


































p* =

Q(p) (l-a)p + a, if the correct response occurs.

(7)

Q' (p) (l-a)p , if the incorrect response occurs.

From these equations it can be shown that the probability of a correct

response will approach 1 or 0 as the run of test trials becomes

large. Thus, asymptotically some items will absorb on the correct res-

ponse and others on an incorrect response. If ~ denotes the probability

of a correct response to a specific stimulus item at the start of the

test sequence, then the probability that this item absorbs on the correct

response will be ~.

Our assumption that on a test trial the emitted response is rein-

forced also has a natural interpretation in terms of the all-or-none

model. As before, we assume that reinforcement of a response conditions

the stimulus to that response with some probability, say ~. If the

stimulus is conditioned to the correct response on a test trial (i.e.,

instate £) then that response occurs and by reinforcing it we guarantee

that it remains in state C.
=

If the stimulus item is in state ~' then

1with probability 2 the correct response occurs, and by assumption this

is reinforcing on a test trial, hence with probability ~ the item

moves to state C. Now it is obvious that we must also allow for the

occurrence of an incorrect response; if an item is in state G and an

incorrect response occurs, then the item will become conditioned with

probability ~ to the incorrect response. Therefore, in addition to

states C and G which characterize study trials we also need a state
= =

E to denote conditioning to an incorrect response. These notions are
=

embodied in the following transition matrix:
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C G E
=

C 1 0 0

G ~ l-~ ~2 2

E 0 0 1=

(8)

The rows indicate the state at the start of a test trial and the columns

the state at the end of the trial. Each entry denotes the probability

of a transition from one state to another. In state C= (or ~) no

change can occur on a test trial. In state G the item may become con-
=

ditioned to the correct response if it occurs (with probability !)- and
2

conditioning is effective (with probability ~); similarly in state

G the item may become conditioned to the incorrect response if it occurs
=

and conditioning is effective. As in the case of the linear model each

stimulus item eventually absorbs in either state C or E.
= = Thus, after

or 1. This fact alone indicates that there are substantial

a long run of test trials, a given stimulus item will eventually elicit

either a correct or an incorrect response consistently.

These then are the two models we shall examine. From a qualitative

viewpoint each represents the same psychological process; i.e., they both

assume that a reinforcement tends to increase the likelihood of the rein-

forced response and they both assume the same subject-determined rein-

forcement schedules. However, the exact nature of the change that

occurs following reinforcement is quite different for the two models.

This is illustrated by the fact that the probability of a correct res-

ponse in the incremental model may take on any value from 0 to 1,

whereas for the all-or-none model it can take on only the values 0,

1
2'
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differences between the two models and it becomes important to determine

which interpretation of the reinforcing event best approximates the

actual learning process.

In order to compare these models we need to derive some predictions.

Consider first the incremental model and the possible outcomes for a

given stimulus item on trials T
l

and T
2

• What is the probability of

two correct responses? Well, a correct response will occur on Tl with

probability ~ (see Equation 5) and since the correct response occurred

on Tl , then the probability of a correct response on T
2

will be

(l-a)~ + a (see Equation 7). The probability of two correct responses

is simply the product of these two probabilities. Similarly, the

probability of an incorrect followed by a correct is (l-~) times

(l-a)~; i.e., the probability of an incorrect response on Tl times the

probability of a correct response on T2 given that the preceding trial

was incorrect. In this way we obtain the following expressions.

pr(cl c2 ) = ~[(l-a)~ + a]

Pr(cl e2 ) = ~[l - ((l-a)~ + a}]
(9)

Pr(el c2 ) (l-cp) [(l-a)cp]

Pr(el e2 ) = (l-cp)[l - (l-a)cp]

By similar methods expressions can be obtained for the probability of

any sequence of responses over the four test trials. We display a few

of these equations to indicate that even for a simple model of this

sort the elaboration of the theory leads to predictions whose con­

sequences are too complicated to be understood without the tools of

mathematical analysis:
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Pr(Cl c2 c
3

c4) = ~[(1-a)~+a][(1-a)2~+(1_a)a+a][(1_a)3~+(1_a)2a+(1_a)a+a]

Pr( cl c2c3e4) = ~[(l-a)~+a] [(1-a)2~+(1-a)a+anl- (1_a)3~_(1_a)2a_ (l-a)a-a] (10)

Predictions for the same quantities can be obtained for the all-

or-none model. Consider first the possible outcomes for a given stimulus

item on trials Tl and T
2

• The probability of two correct responses

1 1
in a row is x + (1-x)2[~ + (1-~)2]' That is, with probability x the

stimulus item is in state C before the first test trial and hence will
=

generate correct responses on all subsequent trials; with probability

l-x the stimulus item starts in state· G and a correct response occurs
=

Tl with probability 1 further a correct responseon 2' can occur on

T2 if (1) conditioning was effective on Tl (i.e. , with probability

~) or (2) if conditioning was not effective and by chance the subject

again guessed correctly on the next trial. Pro ceding in this way we

obtain the following expressions:

(11)

Using the same methods one can obtain expressions for the sequence of

events over the four test trials. For example
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1 1 1 2 1= x + 2(1-x)[~ + ~(l-~) + 4(1-~) (~ + (1-~)2)]

1 3
= Ib(l-X)(l-~)

(12)

Armed with these equations we now face the task of deciding which

model provides the best account of our data. Table 1 presents observed

frequencies for two identical experiments, one using 60 college students

at Stanford University and the other 60 fourth grade children from the

Oakland City schools*. As indicated earlier each subject was run on

18 paired-associates so that over a group of subjects we have information

on 18 X 60 = 1080 test trial sequences. The table gives the frequency

with which each sequence occurred in the two groups. In subsequent

analyses we assume that the items in the list are of equal difficulty

and that all subjects in a group learn at the same rate, i.e., we

postulate that the values of the various parameters are the same for all

subjects in the college group and for all subjects in the grade school

group. Of course, this assumption is suspect, but for purposes of this

paper it seems justified since it greatly simplifies subsequent analyses.

For with this assumption the response sequence associated with any given

stimulus item can be viewed as a sample of size one from a population

of sequences all generated by the same underlying process. A discussion

of the problems involved in treating individual data and group data is

given in Suppes and Atkinson (1960).

* This study was conducted by Duncan Hansen of Stanford University.
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TABLE 1

Observed frequencies for response sequences.

Sequence
Tl T2 T

3
T4

College Grade School
Code Group Group

1 c c c c 633 474

2 c c c e 22 51

3 c c e c 19 39

4 c c e e 28 38

5 c e c c 16 30

6 c e c e 19 27

7 c e e c 23 20

8 c e e e 54 71

9 e c c c 43 40

10 e c c e 6 15

11 e c e c 11 24

12 e c e e 10 33

13 e e c c 26 23

14 e e c e 11 19

15 e e e c 14 15

16 e e e e 145 161

20a





In order to make predictions for the data ~isplayedin Table 1 we

need estimates of the parameters ~ and a for the incremental model

and x and ~ for the all-or-none model. There are many ways of making

these estimates, but for the present problem a simple method is to select

the pair of parameter values that minimizes the X2 function*. To

illustrate the method, let Pi(a,~) denote theoretical expressions for

the four-response probabilities given in Equation 10, where the subscript

i refers to code numbers assigned in Table 1. Further, let 0i

(i=l to 16) denote the observed frequencies for one of the groups in

Table 1 and let T = 01 + 02+ ... +016' Then we define the function

2
X (a,~) =

16

L
i=l

(13)

and select our estimates of a and ~ so that they jointly minimize

the x2 function. Under the null hypothesis this minimum x2 has the

usual limiting distribution 'with 16 - 3 degrees of freedom. (If n

parameters are estimated then there are 16 - n - 1 degrees of freedom.)

Using this method we obtain parameter estimates for the incremental

model with the following minimum x2 values:

a

minimum I-

College Grade School

.331

.636

* For a review of some of these statistical methods as they apply to
learning. models see Chapter 2 in SUPPes and Atkinson (1960).
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Using the same minimum x2 method for the all-or-none model, we obtain the

following parameter estimates:

x

minimum l

College

.291

.409

40.4

Grade School

.191

.297

67.0

The above parameter estimates generate the predictions presented

in Table 2. For both the College and the Grade School groups the all-

or-none model provides the closest correspondence between predicted and

observed proportions on the four-response data. The superiority of the

all-or-none model is also reflected in the obtained minimum x2 ,s. For

the College group the X2 for the incremental model is more than six

times that for the all-or-none model; whereas, for the Grade School

group the ratio is almost three to one in favor of the all-or-none

model. Since all the x2 ,s are based on the same number of degrees of

freedom, it seems reasonable to conclude that the all-or-none model pro­

vides the best account of these data. Further, independent of any

comparative analysis of the models, the correspondence between the all­

or-none predictions and these data is reasonably good in terms of the

degree of accuracy that psychologists have come to expect in research

of this sort. See Atkinson and Estes (1963) for a discussion of this

point.

Finally, we should note that the parameter estimates for both the

all-or-none model &nd the incremental model have the expected properties.

For the all-or-none model the estimate of x is larger for the College
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TABLE 2

Observed proportions and predictions for the Incremental

Model and the All-or-None Model.

Sequence College Grade School

Code Incremental All-or-None Incremental All-or-None
Observed Predictions Predictions Observed Predictions Predictions

l .586 .476 .549 .439 .359 .426

2 .020 .035 .Ol3 .047 .044 .023

3 .Ol8 .060 .Ol3 .036 .070 .023

4 .026 .004 .024 .035 .009 .034

5 .Ol5 .045 .024 .028 .052 .034

6 .Ol8 .020 .Ol3 .025 .026 .023

7 .02l .020 .Ol3 .Ol9 .026 .023

8 .050 .044 .054 .066 .05l .06l

9 .040 .066 .054 .037 .07l .06l

lO .006 .ol8 .Ol3 .ol4 .025 .023

II .0lO .ol8 .Ol3 .022 .025 .023

l2 .009 .027 .024 .03l .035 .034

l3 .024 .025 .024 .02l .03l .034

l4 .0lO .020 .Ol3 .ol8 .028 .023

l5 .Ol3 .020 .Ol3 .ol4 .028 .023

l6 .l34 .l02 .l40 .l49 .l2l .l29

i 256.3 40.4 192·7 67.0
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group than for the Grade School group, reflecting the fact that more

learning occurred for the former group on the study trials. Also, the

parameter ~ characterizing the conditioning rate on test trials is

larger for the College group, indicating that the postulated self­

reinforcing event had more effect for the College students. Similarly,

for the incremental model the estimates of both ~ and a are greater

for the College group than for the Grade School group.

What conclusions can be drawn from Our analysis of these two

models? Should readers not familiar with psychology conclude that in­

cremental models are clearly less satisfactory than all-or-none models

and that subsequent theory construction should be along all-or-none lines

of development? This might be one conclusion, but few psychologists

inclined toward incremental theories of learning would be in agreement.

They, of course, would want to see many more comparisons between the two

models on a variety of experimental data. Further, they probably would

argue that the incremental model presented here was too simple and that

a mOre sophisticated interpretation of incremental theory would lead to

much better results. On this last point, psychologists favoring an

all-or-none position would agree, but they, in turn, would point out

that similar improvements easily could be made for the all-or-none model.

Further, they would emphasize that both models estimated the same number

of parameters and are of similar mathematical difficulty, and that these

facts are important when one evaluates the clear superiority of the all-

or-none process~
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It is not necessary to pursue such arguments to realize that a

single comparison of this sort is unlikelY to change anyone's theoretical

disposition. Only as more evidence accumulates and more variations of each

model are investigated will it become clear which approach 1s more

parisimonious. Certainly since the time of Henri Poincar~ we have known

that no theory is correct in an absolute sense. Rather, some theories

tend to be more useful than others in accomplishing the goals of the

scientific enterprise if they (l) lead to natural and unambiguous inter­

pretations of phenomena, (2) have a tractable logical structure, and

(3) suggest new experimental dimensions. The success of the Relativity

Theory was not due to the fact that the new concepts of space and time

were in any sense more true than the old ones. For, any of the phenomena

that could be explained by the new theory also could be explained on the

basis of absolute dimensions of space and time. But such explanations

became extremely cumbersome and artificial when contrasted to the ex­

planations Offered by Relativity Theory.

If we accept the notion that a single comparison of the sort

offered in this paper cannot be regarded as crucial in selecting between

models, then what is the next step? As indicated earlier, one obvious

requirement is to extend the application of the two models to many other

types of experiments. As more experimental comparisons are made a better

understanding of the properties of each model will be obtained which will

give us a measure of their relative power. However, in addition to

extending the range of application it also is important to take each

experiment and, by inspection of the discrepancies between theory and

observation, obtain some clues for modifications that will lead to a
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better model. This part of the scientific enterprise is extremely

challenging. In effect the theorist, by scrutinizing unexpected per­

turbations in the data, attempts to come up with either a modification

of the basic assumptions or a new interpretation of how the assumptions

can be applied. We doubt if such revisions follow any clear or

systematic pattern, more often than not the theorist trys many new

schemes and then reports the one that seems most promising. From the

viewpoint of understanding the scientific process, it is unfortunate

that the trial and error stage between successive revisions of a model

is not occasionally recorded. Looking at the end product tends to give

the misleading impression that theory develops in a neat and orderly

fashion.

In this next section we shall try to give the reader some idea of

the way the psychologist may use a set of experimental results to suggest

changes in the theory. We could present examples for either the incre­

mental or the all-or-none model since both have natural extensions

suggested by our data. However, it would be too lengthy to attempt both

in this paper; consequently we will only examine possible revisions of

the all-or-none theory. We select this model because the modifications

to be considered are tractable and will not introduce any new math­

ematical techniques. The modifications illustrate two types of re­

visions that can occur in a theory: one modification represents a

reinterpretation of how the axioms can be applied and the other, a basic

change in the axioms.

Inspection of the correspondence between predictions for the all­

or-none model and our data indicates two striking discrepancies. First,

the theory predicts that the probability of a correct response on Tl
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followed by an incorrect response on T
2

is the same as the probability

of an incorrect response on Tl followed by a correct response on T2;

i.e., Pr(cl e2 ) = Pr(el c2 ). However, the data clearly contradicts

this prediction as indicated below:

Pr( c
l

e
2

)

Pr(el c2 )

College

.104

.065

Grade School

.137

.104

These quantities are obtained directly from Table 2; i.e.,

pr(cl e2 )

Pr(cl e2 )

= P5+P6+P7+Pe and pr(el c2 )

is larger than Pr(el c2).

For both groups

Another discrepancy between theory and data is with regard to the

probability of a correct response on test trial n. The theory predicts

that this quantity, averaged over items, should be a constant; i.e.,

1Pr(cn ) = x + (1-x)2. The appropriate statistics are given below.

College Grade School

Pr(cl ) .754 .694

Pr( c2 ) ·715 .661

pr(c
3

) ·719 .629

Pr( c4) ·727 .616

In both groups there is a tendency for the probability of a correct res-

ponse to decrease over test trials. Parenthetically, the incremental

model makes the same predictions; i.e., Pr(cl e2 ) = Pr(e2 cl ) and

Pr(c ) = constant.
n
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Both of these observations suggest the need for a process in the

model that will produce an increase in the error rate over test trials.

One way of doing this is to asswne that the conditioning parameter

associated with a correct response is different from that associated with

an incorrect response. Specifically, we can asswne that when an item

is in state G on a test trial, then (1) if a correct response is made
=

it becomes conditioned with probability ~ and (2) if an incorrect res-

ponse is made it becomes conditioned with probably 5. The transition

matrix given in Equation 8 would now be rewritten as follows:

C G E= = =
C 1 0 0
=

1 1 ~ (14)G 2~ 1-2( ~t{,)
= 2

E 0 0 1
=

At a qualitative level of analysis this change provides for the dis-

crepancies noted above. It can be shown that

1
Pr(cl e2 ) = 1+(1-~) (l-x)

1
Pr(el c2 ) = 1+(1-5) (l-x)

(15)

which implies that Pr(cl e2 ) > Pr(el c2 ) when 5 >~. Similarly, it

can be shown that the probability of a correct response on test trial

n is

Pr() (l-x)[1 l( ~) jn-l (l-x)~ [1_(1 __21('i+~)}n-1Jcn = x + -2- -'2 ~+u + ~+6 ~,. u

27
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in the limit.

When 5 > ~ this equation describes a ~unction decreasing over test

(l-x)~
x + (~+5)trials thac approaches

What psychological rational can be offered ~or postulating that

5.>~? There are several but we shall mention one that assumes

di~~erences in learning rates for various paired-associate items. Let

us suppose that some stimulus-response connections are earier to learn

than others; e.g., for some subjects the Greek letter ill may be easier

to associate with response 1 than 2. If response 2 is assigned as the

to-be-learned response, then this item should be learned more slowly and

consequently would have a higher probability than other items of being

in state G after two study trials.
=

If the item still is in state G=
a~ter the study trials then, since response 1 is the more compatible

response, the item will be more likely to become conditioned to an error

response over the series o~ test trials. In essence the assumption is

that stimulus items not conditioned to a correct response after a series

of study trials will tend to favor association with an error response

on test trials.

The proposed modification that assumes dif~erential conditioning

parameters may be regarded as a revision of the basic axioms of the

model. The next modi~ication we of~er simply requireS a reinterpretation

of how the model might be applied. Originally it was assumed that after

a series of study trials each stimulus item was either in state C
=

(With

probability x) or state G (With probability i-x). A natural ex-
=

tension of these ideas is to permit the possibility that the item also

may be in state E at the end of a study trial.
=

That is, it seems

reasonable to assume that at the start of Tl there is a probability x'
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that the item will be in state £, a probability y' that the item will

be in state ~, and a probability l-x'-y' that it will still be in

state G.
=

Introducing these two modifications yields a model that has four

parameters to be estimated from the data (namely, ~,5,x', and y') as

compared with two in the original all-or-none model. The question is

whether the addition of two parameters yields a substantial improvement

in the fit of the model.

The four parameters were estimated separately for each set of data

by selecting that parameter vector (~,5,x',y') that minimized x2 •

The obtained estimates were as follows.

College Grade School

~ .207 .041

5 .289 .270

x' .478 .379

yl 0 0

The predictions for the revised model based on the above estimates

are given in Table 3. The table also presents the associated minimum

X
2

,s. It is evident, by comparing these predictions and x2 values

with those given in Table 2, that the revised model does a better job.

The improvement is not very large for the College data but is dramatic

in the case of the Grade School data*. However, it is evident that the

improvement in prediction is due entirely to but one of the two

modifications. The change that permitted an item to be in state E at

* Statistical tests to evaluate these comparisons are available and are
discussed in reference to learning models by Suppes and Atkinson (1960).
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TABLE 3

Observed proportions and predictions for the revised

version of the All-or-None Model.

i
Sequence College Grade School

Code Observed Predicted Observed Predicted

1 .586 .578 .439 .435

2 .020 .016 .047 .034

3 .018 .015 .036 .026

4 .026 .026 .035 .045

5 .015 .022 .028 .028

6 .018 .015 .025 .026

7 .021 .013 .019 .020

8 .050 .054 .066 .075

9 .040 .041 .037 .033

10 .006 .015 .014 .026

11 .010 .013 .022 .020

12 .009 .024 .031 .035

13 .024 .020 .021 .022

14 .010 .013 .018 .020

15 .013 .012 .014 .015

16 .134 .123 .149 .141

l- 30.2 21.7
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the end of a study trial did not yield an improvement in prediction,

because in both the College and the Grade School groups the estimated

value of y' was O. Thus, the revision that postulated differential

conditioning parameters for correct and incorrect responses accounts

entirely for the improvement in the fit of the modified all-or-none model.

Without pursuing this example further, we hope that the reader has

a fairly clear picture of our view of the theoretical enterprise in

psychology. However, there is one last point. If we scan the X2 ,s

given in this paper and select the one associated with the best fit

(i.e., the modified all-or-none model applied to the Grade School data)

a value of 21.7 is obtained with 11 degrees of freedom. This value of

x2 is significant at the .05 level, and therefore on the basis of

statistical considerations we would reject the model. The sensible

retort to this statement is the point we have tried to emphasize through­

out the paper. We always assume that any model can be rejected on

statistical grounds if enough observations are made. The goal is not

to reject or accept a given model at some predetermined level of

significance, but rather to make comparisons among models and ask how

well a model performs relative to other models. Simply stated, a model

will not be rejected on purely statistical grounds, but will be rejected

only when there are other models that consistently do a better job of

prediction.

In conclusion, we view the use of mathematical models as virtually

synonymous with the construction of a quantitative theory of behavior.

From a mathematical standpoint it is logically possible to have a

theory of behavior that leads only to qualitative predictions. However,
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it is difficult ,to find in the history of science, let alone in the,

history of psychology, theories of this sort that have had sustained

empirical significance, From the systematic standpoint a theory. or model

based only on qualitative distinctions leads to a small number of testable

predictions, Aristotle's physics and Lewin's topological field theory

(1936) are good examples. The absence of precise systematization leads

usually to pseudo-derivations from the theory, By' pseudo-derivation

we mean the derivation of prediction that requires many additional

assumptions that are not part of the original theory, Further, as the

set of phenomena that we study expand in complexity so also does the

reasoning necessary for the design of experiments and the formulation

of hypotheses, Ordinary logic becomes inadequate and the elaboration

of the theory requires the powerful tool of mathematical analysis,

Finally, we remark that we have avoided a discussion of the general
~

nature of models and theories, The words "model" and "mathematical model"

are used in a variety of related senses by behavioral scientists and

philosophers, Often the most reasonable interpretation is that the model

is the set of mathematically formulated postulates that express in pre-

cise form the intuitive notions of the relevant psychological theory,

Despite the dominance of this usage in the literature of the behavioral

sciences, we prefer to use the more precise concept of model that has

been adopted by mathematical logicians, Roughly speaking, a model is

an abstract object that satisfies a theory. A theory given in axiomatic

form can, if one chooses, be identified with its set of axioms, It is

not to the point to enter into technical details here, What is important

in-our opinion is that models have a role to play whenever theory is
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constructed. From our standpoint, if' a theory has systematic content

and is not simply a vague collection of' heuristic ideas, then there

exist models that satisfy the theory, and it is up to the experimenter

to determine whether these models provide an adequate analysis of' be­

havioral phenomena. We believe that the role of' mathematical models

in psychology is not really separate f'rom the role of' systeraatic

theorizing.

32



REFERENCES

Anderson, N. H. Effect of first-order conditional probability in a two­

choice learning situation. ~. expo Psychol., 1960, 59, 71-93.

Anderson, N. H. An analysis of sequential dependencies. In R. R. Bush

and W. K. Estes (Eds.), Studies in mathematical learning theory.

Stanford, California: Stanford University Press, 1959, 248-264.

Atkinson, R. C. and Estes, W. K.

Bush, E. Galanter, and R.

psychology. Vol. 2. New

Stimulus sampling theory. In R. R.

D. Luce (Eds.), Handbook of mathematical

York: Wiley, 1963, in press.

Bower, G. H. A model for response and training variables in paired­

associate learning. Psychol. Rev., 1962, 69, 34-53.

Bower, G. H. Applications of a model to paired-associate learning.

Psychometrika, 1961, 26, 255-280.

Bush, R. R. A survey of mathematical learning theory. In R. Duncan Luce

(Ed.), Developments in mathematical psychology. Glencoe, Illinois:

The Free Press, 1960.

Bush, R. R. and Mosteller, F. Stochastic models for learning.

New York: Wiley, 1955.

Bush, R. R. and Mosteller, F. A mathematical model for simple learning.

Psychol. Rev" 1951, 58, 313-323.

Estes, W. K. Learning theory. Annual Review of Psychology, 1962, 13,

107-144.

Estes, W. K. New developments in statistical behavior theory: differential

tests of axioms for associative learning. Psychometrika, 1961,

26, 73-84.

Estes, W. K. Learning theory and the new mental chemistry. Psychol.

Rev., 1960, 67, 207-223.

Estes, W. K. The statistical approach to learning theory. In~S. Koch

(Ed.), Psychology: ~ study of ~ science. vol. 2. New York:

McGraw-Hill, 1959, 380-491.

33



Estes, W. K. Toward a statistical theory of learning. Psychol. Rev.,

1950, 57, 94-107.

Guthrie, E. R. The psychology of learning. New York: Harper, 1935.

Hilgard, E. R. Theories of Learning. (Rev. Edition). New York:

Appleton-Century-Crofts, 1956,

Hull, C. L. Principles of behavior: An introduction to behavior theory.

New York: Appleton-Century~Crofts, 1943.

Jones, J. E. All-or-none versus incremental learning. Psychol. Rev.,

1962, 69, 156-160.

LaBerge, D. A model with neutral elements. In R. R. Bush and W. K. Estes

(Eds.), Studies in mathematical learning theory. Stanford,

California: Stanford University Press, 1959, 53-64.

Lewin, K. Principles of topological psychology. New York: McGraw-Hill,

1936.

Logan, F. A. The Hull-Spence approach.

~ study of ~ science. Vol. 2.

293-358.

In S. Koch (Ed.), Psychology:

New York: McGraw-Hill, 1959,

Luce, R. D. Individual choice behavior: A theoretical analysis.

New York: Wiley, 1959.

Restle, F. Sources of difficulty in learning paired associates. In

Studies in mathematical psychology. Stanford, California:

Stanford University Press, 1963, in press.

Restle, F. A survey and classification of learning models. In R. R. Bush

and W. K. Estes (Eds.), Studies in mathematical learning theory.

Stanford, California: Stanford University Press, 1959, 415-428.

Seward, J. P. Reinforcement and expectancy: two theories in search of

a controversy. Psychol. Rev., 1956; 63, 105-113.

Spence, K. W. Behavior theory and conditioning. New Haven, Conn.:

Yale University Press, 1956.

Suppes, P. and Atkinson, R. C. Markov learning models for multipers6n

interactions. Stanford, California: Stanford University Press, 1960.

Suppes, P. and Ginsberg, R. A fundamental property of all-or-none models.

Psychol. Rev., 1963, 70, in press.

34


