 no other class

1m [P| with that taxon and action. The baste effect
of *'s genetic operations then appears to be to ex-

ert a pressure tending to increase the generahity of

{P\’s concepts. That 1s, with time, the periods of

the concepts in [P| tend to decrease The pressure

as restrained by the requirement that the concepts

be more or less correct (* must get the food expe-

ditiously). The precise point of balance appears to

depend on the parameter regime

An mmportant experiment is to evolve an antmat

th reinforcement and Create going as usual, but

th genetic operations turned off. The result is a

performance almost as good as Fig. 2. But signifi

cant generahzation does not occur, the curve of his-

togram averages remains essentially flat ata value

of about 270. There thus appears to be a division

of effort Create introduces the raw material, the

specific examples to be evaluated; and the genetic

operations produce more general concepts from the

examples

Its clear that crossover 1s capable of making a

more general classifier out of two less general par-

ents, this was illustrated earher We are not sure,

however, just why for * the more general concept

has a selective advantage. Somehow, greater gener-

ahty must lead to greater concept strength; there 1s

no other way to win out. Yet being active more fre-

quently does not mm itself result in greater strength

strength 1s an estimator typicel payoff, not payoff

rate.



Our tentative hypothesis stems from noting that

a more specific concept will always have to share

payoff with any more general offspring that comes

into existence This imbally weakens the specific

concept so that the number of classifiers making 1t

up tends to fall (at equilibrium, numbers are propor-

tional to total strength) Consequently, the specific

gets even less of the payoff. since payoff 1s shared

The result 1s a cascading situation in which the more

general concept wins out. The odds favor the gen-

eral because it has more than this one source of p:

off.

While general classifiers appear to have a selec-

tuve advantage, this is of no use unless such classi-

fiers can be formed and mtroduced in the first place

Crossover 1s adequate for some types of generaliza-

ton. But a natural operation for the purpose 1s

obviously intersection We have tmplemented this

operation as follows ‘Two parents are chosen and

anew taxon is formed by intersecting copies of the

parents’ taxa over a randomly selected interval In

that interval, if the parents differ at a position, the

new taxon gets a #, if not, the new taxon gets the

common value Outside the interval, the new taxon

1s filled in from parent 1

Intersection 1s a “hot” operation which should

be used cautiously because it can introduce # s

ft a high rate. Nevertheless, our results show in-

creased generalization with litle performance loss

when crossover and intersection are both available

to*.

Space remains only discuss the deletion tech-

nique. The simplest method, conceptually, is to

delete at random Then, to a first approxunation,

the equilibrium number of classifiers in a concept

or in any subsct of {P) whatsoever —is proportional
toiits total strength A drawback of random deletion

18 that a valuable concept that happens to consist

of one classifier 1s at considerable risk untal 1 re-

produces. This is not a problem on average if P

is large enough Yet one wonders whether “deleting

the weak” might not be better

Several methods have been tried, all but one
clearly worse than random deletion. ‘The possibly
better method 1s to delete with probability propor-
tional to the reciprocal of strength This has the
obvious effect of tending to protect the precious clas-

sifier just mentioned. It can also be shown that the
Probability that a concept {C_ will lose a member
under this type of deletion is proportional 10 the
square of its number, which places a strong restraint
on over-expansion

The * of Fig. 2 employed both intersection
(along with crossover) and inverse-strength deletion

CONCLUSION

In its simple way, * meets the definition of antel-

ligence stated at the beginning. * becomes good

at satisfying its need for food in a Woods of di

verse object configurations on the basis of expei

ence. Though not yet vested, *'s rule generaliza-

on over Lime suggests that performance would be

maintained in a somewhat different Woods. or if the

Woods slowly changed

While the present animat has numerous limi

tations (sensory, motor, memory ete) there docs

not seem to be any essential barrier to removal of

the limitations and to carryover of the present algo-

rithms to a more sophisticated model in more come

phicated environments,
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IMPLEMENTING SEMANTIC NETWORK STRUCTURES

USING

THE CLASSIFIER SYSTEM

Stephame Forrest

‘The University of Michigan
‘Ann Arbor, Michigan

Introduction

One common cnticism of Classifier Systems is the low-level nature of their

representations In Classifier Systems information is stored as rules (classifiers) that have a

very constrained format (binary bit strings). Low-level binary bit string representations

support adaptive learning algorithms well (Holland, 75)(Holland, 80). However, it is difficult

to interpret the behavior of these systems without a high-level interpreter that can code and

de-code the ones and zeroes into more meaningful terms. In particular, although gross

behaviors can be measured at various intervals using some fitness function it is difficult to

chart how learning takes place or to determine what role is played by each component of the

system. This feature of low-level representauions makes 1 difficult to establish direct

connections between the behavior of Classifier Systems and more common high-level

symbolic representations used in artificial intelligence programs

The research described in this paper addresses this criticism by demonstrating that

Classifier Systems are capable of representing sophisticated high-level structures. This has

been accomplished by selecting one class of knowledge representation paradigms (semantic

networks) and showing how they can be implemented as a collection of Classifier System

rules. The described system takes high-level semantic network descriptions as input and

automatically translates them into a Classifier System representation. It also provides a

“query processor” that takes high-level queries about the semantic network, translates them

into a sequence of Classifier System operations, and translates the results of the queries back
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into higher-level answers

In large scale parallel systems such as the Classifier System, the issue of control is

ct tral Control issues arise in two ways for the Classifier System in deciding which

external classifiers are to be generated, and in deciding which external messages are to be

placed on the message list and when As the number of rules in the system increases, it

quickly becomes impossible to do control the system manually, There are at least two

possible ways to automate the process’ “learning” and “compiling.” Compilation can be

viewed as mapping high-level structures onto lower-level operations (“top down”). Likewise,

some kinds of learning (for example, genetic algorithms) can be viewed as the gradual

emergence of higher-level structures from a random assortment of low-level processes:

systems using these kinds of learning organize themselves from the “bottom up.” The

bottom-up approach is the one that has been studied previously for Classifier Systems

(Holland, 80) (Booker. 82) (Goldberg. 83) The top-down approach 1s being explored in this

paper.

The implementation takes the form of a compiler mapping “high-level” semantic

network definitions onto the Classifier System. In this context, the Classifier System is

properly viewed either as a lower-level target language or as a specification for an abstract

parallel machine One particular semantic network formalism was selected for this research

KL-ONE (Brachman. 78) (Schmolze and Brachman. 82) (Brachman and Schmolze. 85)

The KL-ONE family of languages 1s widely used. st contains most of the common semantic

network constructs (the most notable exception being cancel links). has been precisely

described, and includes sophisticated accessing functions as part of the design of the

language These characteristics make KL-ONE an excellent exemplar of the semantic

network representation paradigm

The remainder of this paper is divided into five sections (1) brief description of my

version of the Classifier System, (2) short introduction to KL-ONE (3) description of the

Classifier System implementation of KL~



Since there are several variants of Classifier Systems, I will describe below the one

used for this project. This particular system does not include those features that are specific

to the use of adaptive algorithms, such as bidding, support, etc. This 1s because 1 am

interested in showing what sorts of representations are possible, not how they can evolve.

The following view of the Classifier System emphasizes how it can be used to represent

higher-level structures and does not rely on any parucular hardware implementation. Thus,

it is appropriate to describe the language of possible programs for the Classifier System as a

formal grammar. The input to a Classifier program is the set of external messages (often

called detector messages) that are added to the message list during the program's execution

‘The output is the set of messages (called effector messages) read from the message list by an

external agent. Just as many traditional programs can be run interactively. a classifier

program can be thought of as receiving intermittent input from the external environment

and occasionally emitting output messages. The syntax for the Classifier System is as

follows:

<classifier system> ::= <classifier>

<classifier> <condition>~ => <action>

<condition> <alphabet>" ~<alphabet>”

<action> = <alphabet>"

<alphabet> = 1 0 £

Each classifier, or production rule, consists of a condition part and an action part

The action part specifies exactly one action. while the condition part may contain many

conditions (pre-conditions of activation) Rules with more than one condition are referred to

as *multuple-condition classifiers.” A muluple-condition classifier must have each of 1ts pre-

conditions fulfilled in a single time step for it to be activated ‘The conditions and actions

are fixed length strings over the alphabet (1.0.4) where = denotes “don't care” and 1 and 0

are literals. The determination of whether or not a specific message matches a condition 1s a
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logical bit comparison on the defined (1 or 0) bits. If a “not” condition is used, the

condition is fulfilled just in the case that no message on the message hist matches it. The

#'s in the condition part designate “don’t care” positions in the sense that they match

either 1 or 0. The action part of the classifier determines the message to be posted. All

defined bits appear directly in the output message. Any + symbols in the action part

indicate that the corresponding bit value in the activating message should be substituted for

the # symbol in the output message.! Actual messages are always completely defined in

that they do not contain “don’t care” symbols Separate conditions are placed on separate

lines, and the first condition (the distinguished condition) of a classifier is used to pass

through messages to the action part.

‘As a simple example, consider the following four bit (n = 4) classifier system

~Wi=> un

‘This classifier system has three classifiers. The second classifier illustrates muluple-

conditions, and the third contains a negative condition. If an initial message, “0000” is

placed on the message list at time TO, the pattern of activity shown below will be observed

on the message list

Time Step Message List Activating Classifier

To: 0000 external

TL 1101 first
ill third

T2 mu second

73

T4 lll third,



The final two message lists (null and “1111") would continue alternating until the system

was turned off In TI. one message (1101) matches the first (distinguished) condition and ”

both messages match the second condition. Pass through is performed on the first

condition, producing one output message for time T2. If the conditions had been reversed

(##9#1 distinguished), the message list at ume T2 would have contained two identical

messages (1111)

KL-ONE

KL-ONE organizes descnptive terms into a multrlevel structure that allows

properties of a general concept, such as “mammal.” to be inherited by more specific

concepts, such as “zebra.” This allows the system to store properties that pertain to all

mammals (such as “warm-blooded”) in one place but to have the capability of associating

those properties with all concepts that are more specific than mammal (such as zebra) A

multilevel structure such as KL-ONE 1s easily represented as a graph where the nodes of

the graph correspond to concepts and the links correspond to relations between concepts

Such graphs, with or without property inheritance, are often referred to as semantic

networks.

KL-ONE resembles NETL [Fahiman. 79] and other systems with default hierarchies

1m its exploitation of the idea of structured inheritance of properties. It differs by taking the

definitional component of the network much more seriously than these other systems. In

KL-ONE, properties associated with a concept in the network are what constitute its

definition. This 1s a stronger notion than the one that views properties as predicates of a

“typical” element, any one of which may be cancelled for an “atypical” case. KL-ONE does

not allow cancellation of properties Rather. the space of definitions is seen as an infinite

lattice of all possible definitions: there are concepts to cover each “atypical” case All

concepts in a KL-ONE network are parually ordered by the “SUBSUMES" relation. This

relation, often referred to as “IS-A” in other systems. defines how properties are inherited

through the network. ‘That 1s, if a concept A is subsumed by another concept B, A inherits



all of B's properties. Included in the lattice of all possible definitions are contradictory

concepts that can never have an extension (instance) in any useful domain, such as ~a

person with two legs and four legs.” Out of this potentially infinite lattice, any parucular

KL-ONE network will choose to name a finite number of points (because they are of interest

in that application), always including the top element, often referred to as “THING ”

KL-ONE also provides a mechanism for using concepts whose definitions either

cannot be completely articulated or for which it is inconvenient to elaborate a complete

definition — the PRIMITIVE construct. For example, if one were representing abstract

data types and the operations that can be performed on them, it might be necessary to

mention the concept of “Addition.” However, it would be extremely tedious and not very

helpful in this context to be required to give the complete set-theoretic definition of

addition. In a case such as this, it would be useful to define addition as a primitive concept.

‘The PRIMITIVE construct allows a concept to be defined as having something special

about it beyond its explicit properties Concepts defined using the PRIMITIVE construct

are often indicated with “*" when a KL-ONE network is represented as a graph

While NETL stores assertional information (e.g., “Clyde is a particular elephant”) in

the same knowledge structure as that containing definitional information (for example

“typical elephant”), KL-ONE separates these two kinds of knowledge. A sharp distinction 1s

drawn between the definitional component, where terms are represented. and the assertional

component, where extensions (instances) described by these terms are represented. It 1s

possible to make more than one assertion about the same object in any world For example

it may be possible to assert that a certain obyect is both a “Building” and a “Fire Hazard”

In KL-ONE, the definitional component (and its attendant reasoning processes) of the

system is called the “terminological” space, and a collection of instances (and the reasoning

Processes that operate on it) is referred to as the “assertional” space. The feavures of KL-

ONE that are discussed here (structured inheritance. no cancellation of properties primutive

concepts, etc.) reside in the terminological component, while statements in the assertional

Component are represented as sentences in some defined logic. Reasoning in the assertional



Given a new piece of information. classification 1s the process of deciding where to locate “

that information m an existing network and knowing how to retrieve it once it has been

entered. This information may be a single node (concept) or, more likely, it may be a

complex description built out of other concepts. Because KL-ONE maintains a strict notion

of definition, it is possible to formulate precise rules about where any new descripuon

(terminological) should be located in an existing knowledge base.

As an example of this classification process in KL-ONE, if one wants to elaborate a

new concept XXX that has the following characteristics,

XXXX takes place in Africa. and

XXXX involves hunting zebras,

1) XXXX 1s a kind of vacation,

i
there exists a precise way to determine which point in the lattice of possible definitions

should be elaborated as XXXX Finding the proper location for XXXX would involve

finding all subsumption relationships between XXXX and terms that share characteristics

with it

If the terminological space 1s implemented as a multi-level network, this process can

be described as that of finding those nodes that should be immediately above and

immediately below XXXX in the network The notions of ‘above” and “below” are

expressed more precisely by the relation “SUBSUMES* Deciding whether one concept

SUBSUMES another 1s the central issue of classification in KL-ONE, The subsumption

rules for a particular language are a property of the language definition

(Schmolze and Israel, 83)

In summary. there are two aspects to the KL-ONE system (1) data structures that

store information and (2) a sophisticated set of operations that control interactions with

those data structures. In the following sections. the first of these aspects is emphasized A

more detailed treatment of KL-ONE operations 1s contained in (Lipkis. 81)

More precisely, XXXX has a location role which 1s value restricted to the concept
Afmca, an activity role which 1s value restricted to concept HuntngZebras, and a SUPERC

link connecting it to the concept Vacation.
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Classifier System Implementation of KL-ONE

In this section, a small subset of the KL-ONE language 1s introduced and the

corresponding representation in classifiers 1s presented. Then it 1s shown how simple queries

can be made to the Classifier System representation to retrieve information about the

semantic network representation. The simple queries that are discussed can be combined to

form more complex interactions with the network structure (Forrest, 83)

A KL-ONE semantic network can be viewed as a directed graph that contains a finite

number of link and node types Under this view, a Classifier System representation of the

graph can be built up using one classifier to represent every directed link in the graph The

condition part of the classifier contains the encoded name of the node that the link comes

from and the action part contains the encoded name of the node that the link goes to.

Tagging controls which type of link is traversed. In the following, two node types (concepts

and roles) and six link types (SUPERC, ROLE. VR, DIFF, MAX. and MIN) are discussed

‘These node and link types comprise the central core of most KL-ONE systems and are

sufficiently rich for the purposes of this paper

For the purposes of encoding, the individual bits of the classifiers have been

conceptually grouped into fields. The complete description of these fields appears below

The description of the encoding of KL-ONE is then presented in terms of fields and field

values, rather than ‘using bit values It should be remembered that each field value has a

corresponding bit pattern and that ultimately each condition and action 1s represented as a

string of length thirty-two over the alphabet {1.0,%} The word nil denotes “don’t care” for

fan entire field. There are several distinct ways in which the classifiers’ bits have been

interpreted. The use of tagging ensures that there is no ambiguity in the interpretations

used. The type definition facilities of Pascal-like languages provide a natural way to express
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tag = (NET.NUM.PRE)

link = (SUPERC,ROLE,DIFF,VRLIN!

direction (UP,DOWN);
compare = (AFIELD,BFIELD,CFIELD);

name = string:

message = string;

numeric = 0 .. 63;

.MAX.MIN,):

classifier pattern = record

case tag : tagfield

NET /* Structural Variant *

(vagfield name lnk direction);

NUM :/* Numeric Variant *

(tagfield name nil direction compare numeric);

PRE /* PreDefined Variant *

(tagfield message);
end;

This definition defines three patterns for constructing classifiers: structural, numeric,

and predefined. The structural pattern is by far the most important. It is used to represent

concepts and roles. The numeric pattern 1s used for processing number restrictions. ‘The

predefined pattern is used for control purposes; it has no don’t cares in it, providing reserved

words, or constants, to the system.

The structural pattern has been broken into four fields: tag, name, link, and direction.

‘The tag field is set to NET. the name field contams the coded name of a concept or role, the

link field specifies which link type is being traversed (SUPERC, DIFF etc.), and the

direction determines whether the traversal is up (specific to general) or down (general to

specific)

‘The Numeric pattern has six fields: tag, name, link, direction, compare, and number

In most cases the name, link. and direction fields are not relevant to the numeric processing

and are filled with don't cares. The tag field is always set to NUM, and the compare field is *

one of AFIELD. BFIELD. or CFIELD. The compare field is used to distinguish operands in

arithmenc operations. The number field contains the binary representation of the number

being processed.

The Predefined pattern has the value PRE in the tag field. The rest of the pattern 1s

assigned to one field These bits are always completely defined (even in conditions and
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actions) as they refer to umique constant messages These messages provide internal control

information and they are they are used to initiate queries from the command processor

Concept Specialization

All concepts in KL-ONE are partially ordered by the “SUBSUMES” relation. One

concept, for example Surfing, is said to specialize another concept, say WaterSport, if

Surfing is SUBSUMEG by WaterSport. This means that Surfing inherits all of WaterSport’s

properties. The “SUBSUMES” relation can be inferred by inspecting the respective

properties of the two concepts, or Surfing can be explicitly defined as a specialization of

WaterSport Graphically the specialzation is represented by a double arrow (called a

SUPERC link) from the subsumed concept to the subsuming concept (see Figure 1). KL-

ONE’s SUPERC link is often called an ISA link in other semantic network formalisms.

Since the SUBSUMES relation is transitive, SUPERC hinks could be drawn to all of

WaterSport’s subsumers as well Traditionally, only the local links are represented

explicitly.

WaterSport

Surfing

Figure 1
Concept Specialization

‘Two classifiers are are needed to represent every explicit specialization in the network

This allows traversals through the network in either the UP (specific to general) or DOWN

(general to specific) direction. The classifiers form the link between the concept that is



NORM-WaterSport-SUPERC-DOWN => NORM-Surfing-SUPERC-DOWN

NORM-Surfing-“SUPERC-UP => NORM-WaterSport-SUPERC-UP.

A role defines an ordered relation between two concepts. Roles in KL-ONE are

similar to slots in frame-based representations. The domain of a role is analogous to the

frame that contains the slot; the range of a role 1s analogous to the class of allowable slot-

fillers. In KL-ONE, the domain and range of a role are always concepts. Just as there is a

partial ordering of concepts in KL-ONE, so 1s there a partial ordering of roles. The relation

that determines this ordering is “differentiation.” Pictorially, the DIFFERENTIATES

relation between two roles is drawn as a single arrow (called a DIFF link). Roles are

indicated by a circle surrounding a square (see Figure 2). This allows roles to be defined in

terms of other roles similarly to the way that concepts are defined from other concepts. The

domain of a role is taken to be the most general concept at which it 1s defined, and, likewise,

the range is taken to be the most general concept to which the role 1s restricted (called a

value restriction), If there 1s no explicit value restriction in the network for some role, its

range is assumed to be the top element. THING

Roles are associated with a concept. and one classifier is needed to represent each

association (link) between a concept and its role, For example, the role Arm might be

associated with the concept Person (see Figure 2) and the following classifier would be

generated.

nil-Person-nil-ml-nil

PRE-RoleMessage => nil~Arm-DIFF-nil-nil.

Roles can be defined in terms of other roles using DIFF links. For example. the role

Sibling can be defined as a differenniater of “Relatives” (see Figure 3). Building on this

defimtion. the conjunction WealthySibling is defined by constructing DIFF links from

WealthySibling both to Sibling and to Wealthy as shown in Figure 3.
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Figure 3 shows how these would be drawn

Wealthy Sibling

WealthySibling

Figure 3

Role Differentiation

There are two links specified by this definition. Two classifiers are needed to

tepresent each link so that queries can be supported in both directions (UP or DOWN).

They are shown below:

NORM-Wealthy-DIFF-DOWN => NORM-WealthySibling-DIFF-DOWN

NORM-WealthySibling~DIFF-UP => NORM-Wealthy-DIFF-UP

NORM-Sibling-DIFF-DOWN => NORM-WealthySibling-DIFF-DOWN

NORM-WealthySibling-DIFF-UP => NOR! {-Sibling-DIFF-UP

‘These classifiers control propagations along DIFF links. They could be used to query the

system about relations between roles.

Value Restrictions

Value restrictions limit the range of a role in the context of a particular concept In



for a particular slot. To return to the sibling example. we might wish to define the concept

of a person all of whose siblings are sisters (Person WithOnlySisters). In this case the role,

Sibling, 1s a defining property of PersonWithOnlySisters The association between a concept.

and a role 1s indicated in the graph by a line segment connecting the concept with the role.

Value restrictions are indicated with a single arrow from the role to the value restriction (a

concept). Figure 4 illustrates these conventions.

Person

Person With

OnlySisters
Sibling

One classifier 1s needed for each explicitly mentioned value restriction This classifier

associates the local concept and the relevant role with their value restriction. The control

message. VR, ensures that the classifier 1s only activated when the system is looking for

value restrictions The following classifier is produced for the value restriction:

nil-Person WithOnlySisters-nil-nil-nil

|-Sibling-nil-nil-nil

PRE-VRMessage => nil-Ferale-SUPERC-nil-nil

It should be noted that the above definiuon does not require a PersonWithOnlySisters

to actually have any siblings It just savs that if there are any. they must be female. The

definition can be completed to require this person to have at least one sister by placing a

number restriction on the role
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Pictorially, number restrictions are indicated at the role with (x,y), where x 1s the

lower bound and y is the upper bound Not surprisingly, these constructs place limitations

on the minimum and maximum number of role fillers that an instance of the defined concept

can have. In KL-ONE, number restrictions are limited to the natural numbers The default

MIN restriction for a concept is zero. and the default MAX restriction is infinity. Thus, in

the above example, the concept Person WithOnlySisters has no upper bound on the number

of siblings.

Child

(0.0)

OnlyChild

Sibling

Figure 5

Number Restrictions

Consider the defimtion of an only child shown in Figure 5. This expresses the

definition of OnlyChild as any child with no siblings The following two classifiers would be

generated for the number restriction:

nil-Sibling-nil-nil-ni

nil-OnlyChild-nil-ni

NUM-nil-MAX-nil-nil-0- PRE-MaxMessagt

é nil-Sibling-nil-nil-nil

nil-OnlyChild-nil-mil-ml
fs PRE-MinMessage => NUM-nil-MI

Querving The System

Four important KL-ONE constructs and their corresponding representations in



differentiation, value restriction, and number restriction Once a Classifier System

representation for such a system has been proposed, it is necessary to show how such a

representation could perform useful computations. In particular, it will be shown how the

collection of classifiers that represent some network (as described above) can be queried to

retneve information about the network. An example of such a retrieval would be

discovering all the inherited roles for some concept.

In the context of the Classifier System, the only IO capability is through the global

message list. The form of a query will therefore be message(s) added to the message list

from some external source (a query processor) and the reply will likewise be some collection

of messages that can be read from the message list after the Classifier System has iterated

for some number of time steps.

‘As an example, consider the network shown in Figure 6 and suppose that one wanted

to find all the inherited roles for the concept HighRiskDriver, First, one new classifier must

be added to the rule set

NET-ail

~ PRE-ClearMessage => NET-nil.

This classifier allows network messages to stay on the message list until it is explicitly de-

activated by @ ClearMessage appearing on the message list.

The query would be performed in two stages. First, a message would be added to the

message list that would find all the concepts that HighRiskDriver specializes (to locate all

the concepts from which High ‘Driver can inherit roles) This query takes two tume steps

After the second time step (when the three concepts that HighRiskDriver specializes are on

the message list). the second stage 1s initiated by adding the “Role” message to the message

list. It is necessary at this point to ensure that the three current messages will not be

rewritten at the next time step so that the role messages will not be confused with the

concept messages. This is accomplished by adding the ClearMessage. which “turns off” the

one overhead classifier. Both stages of the query are shown below-*

*The -> symbol indicates messages that are written to the message hist from an
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Time Step Message List

To -> NET-HighRiskDnver-SUPERC-UP

Tk NET-HighRiskDriver-SUPERC-UP

NET-Person-SUPERC-UP

T2 NET-HighRiskDriver-SUPERC-UP
NET-Person-SUPERC-UP

NET-Thing-SUPERC-UP

-> _ PRE-RoleMessage

=> PRE-ClearMessage

73 NET-Sex-DIFF-UP
NET-Age-DIFF-UP

NET-Sex-DIFF-UP

NET-Limb-DIFF-UP

74 NET-Sex-DIFF-UP

NET-Age-DIFF-UP
NET-Limb-DIFF-UP.

The query could be continued by adding more messages after ume T4. For example. the

VRMessage could be added (with the ClearMessage) to generate the value restrictions for all

the roles on the list.

This style of parallel graph search is one example of the kinds of retrievals that can be

performed on a set of classifiers that represent a an inheritance network Other parallel

operations include: boolean combinations of simple queries. limited numerical processing,

and synchronization. An example of a query using boolean combinations would be to

discover all the roles that two concepts have in common. This 1s accomplished by

determining the inherited roles for each of the two concepts and then taking their

intersection Queries about number restrictions involve some numerical processing. Finally,

it is also possible to synchronize the progression of independent queries For these three

types of queries. additional overhead classifiers are required

Discussion

The techniques discussed in the previous section have been implemented and fully

described (Forrest, 85) These techniques are presented in the context of more complex KL-
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KL-

ONE operations such as classification and determination of subsumption.

‘The implemented system (excluding the Classifier System simulation) 1s divided into

four major parts: parser, classifier generator, symbol table manager. and external command

processor. The parser takes KL-ONE definitions as input, checks their syntax, and enters all

new terms (concepts or roles) into a symbol table. The classifier generator takes

syntactically correct KL-ONE definitions as mput and (using the symbol table) constructs

the corresponding classifier representation of the KL-ONE expression The parser and

classifier generator together may be thought of as a two pass compiler that takes as input

KL-ONE network definitions and produces “code” (a set of classifiers) for the Classifier

System. Additional classifiers that are mdependent of any given KL-ONE network (for

example, the overhead classifier described in the previous section) are loaded into the list of

network classifiers automatically. ‘These include classifiers to perform boolean set operations.

sorting, arithmetic operations, ete The symbol table contains the specific bit patterns used

to represent each term in a KL-ONE definition. One symbol table 1s needed for each KL-

ONE network. Thus. if new concepts are to be added to a network without recompilation,

the symbol table must be preserved after “compilation.” The external command processor

runs the Classifier System, providing mput (and reading output) from the “classifier

program.”

Several techniques for controlling the behavior of @ Classifier System have been

incorporated into the implementation Tagging, in which one field of the classifier 1s used as

a selector, is used to maintain groups of messages on the message list that are in distinct

states. This allows the use of specific operators that are defined for particular states This

specificity also allows additional layers of parallelism to be added by processing more than

‘one operation simultaneously In these situations the messages for each operation are kept

istinct on the global message list by the unique values of their cags.

Negative conditions activate and deactivate various subsystems of the Classifier

System. Negative conditions are used to terminate computations and to explicitly change

the state of a group of messages when a “trigger” message is added to the list. ‘The trigger

condition violates the negative condition and that classifier is effectively turned off.



Computations that proceed one bit at a time illustrate wwo techniques (1) using

control messages to sequence the processing of a computation. and (2) how to collect and

combine information from independent messages into one message. Sequencing will alw:

be useful when a computation 1s spread out over multiple ume steps instead of being

performed in one step. Collection is important because in the Classifier System it 1s easy to

“parallelize” information from one message into many messages that can be operated on

independently. This is most easily accomplished by having many classifiers that match the

same message and operate on various fields within the message The division of one message

into 1ts components takes one time step. However. the recombination of the new

components back into one message (for example. an answer) is more difficult. The collection

process must either be conducted in a pairwise fashion or a huge number of classifiers must

be employed. The computational tradeoff for n bits is 2" classifiers (one for each

combination of possible messages) in one time step versus n classifiers (one for each bit) that

are sequenced for n time steps. Intermediate solutions are also possible

‘Synchronization techniques allow one operation to be delayed until another operation

has reached some specific stage. Then both operations can proceed independently: until the

next synchronization point. Synchronization can be achieved by combining tagging with

negative conditions.

Conclusions

Classifier Systems are capable of representing complex high-level knowledge

structures. This has been shown by choosing one example of a common knowledge

representation paradigm (KL-ONE) and showing how it can be translated into @ Classifier

System rule set In the translation process the Classifier System 1s viewed as a low-level

target language into which KL-ONE constructs are mapped. The translation 1s described as

compilation from high-level KL~ONE constructs into low-level classifiers

Since this study has not mncorporated the bucket brigade learning algorithm, one

obvious direction for future study 1s exploration of how many of the structures described
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here are learnable by the bucket brigade. This would test the efficacy of the learning

algorithm and 1 would allow an investigation of whether the translauions that I have

developed are good ones or whether there are more natural ways wo represent similar

structures. While the particular algorithms that I have developed might not emerge with

learning, the general techniques could be expected to manifest themselves It 1s possible

that some of these structures are not required to build real world models, but this seems

unlikely based on the evidence of KL-ONE and some miual investigations with the bucket

brigade These structures are for computations that are useful in many domains and could

be expected to play a role in most sophisticated models that are as powerful as KL-ONE.

Since they are useful in KL-ONE, this suggests that they mught be useful in other real world

models

A start has already been made in this direction. Goldberg (Goldberg, 83] and Holland

[Holland, 85] have shown that the bucket brigade is capable of building up default

hnerarchies, using tags using negative conditions as triggers, and limited sequencing

(chauning). In addition. 1 would look for synchronization. more sophisticated uses of tags

more extensive sequencing, and in the context of knowledge representation. the formation of

roles Roles are more complex than “properties” for two reasons First, they are two place

relations rather than one place predicates. and second. relations between roles (DIFF links)

are well defined. Of the other structures it 1s possible that some are so central to every

Tepresentation system that they should be “bootstrapped’ into a learning system ‘That 1s

they should be provided from the beginning as a “macro” package and not required to be
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The Bucket Brigade is not Genetic

T. H. WESTERDALE

Abstract -- Unlike genetic reward schemes, bucket brigade

schemes are subgoal reward schemes. Genetic schemes operat~

ing in parallel are here compared with a sequentially

operating bucket brigade scheme. Sequential genetic schemes

and parallel bucket brigade schemes are also examined in

order to highlight the non-genetic nature of the bucket bri-

gade.

1, INTRODUCTION

The Bucket Brigade can be viewed as a class of appor-

tionment of credit schemes for production systems. There is

an essentially different class of schemes which we call

genetic. Bucket Brigade schemes are subgoal reward schemes.

Genetic schemes are not.

For concreteness, let us suppose the environment of

each production system is a finite automaton, whose outputs

are non-negative real numbers called payoffs. (To simplify

our discussion, we are excluding negative payoff, but most

of our conclusions will hold for negative payoff as well.)

Each production's left hand side 1s a subset of the environ-

ment state set and each production's right hand sade 1s a

member of the environment's input alphabet. Associated with

each production is a positive real number called that

production's availability.

Probabilistic sequential selection systems are systems

in which the following four steps take place each time unit

(1) The state of the environment is examined and those pro-

ductions whose left hand sides contain this state form the

eligibility set. (2) A member of the eligibility set is
selected, probabilistically, each production in the set

being selected with probability proportional to its availa-

bility. (3) This production then fires, which means merely
that its right hand side is input into the environment caus~

ing an environment state transition and an output of payoff.

(6) A reward scheme (or apportionment of credit scheme
examines the payoff and on its basis adjusts the avaizlabili-

ties of the various productions. Thus the availabilities
are real numbers which are being continually changed by the

weward scheme. Probabilistic sequential selection systems
Giffer from one another in their differing reward schemes.

states eaisume that for any ordered pair of environment
@tes there is a sequence of productions which will take us



from the first state to the second.

The average payoff per unit time is a reasonable meas-

ure of how well the system is doing. If the availabalities

are held fixed, the system-environment complex becomes a

finite state Markov Chain, and the average payoff per unit

time (at equilibrium) is formally defined in the obvious

way. As the availabilities change, the average payoff per

unit time changes. Thus the average payoff per unit time

can be thought of as a function of the availabilities. The

object of the reward scheme is to change the availabilities

so as to increase the average payoff per unit time

The systems above have been simplified so as to more

easily illustrate the points we wish to make. In any usefu.

system the environment would output other symbols in addi-

tion to payoff, symbols whach we could call ordinary output

symbols. The left hand sides of the productions would then

be sets of ordinary output symbols. A useful system would

also contain some working memory (a “blackboard” or “message

list") which could be examined and altered by the produc-

tions. In the above systems the working memory is regarded

as part of the environment and instead of sets of output

symbols we have sets of (Moore type) automaton states which

produce those symbols. for illustrative purposes we have

simplified the system by removing various parts and leaving

only those parts on which the reward scheme operates.

In our systems the set of productions is fixed. We

want to study the reward scheme, and allowing generation of

new productions from old ones (E.9. [4]) will merely dis-

tract us.

II. GENETIC SYSTEMS WITH COMPLETE RECOMBINATION

At any given time, the production system can be thought

of as a population of productions, the availability of a

Production giving the number of copies of that production in

the population, or some fixed multiple of the number of

copies. Thus the process of probabilistic selection of the

production to fire can be thought of as randomly drawing

productions from the population, until one 1s drawn that i

in the eligibility set. In some systems the population is

held explicitly and the availabilities are implicit whereas

in others the availabilities are held explicitly and the

population is implicit.

1f the system is to be viewed as a population of pro-

ductions, then of course after each production is success-

fully selected from the population it as tested on the

environment with the environment in the state in which the

previously selected production left it.
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It is easier to analyse systems in which the result of

a test of a production is independent of which productions

were tested previously. Such systems are usually unrealis

tic, but if the system is viewed as a population of produ

tion strings, rather than of individual productions, then it

is often realistic to view the test of a string as being

independent of whach strings were tested previously. Let us

look at a population system of this kind. The system wall

consist of a population of production strings. The popula

tion will change over time. Tame is viewed as divided into

large units called generations. During a generation, every

string in the population is tested against the environment

and, as a result of the tests, the reward scheme determines

the composition of the population in the next generation. A

system of this kind we call a string population system

Let's examine such a system and give its reward scheme in

detail. We shall call the system, System A. System A is a

genetic system with complete recombination.

Begin wath a set of productions, each with an availa-

bility. Let nm and N be large integers wath n much larger

than N. The set of availabilities define a population of

length n strings of productions (possibly with repeats) as

follows. Let v be the sum of all the availabilities. For

any length n string, the number of copies of that string in

the population is nv" times the product of the availabil

ities of its constituent productions. In each generation

the number of progeny of each string 1s given by testing the

string and summing the payoff obtained during the test. To

test a string one selects the first production in the strang

that 1s in the eligibility set, fires it, then moves on down

the string untal one finds the next production in the strang

that 1s now in the eligibility set, fires it etc. etc. until

N productions have fired. We will not worry here about the

few cases where one gets to the end of the string before N

productions have fired.

We are assuming that during a generation, every string

is tested against the environment. We are also assuming

that there is an “initia] state" of the enviranment and that

when each string 1s tested the test always begins with the

environment in the initial state, so that the results of a

string test are independent of which strings were previously
tested.

____The formation of progeny 1s followed by complete recom-
bination. In other words, each production's availability i
incremented by the number of times that production occurs in

the new progeny, and the next generation's population i
formed from the availabilities just as the previous
Seneration’s population was. (In effect, the strings are
brokén into individual productions and these productions
then re-combine at random to form a new population of
denath-n strings.)



We could have demanded that each string test begin with

the environment in the state in which the last string left

at, but if N and n are large then this demand will make

hardly any difference to the test results. This 1s because

the environment “forgets” what state it started in during a

long test. For example, suppose there is one production

whose left hand side is the set of all environment states

and whose right hand side 1s a symbol which resets the

environment to one particular state. Let's call this pro-

duction the resetting production. Then during any string

test, once the resetting production 1s encountered, the pay-

off for the rest of the test and the successive availability

sets are independent of the state the environment was in

when the test started. Thus each string has a value

independent of which strings were tested previously, except

for a usually small amount of payoff at the start of the

test before the first occurrence of the resetting produc-

tion. One can generalize these comments usefully to the

case where there is no resetting production [6], but we wall

mot do so formally here. The important thing to note 1s

that except for a usually small initial segment, the

sequence of successive eligibility sets would be independent

of which strings were tested previously (provided n and N

are large enough). Thus we do not lose anything important

af we assume that each test begins with the environment in

some initial state. So we can think of the tests in a gen-

eration as taking place sequentially or in parallel, it

makes no difference.

Let the value of a string be the sum of the payoffs

when the string is tested wath the environment begun in the

initial state. If there are x copies of a string in the

Population, and if the value of 7 15 y, then the number of

progeny of will be xy. If r 18a production which occurs

z times inthe string » then zxy will be the contribution of

the progeny of 7 to the increase 1n the availabality of r

This is obvious, and we have only re-stated matters in this

way to make it clear that we need not insist that x, y, and

the activations are integers. The formalism makes perfect

sense provided they are non negatave real numbers. If the

value of is 0.038 then every copy of 7 will have 0.038

Progeny. (But remember, we insist that ‘activations, and

hence x, are actually positive.

Note that the behavior of System A can be thought of as

a sequence of availability tuples. In any given generation

the population composition 1s given by the availabilities.

Just as in the probabilistic sequential selection systems,

the availabilities determine the average payoff per unit

time (averaged over the tests of all the strings in the gen-
eration).

System A is deterministic. Given a tuple of avaalabal-

ities it is completely determined what the next tuple of
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