A LEARNING SYSTEM
AND ITS PSYCHOLOGICAL IMPLICATIONS

John R. Anderson
Depertment of Psychology
Carnegie-Mellon University
Pittsburgh, PA 15213

Paul J. Kline

Department of Psychology
Carnegie-Mellon University
Pittsburgh, PA 15213

Abstract

ACT is a computer simulation program that uses a propositional network to represent knowledge of facts and a set of productions (condition
- action rules) to represont knowledge of procedures. Thore are currently four different mechanisms by which ACT can make additions and

modifications to its set of productions:

designation, strengthoning, generalization, and discrimination.

Designation refers to the ability of

productions to call for the croation of now productions. Strengthening a production involves adjusting the amount of system resources that

will be allocated to its processing.

Finally, genoralization and discrimination refer to complementary processes that produce better

performance by eithor extending or restricting the range of situations in which a production will apply. These learning mechanisms are used
to simulate experiments on prototype formation. ACT successfully accounts for the effects of distance of instances from a central
tendency, frequency of individual instances, and the family resemblance structure of categories.

| introduction

ACT is a theory that combines ideas from cognitive psychology and
artiticial intolligonce. It is both a performance theory and a learning
theory. As a performance theory ACT is concerned with the factors
that dotermine how quickly, how reliably, and in what ways humans
can perform a cognitive task. As a learning theory it is concerned with
how the knowledge needed to perform such a task is acquired and
properly integrated.

The behavioral domains we have tried to model with the performance
system include memory, inference, and language. This work is
described in Anderson (1976), Anderson, Kline, and Lewis (1977),
Anderson and Kline (1977). Our learning rescarch has concentrated in
the past on language acquisition, but more recently we have also
become interested in modelling learning of high school geometry and
learning of LISP by programming novices. Preliminary reports of this
work are Anderson, i.iine, and Beasley (1977, 1979a, 1979b). This
paper focuses on how the ACT theory would apply to prototype
formation. There is a considerable body of empirical research on this
topic in cognitive psychology.

The ACT system falls at the intorsection between cognitive
psychology and artificial intelligence. Many of the concepts described
in this papor can already bo found in the fields of knowledge
representation and knowledge acquisition but there are some new
concepts developed out of dotailed consideration of human behavior.
The ACT system architecture provides a novel synthesis of these
individual concepts. With these concepts and architecture we are able
to account in detail for some important psychological phenomena.
Thus, we hope that this paper will provide researchers in Al with a
few new concepts but mainly a new perspective on familiar concepts
and their possible combination. We also hope that the paper will
indicate to researchers in cognitive psychology new potentials for
some of the concepts in artificial intelligence.

The ACT System

In ACT knowledge is divided into two categories: declarative and
procedural. The declarative knowledge is represented in a
propositional network, which is similar to other semantic network
representations (Quillian, 1969; Anderson and Bower, 1973; Norman
and Rumelhart, 1975; Shapiro, 1971; Simmons, 1973). While tho
network aspects of this representation are important for such ACT
processes as sproading activation, they are not important to the
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current learning discussion. For presont purposes we will consider
ACT's declarative knowledge as a sot of assertions or propositions and
ignore the technical aspects of its network representation.

ACT represents its procedural knowledge as a set of productions. The
ACT production system can be scen as a considerable extension and
modification of the production systems developed at Carnegie-Mellon
(Newell, 1972, 1973; Rychener and Newell, 1978). A production is a
condition-action rule. The condition is an abstract specification of a
set of propositions in the network. To be matched to the condition,
the propositions must be act/ve. ACT's activation mechanism is
designed such that the only active propositions are those that have
recently beon added to the data base or that are closely associated to
such propositions. Propositions are added to the data base either
through input from the environment or through the execution of
productions. Thus, this activation system gives ACT the property of
being responsive to changes in its environment or in its internal state.

ACT's basic control structure is an itoration through successive cycles,
where each cycle ccnsists of a production selection phase followed
by an execution phase. On each cycle an APPLYLIST is computed
which is a probabilistically defined subset of the productions whose
conditions have all their constants active in the data base. The
probability that a production will be placed on the APPLYLIST depends
on the strength ('s) of that production relative to the sum ('S) of the
strengths of all the productions whose conditions mention active
elements; that is, this probability varies with s/S. Discussion of the
process of assigning a strength to a production will be postponed until
a later section; all that nceds 1o be said here is that this strength
reflects just how succossful past applications of this production have
been. Thus one component of the production-selection phase consists
of choosing those productions which are the most likely to apply
successfully.

Il Learning in ACT

ACT can learn both by adding propositions to its data base and by
adding productions. It can also learn by modifying the strengths of its
propositions and productions. We will concentrate here on the learning
that involves productions. Production learning tends to involve the
more significant cvents of cognitive restructuring. It is also through
production learning fhat ACT accounts for prototype formation.
Productions can be added to th:y data base in one of two ways. They
can be added by tloliberatn designation as in the encoding of



instructions or they can be added through the spontaneous rostructuring
of productions in response to erperience. Our focus in this paper will
be on spontaneous restructuring. The dosignation process plays only a
small role in our modelling of the prototype formation literature.

‘Generalization
A very important component of the sponlaneous learning process
involves generalization, ACT uses an algorithm which finds the
maximal common generalization of two productions in the sense
developed by Vere (6.0. 1977) and Hayes-Roth (e.g. 1976). The.
basic idea behind this generalization technique is to compare pairs of
similar productions P‘ and PZ and to form new productions P3 which
have the fnllowing characteristics:

(a) P, will apply in the circumstances that either

Py or Py did (and possibly new circumstances)

(b) P, will have the same effect as P, or

Pz in the circumstances that P‘ or P2 applied

(c) There is no production P, that satisties (a)

and (b) and only applies in a subset of the

circumstances that P3 does.
The maximal common generalization is not always unique; in which
case ACT selects in a random fashion. These generalizations are
formed basically by deleting clauses in the conditions of P‘ and Pz and
by replacing constants by variables.

We have a number of heuristics to help direct the generalization
process, but obviously have no general solution to the NP-complete
partial matching pfo'blom embedded in tho process of generalization
(see Hayes-Roth, 1977). Most of the examples we run into seem to
be computationally tractable. Examplos can be designed that push the
computational limits of the systom but they do not seem particularly
easy generalization probloms for humans either. We have been
concerned in ACT with developing (a) principles for deciding when to
attempt forming qeneralizations in a realistically large system with
very many productions; and (b) principles of caution for integrating
generalizations (there is always a danger of overgeneralization) into
the operation of the system.

An example will help to illustrate ACT's automatlic generalization
mechanism. Figure 1 illustrates the stimuli studied by subjects in
Experiments 3 and 4 of Franks and Bransford (1971). We will assume
that subjects designate productions to recognize each stimulus. So
for the first stimulus item subjects would designate the following
production: .
P1: IF a trlangie is to the right of a clrcle
and a square |s to the right of a heart
and the first pair is above the second pair
THEN this Is an Instance of the study material

For the third stimulus the following production would be designated:

P2: IF a clrclo is to the right of a trlangie
and a square Is to the right of a heart
and the first pair Is above the second pair
THEN this is an instance of the study material
From these two productions a generalization can be formed that
captures what these two productions have in common. This involves
deleting terms on which the two productions differ and replacing these
terms by local variables. Thus, we have the following generalization.
P3: IF a LVshapel is to the right of a LVshape2
and a square Is to the right of a heart
and the first pair Is above the second pair
THEN this is a:. instance of the study material
The local variablos in iis generalization are prefaced by LV. This
generalization can be thought of as an attempt on ACT's part to arrive
at a more general characterization of the study material. Noto that
ACT's generalization mechani<m needs only two examples 1o propose a

*The actual, syntax of ACT productions is considerably more
complex than this. We present them in a pseudo-English to facilitate
readability.
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generalization. This generalization does not replace the original two
but rather co-exists with them as an alternate means of characterizing
the stimulus set. Which production will actually produce the response
depends on the strength mechanism that we will describe shortly.

Restrictions are needod on how many elements can be deleted in
making a generalization. Consider, ACT's representation for the sixth
stimulus from the Franks and Bransford set:
Pé4: It a clrcle is to tha right of a trlangle
and a heart Is to the right of a blank
and the first pair is above the second pair
THEN this is an iInstance of the stimulus material

If we allowed this stimulus to be goneralized with stimulus 1 (P1) we
would get a production that would accept any array of four geometric
objects as an instance of the study material. While il is conceivable
that any such array may be an experimental stimulus, this seems like
too strong a generalization 1o make just on the basis of these two
examples. Therefore, a limit is placed on the proportion of constants
that can be replaced by variables in forming a generalization. Of the
two productions from which the generalization is formed, the one with
the least number of constants is used as a reference. The number of
constants in the genoralization can be no fower than half this quantity.
The terms that ACT considers constants aro italicized. There are five
constants in productions P1, P2, and P3. Production P3 is an
acceptable generalization from P1 and P2 bocause it only involves
replacement of two of the constants. P1 and P4 are prevented from
forming a generalization because this would require replacing four of
the five constants with variables.

Even with this restriction on the proportion of constants deleted it is
likely that unacceptably many goneralizations will be formed. A
realistic simulation of an adult human's ontire procedural knowledge
would require hundreds of thousands of ACT productions. Under these
circumstances it seems infoasible to attempt to generalize all possible
pairs of productions. ACT only attempts to form generalizations when
a new production has been designated. Also, generalizations are
attempted only for pairings of newly-designated productions with the
productions on the APPLYLIST, Since a production is on the
APPLYLIST only if the constants it references are active and it has
met a strength criterion, this implies that attempts to generalize will be
restricted to productions that are relevant to the current context and
which have enough strength to indicate a history of past success,
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Discrimination
Even with wese restrictions placed on it, ACT's generalhzation

mechanisms will produce prodictions that are overgeneralizations of
the desired production. However, given our goal of a psychologically
realistic simulation, such overgeneralizations on ACT's part are
actually desirable since it can be shown that people make similar
overgeneralizations. For example, children learning language (and, it
appears, adults learning a second language--see Bailey, Madder, and
Krashen, 1974) overgonoralize morphemic rules (Brown, 1973). Thus
a child will gencrato mans, glvod, etc. ACT will do the same.

Use of a discrimination mechanism seoms relatively unique in the
knowledge acquisition literature--Winston's (1972) use of "near
‘misses” being the onlv related nechanism we are aware of, The use
of discrimination is motivated by the fact that any system that tries to
improve itself by making generalizations must, occasionally, make
overgencralizations. Discrimination provides an automatic means for
"debugging" such errors. To correct overgeneralizations ACT must
create more discriminate productions.

The discrimination mechanism will only attempt to discriminate an
overgeneral production when it has both a correct and an incotrect
application of that production to compare. (Productions place new
propositions into the data base and emit observable responses; either
of these actions can be declared incorrect by a human observer or by
ACT itself. In the absence of such a doclaration an action is
considered correct.) Basically, this algorithm remembers and compares
the variable bindings in the correct and incorrect applications. It
attempts to find a variable that had different bindings in these two
applications. In forming the discrimination, restrictions are placed on
that variable to prevent the match that led to the unsuccessful
application while still permitting the match that led to the successful
application. In the simulations of schema abstraction that will be
discussed, a now production was formed from the old production simply
by replacing the variable by the constant it was bound to during the
successful application. In some of our other work (e.g. Anderson,
Kline, & Beaszley, 1979a) the variable was kept but an additional
clause was added to restrict what the variable could match.

As an example of the discrimination process, we will consider a
categorization experiment from Medin and Schaffer (1978). We will
focus on two instances they prosented from category A. One was
two large rod trlanglos and the other was two large blue clrcles.
From thesze two coxamples, ACT would designate the following
categorization productions:
P6: IF a stimulus has tuo large red triangles
THEN it is In category R

IF a stimulus has tuwo large blue circles
THEN It Is in categeory A

From these two ACT would form the following generalization:

P8: IF & stimulus has tuo large LVcolor LVshapes

THEN it is in catagory R

However, this turnod out to be an overgeneralization. To be in
category A the stimulus had to be either red or a circle or both, Thus,
the counter-cxample was presented of two large blue triangles which
was a stimulus in category B. Generalization P8 misapplied in this
circumstance. By noting what distinquished the circumstances of
corroct applications of generalization P8 from the circumstances of
incorrect application, both of the following productions would
eventually be formed by the discrimination mechanism. These
productions will always produce correct classifications.

P7:

P9: IF a stimulus has tuo large red LVshapes
THEN 1t is In category R
P18: IF a stimulus has tuo large LVcolor circles

THEN it is In catagory R
Thoso produc.tions waera formad from P8 by replacing one of its
variables (cither LVcolor or LV=hapes) by the binding that variable had
during a successful application--i.e. an application to a stimulus that
was actually from category A. (As an aside, these two productions
illustrate how ACT can encode disjunctive concepts by the use of
multiple productions).
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Production Strength and Specificity

When a naw production is created by the designation process there is
no assurance that its condition is really the best characterization of
the circumstances in which its actlion is appropriate. For this reason,
generalization and discrimination processes exist to give ACT the
opportunity to evaluate alternative conditions for this action. It is the
responsibility of ACT's strenath mechanisms to perform the evaluation
of these alternative productions.

Through experience with the ACT system we have created a set of
parameters which, although Somewhat arbitrary, appear to yield
human-like performance. Tre first time a production is created (by
designation, generalization, or discrimination) it is given a strength of
.1. Should that production be recreated its strength is incremented by
.05. Furthermore, a production has its strength incremented by .025
every time it applies or a production consistent with it applies. (One
production is considered consistent with another if its condition is more
general and its action is identical.) Finally, whenever a production
receives negative foedhack its strength is reduced by a factor of 1/4.
Productions consistent with the misapplied production also have their
strength reduced by a factor of 1/4. Sinco a multiplicative adjustment
produces a greator change in strength than an additive adjustment, a
"punishment” is more cffective than a "reinforcement”, Since
increments and decrements in strength propagato to more general
productions and since qenoral productions can have a number of more
specific productions consistent with them, they tend to reflect quite’
rapidly and sensitivoly the weight of experience.

Recall that a production's strength detormines the probability that it
will apply. If s is the strength of a production and S the fotal strength
of all active productions, the probability of that production being
chosen on a cycle for application is 1-0~ S/ where b is a parameter
currently set at 15, If a production passes this probabilistic hurdle it is
placed on the APPLYLIST. Of course, if a production is not applied one
cycle and the circumstances do not change, it can apply on a later
cycle. Thus, strength atfects both the latency and reliability of
production application.

While selection rules based on strength can make some of the required
choices among competing productions, it is clear that strength cannot
be the sole criterion for conflict resolution. For example, people
reliably genorate irregular plurals (e.9., men) under circumstances in
which the "add s" rule for regular plurals is presumably also applicable.
This reliable performance is obtained despite the fact that the
productions responsible for generating regular plurals are applied much
more frequently than those for irregulars and therefore should be much
stronger. ACT has a specificity ordering on its productions which
makes it possible to deal with oxceptions to strong rules: If two
productions both have enough strength to be placed on the APPLYLIST
but the condition of one of them is a more specific version of the
condition of the other (i.e. satisfied in a subset of the situations that
satisfy the other), then the more specific production will apply and will
block out the more general prodiction. This principle accounts for the
execution of a produclion generating an irregular plural since its
condition presumably contains all of the requirements for generating the
regular plural and mus<t, in addition, make reference to the spocific noun
to be pluralized. This special case principal can be tracod back to
Waterman (1970) and variants of it can be found in many current
production systems (¢.g. Rychener 8 Newell, 1978).

The precedence of exceptions over much sironger general rules does
not imply that exceptions always apply. In order to benefit from the
specificity-ordering principle erceptions must first have achieved the
amount of strength necessary to be placed on the APPLYLIST. This
property of the ACT model is consistent with the fact that words with
irregular inflections have high frequencies of occurrence.

Production strength is another important way in which ACT differs from
most other compiter-based learning systems (e.g., Anderson, 1978;
Vere, 1977; Hayes-Roth & McDermott, 1976; Sussman, 1975;



Winston, 1970; Waterman, 1970. The learning of all these systems
has an all-or-none character that ACT would share if creating new
productions were its only learning mechanism, The strength
mechanisms modulate the all-or-none character of production creation
enabling ACT to cope with tho kind of world that people have to cope
with--a world whore data is not porfoctly reliable and contingencies
change in such a way that even beoing as cautious as possible it is
certain that occasional errors will bo made.

Ili Applications to Prototype Formation

There is a growing literature concerned with the process by which
humans form concepts by detecting reqularities among stimuli (e.g.,
Franks & Bransford, 1971; Hayes-Roth & Hayes-Roth, 1977;
Newmann, 1974; FPosner 8 Keole, 1970; Reed, 1972; Reitman &
Bower, 1973; Rosch & Mervis, 1975). This literature is often
referred to as studying prototvpe formation, but for various reasons
we also refer to it as studying schema abstraction.

In the remainder of this paper we descrihe how ACT's automatic
fearning mechamisms can bhe used to model schema abstraction. In
outline, this application is as follows: For each instance presented,
ACT designates a production thatl recognizes and/or categorizes that
instance alone. Generalizations occur through the comparison of pairs
of these productions. If feedhack about the correctiness of these
generalizations is provided then the discrimination process can be
evoked. Our working definition of a concept will be this set of
designations, generalizations, and discriminations.

Franks and Bransford: WHlustration of Basic
Phenomena

We have already introducad (rigre 1) the material used by Franks and
Bransford in one of their evperiments on schema abstraction. Subjects
studied the 12 pictures in Figure 1 twice and then were transferred to
a recognition phase in which they rated test piclures according to
whether they had beoen studied or notl.  The test pictures could be
classified according to how many transformations separated them from
the central tendency of the study stimuli. There were test stimuli 0,
1, 2, or 3 transformations from the study stimuli and some "non-cases"
which were still further removed. Some of the test figures were
actually studied and some wern not. Franks and Bransford report that
confidence ratings for recogrition generally decreased with the number
of transformations from the base and was lowest for the non-cases.

To simulate the Franks and Bransford experiment we ran ACT through
propositional encodings of the items in the study sot twice, designating
a recognifion production for each stimulus it saw. Then at test ACT
was again presented with a propositional encoding of each stimulus and
the production which applied to this encoding (if any) was noted.
Sufficient generalization had occurred so that most of the stimuli were
recognized by at least one of the productions.

Since most experiments in this ftiterature report data on subjects
confidence in their judgments, a critical question was how to map the
production selected onto a confidence rating. We assumed that ACT's
confidonce would be a function of the number of constants in the
stimulus (and therefore an inverse function of the number of
variables). This procedure for assigning confidence will be used
throughout this paper. This ic a reasonable procedure for assigning
confidence, since the more constants in the recognizing production the
closer it is to an encoding of an actual tost item. In the extreme, if
the stimulus is recognized by a production with no variables the subject
can be sure that the item was studied sinco a non-variabilized
production is an encoding of a study item.

To obtain prodictions for this experiment we ran a series of ACT
simulations. Altogether we obtained fifty ratings for each test stimulus
and the data we report will bo based on averages of these fifty
ratings.
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O-transformation test stimuli were given a mean rating of 1.66 (i.e.
mean number of constants in  matching productions); the
one-transformation test stimuli were rated 1.24; the
two-transformation stimuli were rated 1.11; the threo-transformation
stimuli were rated 1.13; and the non-cases were rated .65. This
corresponds to Franks and Bransford's report of an overall correlation
between closeness to base and rating. (They do not report the actual
ratings.) Neumann (1974) performod a replication of Franks and
Bransford and he did ropoit mean ratings for each of the five
categories of test stimuli. The confidences assigned to the stimuli by
his subjects corresponds exactly in rank ordering to tho results
obtained from ACT.

This experiment servos to illustrate that ACT can account for one of
the basic phenomena of schema abstraction -- namely that confidence
falls off with distance of the stimuli from the central tendency
(prototype) of the category. The generalizations ACT forms represent
what various stimuli will have in common. Therefore, there will be
more generalizations formed that match central stimuli than ones that
match peripheral stimuli. It is this greater density of generalization
that give central stimuli this advantage.

Hayes-Roth and Hayes-Roth: Variation of
Instance Frequency

Hayes-Roth and Hayes-Roth (1977) report a study, one function of
which was to obtain data relevant to the issue of memorv for
instances. They presented subjects with three-attribute descri;')tions
of more than one hundred people. One attribute was age and could
have values 30, 40, 50, and 60. Another was education and could
have values junior high, high school, trade school, and college. The
third was marital status which could have values single, married,
divorced, and widowed. The descriptions also included proper names
and hobbies but this information was not critical. Thus, a subject might
hear the description "John Doe, 30 years old, Junior high education,
single, plays chess.” Subjects' task was to learn to classify these
individuals as members of club 1, members of club 2, or neither club.

We will assume that for cach individual encountered, subjects
designated a production mapping that individual's foatwres into a
prediction about club membership. So, for instance, a subject might
form the following production:
It a person is forty years old
and he has gone to high school
and he Is single
Then he is a member of club 1

Hayes-Roth and Hayos-Roth varied the frequency with which various
instances were studied. Somo instances were presented 10 times
while others only once. A study trial consisted of first presenting the
subject with an instance, ashing him to classify it, and then providing
feedback as to which club the instance came from. Some instances
recoived cquivocal feedback in the sense that half the time the
feedback for those instances specified club 1 and half the time club 2,

After studying a sct of stimuli, subjects were shown a critical test set
of 28 stimuli. Subjects were first asked to categorize each of the
stimuli and then they were asked to decide whether each of the stimuli
had been studied or not.  The recognition judgment was assigned a
confidence from 1-5 as was the categorization judgment.

This experiment was similated with the same parameter settings as
the Franks and Bransford experiment. The one significant difference
was that ACT was given feedback about the correctness of its
classifications. This meant that productions would not simply increase
in strength with every application, but rather would either increase or
decroase in strength depending on their success in classification,
Providing fecdback also meant that it was possible for ACT to compare
variable-bindings on successful applications in order to produce more
discriminating versions of its overgeneral productions.

As in the Franks and Bransford experiment, confidence was based on



the number of constants in tho production that recognized the stimulus.
In this experiment that number would vary from 1 to 3. A value of O
was assigned if no production was evoked to categorize the stimulus.
The categorization scores for a tost stimulus were calculated by
weighting nogatively tho confidences of incorrect classifications,
weighting positively the confidonces of corroct classifications, and
ignoring the confidences of classifications to the neither-club
category. Figure 2 presents the actual and predicted recognition and
classification confidences for the sovon categories of test stimuli.
The confidence scale used by subjects and the match scale used by
ACT have been adjusted to cover approximately equal ranges. As can
be seen the ACT predictions closely correspond to the data obtained
by Hayes-Roth and Hayes-Roth.
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Figure 2, Comparison of ACT's predictions with
the results from Hayes-Roth and Hayes-Roth.

Class 1 in Figure 2 is formed from two prototypes which, in fact, were
never studied. However, they received the highest categorization
rating and a relatively high recognition rating indicating that subjects
have extracted tho central tendencies of the categories. Class 2
items, while not as similar to the prototypes as Class 3 items, had
categorization ratings second only to the prototypes themselves.
Since each item in Class 2 was studied ten times while items in Class
3 were only studied once, it appears that frequency of exposure has
an effect on categorization that can compensate for lack of similarity
to the prototypes. A comparison of categorization ratings for Class 3
versus Class 4 holds frequency of exposire constant and the effect of
similarity to prototypes re-emcrges: Class 3 is closer to the
prototypes and receives higher ratings.

Items in the last three classes were neutral with regard to category
membership so that correct categorization is undefined and only
recognition confidences can be reported. Whereas the data reviewed
earlier from Classes 1-4 showed that frequency of exposure affects
categorization ratings whon we might have expocted it only to affect
recognition ratings; the data from Classes 5-7 shows that similarity to
prototypes affects recognition when we might have expected it only
to affect categorization. Class 5 has the samo exposure as Class 2 so
only its distance from the prototypes can explain its lower recognition
ratings. Similarly, no instances of oither Class 6 or Class 7 was ever
studied by subjects, but Class 6 received higher recognition ratings and
this must bo due to the fact that, although very far from the
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prototypes, Class 6 is not as far from them as is Class 7.

In summary, this experiment serves to illustrate how ACT correctly
models the combined effects of frequency of exposure and closeness.
to prototype. Stimuli that are frequently studied will have fairly strong
specific productions to recognize them. Stimuli which are close to the
prototype will have many goneralizations that can recognize them.

Comparison of ACT with Other Prototype

Theories )
There aro three basic types of theories for prototype formation. One

type proposos that subjects form a single characterization of the
central tondoncy of the category. A frequent suggestion is that they
distinguish a particular instance (it need not be one they have actually
seen) as tho prototypo for the concept. Other instances are members
of the cateqgory to the extent that they are similar to this prototype.
This class of theories would include Franks and Bransford (1971),
Bransford and Franks (1972), Rosch and Mervis (1975), Posner and
Keele (1968), and Reed (1972). In order to account for the effects
of instance frequency demonstratod by Hayes-Roth and Hayes-Rott
the prototypes would have to be augmented by some memory for the
individual instances studied. However, it 1s much more difficult for
prototype theories to accomodate the recent results of Medin and
Schaffer (1978) that indicato thal subjects are sensitive to similarities
among individual instances. On the other hand ACT is able to simulate
this data (Anderson, Kline, 8& Beasley, 1979b).

A second class of theories (e.g. Medin & sSchaffer, 1978) are those
that propose subjects store individual instances only, and make their
category judgments on the basis of the similarity between the test
instance and the stored instances. In a certain sense, any results that
can be accounted for by a theory that says that subjects store
abstractions can also be accounted for by a theory that says subjects
only store instances. The instance theory could always be made to go
through a tost process equivalent to calculating an abstraction from the
stored instances and making a judgment on the basis of the abstraction,
However, a difficulty for the instance theory is that subjects
frequently report having abstract characterizations or prototypes (e.g.,
Reed, 1972).

The third class of theories proposes that subjects store co-occurrence
information about feature combinations. ACT is an instance of such a
theory as are those proposed by Reitman and Bower (1973),
Hayes-Roth and Hayes-Roth (1977), and one aspect of Neumann's
(1874) model. These models can potentially store all subsets of
feature combinations. Thus, they store instances as a special case,
The Hayes-Roth and Hayes-Roth oxperiment showed this model has
advantages over many versions of the instance-only or prototype
models.

It is very difficult to find empirical predictions that distinguish ACT
from the various other feature-set theories. Perhaps it would be best
to regard them as equivalent given the current state of our knowledge
and simply conclude that subjects respond in terms of feature-sets.
However, there are a number of reasons for preferring ACT's version
of the feature-set theorios. First, it is a fully specified process
model. It is often difficult to see in any detail how some of the
feature-set thoories apply to particular paradigms or produce particular
resuits.

Second, ACT has a reasonably efficient way of storing feature-sets.
It only stores those subsetls of properties and features that have
arisen because of generalization or discrimnation rather than
attempting to store all possible subsets of features from all observed
instances. While there aro empirical consequencos of these different
ways of storing feature-sots, the differences are so subtie that
existing experiments haveo failed to test them. Howevor, if there is
very little difference in behavior, that would seem to be all the more
reason to prefer the more efficiont storage requirements of ACT.



Third, it needs to be emphasized that the ACT learning mechanisms
were not fashioned to account for schema abstraction. Rather they
were designed in light of more general considerations about the nature
of the rules that need to be acquired and the information typically
available to acquisition mechanisms in real world situations. We were
particularly concernod that our mechanisms should be capable of
dealing with language acquisition and acquisition of rules for making
inferences and predictions aboutl one's environment. The mechanisms
were designed to both be robust (in being able to deal with many
different rules in many different situations) and to be efficient. Their
success in accounting for schema abstraction represents an
independent confirmation of the general loarning theory.

Before concluding, we would like to discuss one characteristic of
feature-set models which may seem unappealing on first encounter,
This is the fact that {hey store so many different characterizations of
the category. ACT may not be so bad as some of the other thoories,
yet having a sot of productions for recognizing instances of a category
still seoms far loss oconomical than having a single prototype.
However, two remarks necd to be made here. The first remark is that
the complexity of tho reprosontation of a category depends on one's
production systom implementation. This can be quite complex if each
production is reprosented scparately.
can be quite economical in a data-flow system like Forgy's (1977).
Here a single discrimination net is constructed to encode the conditions
of all productions. This allows overlapping productions to share the
same net tests in encoding their conditions.

A second remark is that natural categorios dofy economical
representation. This has been stressed in discussions of their family
resemblanceo structure by Willgenstein (e0.g. Wittgenstein, 1953) and
more recently by Rosch (e.g. Rosch & Mervis, 1975). The important
fact about many natural categorios (e.g., gamos, dogs) is that there is
no set of features that dofino the catogory nor is there a prototypical
instance that functions as a standard to which all other category
members must ba compared. On the other hand, these categories dc
not seem to be unstructured; they are not merely a list of instances. It
is interesting to note here that Droyfus (1972) has claimed that
computer implementations are not capable of reprosenting the family
resemblance structure of categories. ACT shows Jjust the opposite to

be true.
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