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set Si and, for simplicity, we assume the sets are pairwise disjoint.

When the stimulus event occurs one element is randomly sampled from

Si and the subject mades the discriminative response to which the ele-

ment is conditioned.

Thus, we have two types of learning processes; one defined on the

set SR and the other defined on the sets Sl' Sb and S2' Once the

.reinforcing events have been specified for these processes we can apply

our axioms. The interpretation of reinforcement for the discrimination

response process is identical to that given in Sec. 3. If a pattern

element is sample from set Si for i; 1, 2, b and fallowed by an

0. (j ; 1, 2) outcome, then with probability c the element becomes
J

the conditioning state1 - cand with probabilitycondtioned to A
j

of the sampled element remains unchanged.

The conditioning process for the SR set is somewhat more complex

in that the reinforcing events for the observing responses are assumed

to be subject-controlled. Specifically, if an element conditioned to

R. is sampled from SR and followed by either an A10l or A2021

event, then the element will remain conditioned to Ri ; however, if

A102 or A201 occurs, then with probability c' the element will

become conditioned to the other observing response. Otherwise stated,---
if an element from SR elicits an observing response that selects a

stimulus event and, in turn, the stimulus event elicits a correct dis-

crimination response (i.e., A10l or A
2

0
2

), then the sampled element
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will remain conditioned to that observing response. However, if the

observing response selects a stimulus event that gives rise to an in­

correct discrimination response (i.e., A102 or ~Ol)' then there

will be a decrement in the tendency to repeat that observing response

on the next trial.

Given the above identification of events we can now generate a

mathematical model for the experiment. To simplify the analysis we let

N' = N = 1 ; namely, we aSSume that there is one element in each of our

stimulus sets and consequently the single element is sampled with proba­

bility 1 whenever the set is available. With this restriction we may

describe the' conditioning state of a subject, at the start of each trial,

by an ordered four tuple < i j k I, > where

(1) the first member i is 1 or 2 and indicates whether the

single element of 8
R

is conditioned to R
l

or R2 ;

(2) the second member j is 1 or 2 and indicates whether the

single element of 8
1

is conditioned to A
l

or A2 ;

(3) the third member k is 1 or 2 and indicates whether the

element of 8
b

is conditioned to A
l

or A
2

;

(4) the fourth member I, is 1 or 2 and indicates whether the

element of 8
2

is conditioned to A
l

,or A
2

.

observing response; then, to sl' sb or s2'

native response Aj , Ak or AI,' respectively.

Thus, if the subject is in state < ijkl, > he will make the Ri

he will make discrimi-
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From our assumptions it follows that the sequence of random variables

that take the subject states < i j k £ > as values is a 16 state Markov

chain. Fi~reIO displays the possible transitions that can occur when

Insert Fi~re 10 aboilt here

the subject is in state < 1122 > on trial n. To clarify this tree,

let us trace out the top branch. An R
l

is elicited with probability 1

and with probability ~rtl a Tl trial with an 01 outcome occurs;

further, given an R
l

response on . a T
l

trial there is probability

that the sl stimulus event occurs; the onset of the sl event elicits

a correct response and hence no change occurs in the conditioning state

of any of the stimulus patterns. Now consider the next set of branches:

an Rl occurs and we have a TIOl tria,l; with probability 1 - a the

sb stimulus is presented and an ~ occurs; the ~ response is in­

correct (in that it is followed by an 01 event), hence with proba­

bility c the element of set Sb becomes conditioned to Al and

with independent probability c' the element of set SR becomes

conditioned to the alternative observing response, namely R2 •

From this tree we obtain probabilities corresponding to the < 1122: >

row in the transition matrix, For example, the probability of going

from < 1122 > to < 2112 > is simply ~rtl(l-a)cc' + (1- ~)rt2(1-a)cc' ;

that is, the sum over branches 2 and IS. An inspection of the transition

matrix yields some important results. For example, if a = 1 , rt l = 1 ,

and rt2 = ° then states < 1112 > and < 1122 > are absorbing and
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Fig. 10. Branching process, starting in state <:1122>, for a single
trial in the two-process discrimination learning model.
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Pr(Rl )= i, Pr(Al ITl ) =1 , and Pr(A_ !T2 . )d.,n ,n , ,n '"'"2.,.n,n

ui~~£ denote the probability of being in state

< i j k £ > on trial n's when the limit exists let u"!'
~J r ..

1
, (n)

= J.m ui "k.€
n-4oo J

Experimentally, we shall be interested in evaluating the following

theoretical predictions:

(n) (n) (n) (n)+ u1211 + u1212 + u1221 + u1222

(n) (n) (n) (n)+ ex[ul121 + ul122 + u2211 + u2212 ]

( ) [ (n) (n) (n) (n) ]+ 1 - ex . u1211 + u1212 + u2121 + u2122

( I ) (n) (n) (n) (n)
Pr Al,n T2,n = ullll + u1211 + U21l1 + u2211

[ (n) (n) (n) (n) ]+ ex ul121 + u1221 + u2112 + u2212

( ) [ (n) (n) (n) (n) ]
+ 1 - Qi ull12 + u1212 + u2121 + U2221

( ) (n) . (n) . ( ) (n)Pr Rl , n n Al , n = ul111 + ex u l121 +. 1 - Qi u1212

1 [(n) (n)]+ 2 Qi ul122 + u122l

(93a)

(93c)

(93d)
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1 (n) (n)
+ 2(1 - a) [~122 + u2221l

1 (n) (n)
+ [1-2(1-a)][~112 + ~211l (93e)

The first equation gives the probability of an R
l

response. The

second and third equations give the probability of an A
l

response on

Tl and T2 trials, respectively. Finally, the last two equations

present the probability of the joint occurrence of each observing

response with an Al response.

In the experiment reported by Atkinson (1961a) six groups were run

with 40 subjects in each group. For all groups rt l = ·9 and ~ = ·5·

'The groups differed with respect to the value of a and For

Groups I-III, the value of a = 1; and for Groups IV-VI, a = .75. For

Groups I and IV, rt = ·9;2
for II and V, and for Groups III

and VI, rt
2

~ .1. The design can be described by the following array:

a
1.0

.75

.9

I

IV

.5

II

V

.1

III

VI

Given these values of rt l , rt2 ' a and

chain is irreducible and aperiodic. Thus,

~ our 16 state Markov

(n)
lim uijk£ = uijk£ exists
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and can be obtained by solving the appropriate set of 16 linear equations

(see Eq. 16). The values predicted by the model are given in Table 9

for the case whe~e Values for the were computed

Insert Table 9 about here

and then combined by Eq. 93 to predict the response probabilities. By

presenting a single value for each theoretical quantity in the table we

imply that these predictions are independent of c and c' • Actually

this is not always the case. However, for the schedules employed in

this experiment the dependency of these· asymptotic predictions on c and

c' is virtually negligible. For c = c' ranging over the interval

from .0001 to 1.0 the predicted values given in Table 9 are affected

in on~ the third or fourth decimal place; it is for this reason that

we present theoretical values to only two decimal places.

In view of these comments it should be clear that the predictions

in Table 9 are based solely on the experimental parameter values.

Consequently, differences between subjects (that may be represented by

intersubject variability in c and c l
) do not substantially affect

these predictions.
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Table 9

Predicted and Observed Asymptotic Besponse Probabilities

in Qbserving Besponse Experiment

Group I Group II Group III

Pred. Obs. 3D Pred. Obs. 3D Pred. Obs • 3D
.

Pr(A1IT1) .90 .94 .01.4 .81 .85 .164 ·79 ·79 .158

pr(A1 IT2) ·90 .94 .014 ·59 .61. .134 .21 .23 .182
.

Pr(Bl } .50 .45 .279 ·55 ·59 .279 ·73 ·70 .285

Fr(I\ n~) .45 .43 .266 .39 .42 .226 .37 .36 .164

Pr(~nA1) .45 ' .47 .293 .31 .31 .232 .13 .16 .161
i.

Group IV Group V Group VI

Fred. Obs. 3D Pred. Obs. 3D Pred. Obs. 3D

...
pr(Al!Tl ) .90 .93 .063 .80 .82 .114 ·73 ·73 .138

p;r(All T2} .90 .95 .014 .60 .68 .114 .27 .25 .138

Pr(I\} .49 ·50 .257 . ·52 ·53 .305 .63 .72 .263

Pr(Bln Al } .44 .47 .241 .35 .38 .219 .32 .36 .138

Pr(~ () Al } .46 .47 .247 .34 .36 .272 .19 .13 .168
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In the Atkinson study 400 trials were run and the response propor-

tions appear to have reached a fairly stable level over the last half

of the experiment. Consequently, the proportions computed over the

final block of 160 trials were used as estimates of asymptotic quantities.

Table 9 presents the mean and standard deviation of the 40 observed pro-

portions' obtained under each experimental condition. As can be seen,

the agreement between theoretical and observed quantities is fairly good.

Despite the fact that these gross asymptotic predictions hold up

quite well, it is obvious that some of the predictions from the model

will not be confirmed. The difficulty with the one-element assumption

is that the fundamental theory laid down by the axioms of Sec. 3 is

completely deterministic in many respects. For example, when N' ; 1

we have

pr(Rl +11°1 Al Rl ); 1 ;. .,n ,on -- , n , n

namely, if an ~ occurs on trial n and is reinforced (i.e., followed

by an A101 event) then Rl will reoccur with probability 1 on trial

n +1. This prediction, of course, is a consequence of the assumption

that we have but one element in set SR which necessarily is sampled

on every trial. If we assume more than one element, the deterministic

features of the model no longer hold and such sequential statistics

become functions of c, c' , Nand N' Uqfortunately, for elaborate

experimental procedures of the sort described in this section, the multi-

element case leads to complicated mathematical processes for which it is
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extremely difficult to carry out computations. Thus, the generality

of the multi-element assumption may often be offset by the difficulty

involved in making predictions.

Naturally it is usually preferable to choose from the available

models the one that best fits the data, but in the present state of

psychological knowledge no single model is clearly superior to all others

in every facet of analysis. The one-element assumption, despite some of

its erroneous features, may prove to be a valuable instrument for the

rapid exploi,ation of a wide variety of complex phenomena. For most of

the cases we have examined, the predicted mean response probabilities
of

are usually independent/ (or on;Ly slightly dependent on) the number of

elements assumed. Thus the one-element assumption may be viewed as a

simple device for computing the grosser predictions of the general theory.

For exploratory work in complex situations, then, we recommend using

the one-element model because of the greater difficulty of computations

for the multi-element models. In advocating this approach we are taking

a methodological position with which some scientists do not agree. Our

position is in contrast to one which asserts that a model should be dis-

carded once it is clear that certain of its predictions are in error.

We do not take it to be the principal goal (or even, in many cases, an

important goal) of theory construction to provide models for particular

experimental situations. The assumptions of stimulus sampling theory

are intended to describe processes or re;Lationships that are common to a

wide variety of learning situations, but with no implication that behavior.
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in these situations is a function solely of the variables represented in

the theory. As we have attempted to illustrate by means of numerous

examples, formulation of a model within this framework for a particular

experiment is a matter of selecting the relevant assumptions, or axioms,

of the general theory and interpreting these in terms of the conditions

of the experiment. How much of the variance in a set of data can be

accounted for by a model depends jointly on the adequacy of the theoret­

ical assumptions and on the extent to which it has been possible to

realize experimentally the boundary conditions envisaged in the theory

thereby minimizing the effects of variables not represented. In our

view, a model, in application to a given experiment, is not to be

classified as IIcorrectll or f1incorrect"; rather,- the degre-e to which it

accounts for the data may provide evidence tending either to support or

to cast doubt on the theory from which the particular model was derived.
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