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INTRODUCTION

There are at least two principal ways in which the interpresentation

interval (the number of items interpolated between any two presentations

of a given item) might affect a subject's performance on a particular

paired-associate item (see e.g. Bjork, 1966), (1) Retention of that item

at the end of the interval might vary inversely with the length of the

interval. (2) The effectiveness of the second reinforcement, as measured

by performance on later trials, might vary as a function of the length

of the interval. The present study is concerned with the implications of

a number of extant theories with regard to these effects and with empirical

tests of these implications.

The first chapter of this paper relates several interpretations of

the memory and learning process to the ~uestion of the effectiveness of

reinforcement as a function of interpresentation interval. Chapter II is

a discussion of the method and design of two experiments which were designed

to get evidence on this ~uestion. Chapter III is a discussion of the empir

ical results of the experiments. Chapter IV shows how a stochastic process

which has often been used to represent paired-associate theories can be

modified to account for a wider range of data including those presented

in the present paper. Chapter V is an analysis of the theories discussed

in Chapter I and of several other theoretical approaches in light of the

experimental results of Chapter III.
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CHAPTER I

PRELIMINARY DISCUSSION

Prompted by the results of studies of immediate memory (e.g. Murdock,

1961, Peterson and Peterson, 1959, Peterson, Saltzman, Hillner and Land,

1962), Crothers (1963) and Atkinson and Crothers (1964) incorporated assump

tions about immediate memory into all-or-none theories of paired-associate

learning. Later experimenters (Bernbach, 1965, Calfee and Atkinson, 1965;

Greeno, 1966, Bjork, 1966) have suggested modifications of and alternative

rationales for a variety of such theories. All of these theories can be

considered subcases of a class hereafter referred to as the general all-or

none forgetting theory (GFT).

These theories assume that a subject can be in one of a small number

of states of knowledge (three or four) with regard to a paired-associate

item. These states include: (1) a learned state, ~, from which no

forgetting occurs and which is characterized by errorless responding, (2)

an immediate memory state, ~, which also entails errorless responding

but from which forgetting does occur, (3) a forgotten state, ~, from

which the sUbject responds by guessing randomly among the response alter

natives, and (4) an uncoded state, ~, in which each item is assumed to

begin and in which the subject must guess randomly. In some applications,

it is assumed that the item is always encoded on the first trial. In this

case, the theories reduce to three states. The following transition mat

rices define the tra~sitions allowed in the general forgetting theory:
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L S F U P (correct'·state)

L 1 0 0 0 1

S b I-b 0 0 1
M

P F a I-a 0 0 g

U dw (l-w) d 0 1- g

L s F u

L 1 o o o

s o e l-e o
M

P F o o 1 o

u o o o 1

is the transition matrix to be applied when a specified itemwhere M
p

is presented and M_ is the matrix applied when another, possibly inter
p

fering, item is presented. The parameter b is the probability that the

item presented moves from the immediate memory state into the learned state;

a is the probability it goes from the forgotten state into the learned

state; d is the probability of encoding the item on any presentation

trial; w is the probability of learning given that the item was just

encoded; and finally, e is the probability that an interfering item

will not cause an item in S to be forgotten and move to F. (It should

be noted that if the item presented is not yet learned, it goes into S.

It is not allowed to remain in ~.) In most experimental applications,

the parameter g, the probability of guessing correctly, is assumed to

be constant and equal to l/r, where r is the number of response

alternatives.
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The following sections will discuss, in turn, the major special cases

of the GFT and the psychological interpretations that have been given to

the various states, particularly state S.

Long-Short Models

Atkinson and Crothers (1964) suggested what they called the long-short

(LS) forgetting model. The most general case, denoted LS-3, is given by

the transition matrix below:

L S F U P(correctlstate)

L 1 0 0 0 1

S a (l-a) (l-f) (l-a)f 0 1
M=

F a (l-a) (l-f) (l-a) f 0 g

U ad (l-a) (l-f) d (l-a)fd l-d g

th
and the

st
presenta-This matrix is to apply between the n n+l

tion of an item rather than from the beginning to the end of a single

presentation as

interpreted as a

M and M in the GFT. The state ~ of LS-3 is
p p

short term memory state or a " ... temporarily stored

connection ...between the encoded stimulus and the response ... prior to

establishment of the permanent association." The L state is a long

term memory state in which the association is permanently stored. The

other states, F and ~, are interpreted as in the GFT.

To show that LS-3 is a subcase of the GFT, one must find the matrix

M(t) = M X M~ which gives the transitions between the states of the
p p

GFT following an interval of t interfering items.
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t S F U P(correctlstate)

L 1 0 0 0 1

S b (l_b)et
(l-b) (l-h 0 1

M(t) ~

(l-a)et tF a (l-a)(l-e ) 0 g

t tU dw d(l-w)e d(l-w)(l-e ) l-d g

Thus, under the assumptions that ~ is constant,that b~w~a, and that

te ~l-f, the GFT reduces to the LS·-3 model.

Atkinson and Crothers also discussed another version of the LS

theory in which they assumed that the item was always encoded on its

first presentation. The transition matrix for this version, the LS-2, is

shown below:

L S F P(correctfstate)

L 1 0 0 1

( 1.1) M~ S a (l-a) (l-f) (l-a)f 1

F a (l-a) (l-f) (l-a)f g

In order to show that the LS-2 model is also a sub-model of the GFT, one

must first specify the c6nditions under which the GFT can be written as a

three state Markov chain. If w~a and d~l in the GFT, the matrix M(t)

. can be written as follows:

L S F U P(correctlstate)

L 1 0 0 0 1

t (l-b) (l-hS b (l-b)e 0 1
M(t) ~

t tF a (l-a) e (l-a) (l-e ) 0 g

t . t
U a (l-a) e (l-a) (l-e ) 0 g.
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Since the transitions from U to any of the other states are the same as

the transitions from F to any of the other states, F and U can be

lumped into a single state F (Burke and Rosenblatt, 1958). Thus,

under the conditions that w=a and d=l, the four-state GFT reduces to

the following three-state model:

L S F p(correctlstate)

L 1 0 0 1

(1.2) M(t) = S b (l_b)et (l-b) (l_et ) 1

t t
F a (l-a)e (l-a)(l-e) g

It is now clear that under the further restrictions that t is constant

and ~~~, equation 1.2 reduces to equation 1.1. Hence, the LS-2 model

is a special case of GFT.

Atkinson and Crothers applied these two LS models successfully to

eight different paired-associate experiments. In five of the eight experi-

ments, the parameter d in the LS-3 model was estimated to be equal to

1, for which value the model reduces to the LS-2 model. For these exper-

ments, then, the encoding state contributed little to the fit of the model.

Bernbach's Forgetting !-1odel

Bernbach (1965) presented a forgetting model which reduces to a

model similar to the LS-2 of Atkinson and Crothers. Bernbach's interpre-

tation of the states L and ~,however, is different. He assumed that

there are but two states of knowledge for the subject. Either the associa-

tion is known or it is not. But, according to Bernbach, the probability

that a subject forgets an association, given that he knows it, decreases

with the number of reinforcements. Bernbach approximated this strength
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of association notion by means of a step function. He assumed that the

probability of forgetting is either some value, f, (in ~) or zero

(in ~), Furthermore he assumed that to get into L the association

must first pass through the state of "partial learning", S. These

assumptions lead to the transition matrix given below:

L S F P(correctlstate)
~

•
L 1 a a 1

M= S b (l-b) (l-f) (l-b) f 1

F a ( l-f) f g
.~

It is important to notice that the transition from F to ~,having

probability a in the GFT, is assumed by Bernbach to be zero. This

assumption stems from his notion of a single memory store which holds

associations with degrees of strength rather than separate short-term

and long-term memory stores as suggested by Atkinson and Crothers.

Trial Dependent Forgetting Model

Atkinson and Crothers (1964) and Calfee and Atkinson (1965) presented

a trial dependent forgetting model (TDF) to account for the effects of

the length of the list of paired associates on the learning of individual

items of the list. The major assumption which differentiates this theory

from the LS model is that the presentation of learned items (items in ~)

does not interfere with the retention of items in S, The set of transi-

tion matrices below gives the state-to-state transition probabilities.
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is applied on each presentation of a specified item andwhere

L S F P(correctlstate)

L 1 0 0 1

M = S b ( l-b) 0 1
P

F a ( 1-80) 0 g

and

L S F

L 1 0 0

1-\- = s 0 8 1-8
P

F 0 0 1

M
P

is applied on ~he occurrence of each interpolated intervening

M
P

item which

is not in the learned state. This assumption is important in a list

learning experiment because the number of learned items intervening be-

tween two consecutive presentations of a given item increases with trials.

Hence, the proportion of items in the short-term state relative to the

proportion of items in the forgotten state increases over trials. This

fact has two important implications: (1) The probability of an error

on trial n+l given an error on trial ~, P(en+lle
n

), decreases over

trials (as is often observed in data) and (a) The learning rate, as

evidenced by P(e ),
n

increases as a function of trials. Figure 1 shows

the learning curves from a paired-associate experiment by Calfee and

Atkinson (1965) in which list length was the variable of primary interest.

The non-geometric form of these curves exemplifies the increase in learning

rate mentioned above.

When the TDF model was applied to Calfee and Atkinson's data, ~,

the transition probability from S to !;., was estimated to be nearly
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9



four times as large as ~, the transition probability from ~ to L.

In other words, to account for the data shown in Figure 1, the TDF model

implies that the probability of learning from the short-term memory state

is larger than that of learning from the forgotten state.

In order to shrn< that the TDF model is also a special case of the

general all-or-none forgetting theory, we must define the transition matrix

M(k) giving the state-to-state transitions following an interval which

contains k unlearned items (items not in ~) and any number of learned

items.

L S F p(correctlstate)

L 1 a 1

(1.3) M(j<:) = s b (l_b)ek (l-b) (l_e
k

) 1

. ) k k
F a (l-a e (l-a) (l-e ) g

A comparison of equation 1.3 with the matrix for the three-state version

of the GFT (equation 1.2) makes clear that under the assumption that

items in L are not interfering (i.e. t in equation 1.2 is equal

to k in equation 1.3) the two models are identical.

Greeno's Coding Theory

Greeno (1966) presented a coding theory in which he assumed that

" •.• there is a set of codeiavailable for each item••• and that some of

the available codes are adequate to support retention of the item so

that it will meet the experimental criterion of mastery. Other codes

will not be adequate to support retention up to the specified criterion,

though they will generally support retention for a short time." He

further assumed " ..• that the subject does not select codes for items

1 Greeno uses the term code and "a representation ••• of the studied item"
interchangeably.
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which are retained whey they are presented." These assumptions, coupled

with the notion that the subject always selects a code when he sees an

item he does not know, are embodied in the Markov matrix given below:

L S F P (correct[ state)
~

L 1 0 0 1

M = S b (l-b) (l-f) (l":b)f 1

F a (l-a) (l-f) (l-a) f g

where the states are interpreted as follows: L is the state of knowledge

in which the subject has a code which will support retention of the item

up to the experimental criterion; ~ is the state in which the subject has

a code which will support retention but not up to the experimental crite: -

rio,,; in F the subject has no code. Further, Greeno's assumption

that the "subject does not select codes for items which are retained when

they are presented," implies that the parameter :t!., the transition from

S to L, should be equal to zero. It should be apparent from the pre

vious discussion that this model is also a sub-case of GFT.

Greeno (1966) showed that in the usual list learning experiments in

which the interpresentation intervals are not recorded, the relative values

of the parameters a and b cannot be determined. That is, they are

not separately identifiable. The non-identifiability arises from the

fact that the equations of any statistic of the model can be written as

a function of the products (l-a)'f and (l-b).(l-f). The values of

these products can be estimated from the data, but the relationships

between. the parameters making up the products cannot be determined since

tllere are two equations but three unknmnls. Greeno also showed that if
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a and b were constant, independent of the value of !' the parameters

could be identified by use of experimental manipulations which vary only

the value of f.

Greeno's primary assumption is that a> b = O. This is contrary

to the assumption of Atkinson and Crothers L3 models in which a was

assumed e~ual to £' contrary to Bernbach's forgetting model which

assumed that b >, a = 0, and contrary to the parameter values found by

Calfee and Atkinson for the TDF model, which imply b > a. As evidence

for his point, Greeno applied his model to several experimental situations

for which a and b were identifiable and found in each instance that
A A

a > b. In only one of the six Cases was the fit for the restriction

a = b better than for the restriction b = O.

Greeno (1964) earlier presented some striking ~ualitative evidence

for the idea that little or no learning occurs on trials when the item

is in the short~term memory state. In one condition of this experiment,

some items (repeated items) either appeared twice in succession or were

separated by a single item on each cycle through a list. Other items

(the non-repeated items) appeared only once per cycle. The learning

curves for the two types of items are shown in Figure 2. Two presentations

within a cycle on the repeated items leads to no better performance on the

following cycle than does the single presentation per cycle on the non-

repeated items. This indicates remarkably little learning on the second

presentation within the cycle for the repeated items.

Bjork.c',s All-or-none Forgetting Model

Bjork (1966) suggested and applied the general all-or-none forgetting

theory as outlined in the beginning of this chapter. The model was applied
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to an experiment in which all subjects received the same sequence of pre-

sentations of a list of paired associates. The fact that all subjects

received the same presentation sequence provided control of the interpre-

sentation intervals, thus permitting estimates of the parameters a and

b. For the model to fit the learning curves in Bjork's experiment, the
A A A

following parameter values were estimated: b = 0, ~ = .285, ~ = .245,
A A

~ = .850, and d = .410. Two things are significant about the values

of the parameters: (1) that
A

b = ° generally supports Greeno's conten-

tion that learning does not occur from the short-term state and (2) that

~ f 1 shows an increase in the learning rate across trials.

Another important aspect of Bjork's results was their strong support

of an all-or-none notion of forgetting. Bjork plotted the proportion of

correct responses as a function of the immediately preceding interpresen-

tation interval (number of items intervening since the previous presenta-

tion of that item) for presentations prior to the trial of last error

(precriterion data). Although the forgetting curve, shown in Figure 3,

is well above the chance level of responding for short interpresentation

intervals, .the probability of a correct response returns to the chance

level for intervals greater than about 20. This finding supports an all-

or-none conception of the learning process. If learning were incremental

and strength had been built up by previous reinforcements, the curve

would be expected to become asymptotic at some percentage correct higher

than guessing. The fact that the curve does level off at guessing shows

that no strength has built up during the precriterion trials.

In summary, the same Markov process, designated here as the general

all-or-none forgetting theory, may be used to represent several different
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interpretations of short-term memory and learning. These theories differ

with regard to the number and interpretations of the memory states which

they assume. Atkinson and his co-workers suggest that there are two memory

stores, a short-term store which temporarily holds an association, and a

long-term memory store in which associations are stored in a relatively

permanent manner. Bernbach and Greeno, on the other hand, each assume

a single memory store. Associations reside in Bernbach's store with degrees

of strength. If an association has enough strength that it will not be

forgotten during the experimental session, it is said to be in state L'-'
if it has less strength, it is in state s·-' and if it is not stored

at all, it is in state F. Greeno's single store is of quite another

type. He assumes that codes (unspecified) are stored. Depending on

the quality of the code (its ability to support retention), the item

is said to be in state L or S. If the code is sufficient to support

retention for the duration of the experimental session, it is in state

if not, it is in state S. If no code is stored for a particular item,

it is said to be in state F. These differences in interpretations have

led to three distinct assumptions about the relative value of the transi-

tions between Sand L and between F and L. Greeno, with his assump-

tion that subjects do not select codes for items retained when presented,

argues that the S to L transition should be zero. Bernbach, with

his assumption that to get into the state of greater strength (~), an

association must pass through the state of lesser strength (~), argues

that the F to L transition should be zero. Atkinson and Crothers

(1964), since their two-store conception has no implications about the

relative values of these transitions, assumed that the S to L and the

F to L transitions were equal.
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The present investigation is concerned with which of these conceptions

of short-term memory leads to the better predictions about paired-.associate

learning tasks and more specifically with determining whether learning

does or does not occur from the short-term memory state within the context

of the general all-or-none forgetting theory. This investigation is further

concerned with whether the increase in learning rate found in Calfee and

Atkinson's experiment or in Bjork's experiment is a function of item

specific improvement as the encoding ideas suggest or whether it is due

to non-specific improvement (learning to learn),

The remaining chapters of this paper are devoted to the design

(Chapter II), analysis (Chapters III and IV) and discussion (Chapter V)

of two experiments which were intended to elucida.te the issues ra.ised

in this chapter. The first experiment was designed to get a measure of

the relative values of the F to L and the 8 to L transition

probabilities of the GFT, The relevance of this question to the distinc

tion between Greeno's (1966) and Bernbach's (1965) interpretations of the

S state has already been discussedo The technique employed was to com

pare the performance following a series of reinforcements on a set of

items predominatly in the short-term state with that of a set predomi~

nantly in the forgotten state. If the S to L transition is greater,

then that set of items which was predominantly in 8 when presented

should show more learning as tested at a long interval, Conversely,

if the F to L transition is greater,that set which was predominantly

in F when presented should show more learning, Presentation sequences

were designed so that some items had primarily short interpresentation

intervals thus providing items predominantly in 8, Other items had
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longer intervals to provide items predominatly in F, The amount of learn

ing was assessed by the proportion of errors on a final comparison trial,

the immediate memory component being held constant for that trial by making

the final interpresentation interval the same for all presentation sequences,

The second experiment was designed to clarify some results of the first

experiment and to collect evidence for a modification of the GFT to account

for the results of Peterson, Hillner and Saltzman (1962) to be mentioned

~t£,
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CHAPTER 1:):

DESIGN AND METHOD OF THE EXPERIMENTS

In both of the present experiments, a continuous paired~associate

design was employed. The term continuous design refers to a procedure

in which a particular item may have its first presentation on any trial

of the experiment, appear a few times, and then be discarded. In contrast,

the more conventional list learning procedure requires that all items have

their first presentation near the beginning of the experimental session

and continue to appear on each cycle of the list throughout the session.

Each presentation, or trial, in the present experiments was a single

anticipation trial; i.e., the subject was first shown only the stimulus

member of the S-R pair and asked to give the response member and then

immediately following his response was shown the correct S-R pairing.

In what follows, the term lag (i) refers to the number of presentations

intervening between the i th and the i+lst presentations of a particu

lar item.

Experiment I

The various presentation sequences of Experiment I were designed

to lead to comparisons among items with widely varying lag histories.

To compare the amount of learning which occured for the various lag

sequences with the immediate memory component equated the lag pre

ceding the final presentation was identical for all lag sequences.

In this experiment, 66 different items were each presented

exactly six times to each subject. Each item belonged to one of nine

classes depending on the sequence of five lags which characterized its

19



if on the

six presentations. Table 1 shows the nine classes •. If an item belonging

to sequence 1, for example, were presented for the first time on trial

n of the experiment, it would receive its second presentation on trial

n+ll, its third on trial n+22, its fourth on n+33, fifth on n+44 and its

'final presentation on trial n+55. Thus, exactly ten items intervene

between successive presentations of that item. The term filler item

refers to any item which does belong to any of the other classes. Each

lag sequence occurred six times for each subject and each subject received

18 filler items.

All subjects were given the same sequence of item types. That is,

th .';" ... '
n presentation of the experiment any subject received his

i
th

reinforcement on an item from lag sequence 1, all subjects received

their i
th

reinforcement on an item from lag sequence 1 on that trial.

To avoid the confounding of item differences with the effects of the lag

sequences, the particular stimuli to be associated with the various lag

sequences were assigned randomly to each subject from a set of 90

consonant-vowel-consonant (eve) trigrams. The sequences of item types

used in this experimentJare shown in Appendix A.

There were a total of 420 presentations for each subject, including

the presentations described above (396) and 24 pre-training trials at the

,peginning of each session. There was no break between the pretraining

trials and the beginning of the experiment proper.

The subjects in this experiment were 50 undergraduates at Stanford

University who answered an advertisement offering money for participating

learning experiments. They were paid $1.50 for their participation.

The experiment (including instructions) took about 50 minutes.

20



TABLE 1

LAG SEQUENCES USED IN EXPERIMENT I

Seq. No. lag ( 1) lag(2) lag(3) lag( 4) lag(5)

1 10 10 10 10 10

2 10 10 1 1 10

3 6 6 6 6 10

4 6 6 1 1 10

5 3 3 3 3 10

6 1 1 10 10 10

7 1 1 6 6 10

8 1 1 1 1 10

Filler
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Experiment II

Owing to the results of Experiment I (discussed in Chapter III),

it became necessary to run a second experiment in which a wider range

of final lags was used. The design of Experiment II was identical to

that of Experiment I except for the set of lag sequences used and the

elimination of the restriction that each item appear exactly six times.

Some items appeared only four times. The sequences of lags used in

Experiment II are shown in Table 2. Each sequence 9 through 19 appeared

five times for each subject and there were 24 filler items.

There were a total of 424 presentations during each experimental

session, including 24 pretraining trials. The 18 subjects used in

Experiment II were drawn from the same population as those in Experiment

I and each was paid $1.50. The experimental materials, the apparatus,

and the procedure were the same for both experiments and are expressed in

the following three sections.

Experimental Materials

The set of paired associates which each subject saw was constructed

with CVC nonsense syllables as stimuli and the digits 3,5, and 7 as re

sponses. Each of the responses was paired with 1/3 of the stimuli. The

assignment of responses to particular stimuli was randomized across

subjects.

As mentioned above, each subject's stimuli were drawn randomly

from a set of 90 CVC's. The set of 90 was constructed using the initial

consonants B,C,F,G,J,K,M,P,Q,T,V,W,X,Y, and Z six times each. No two

letter combination appeared more than twice in the entire set. All evc's
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TABLE 2

LAG SEQUENCES USED IN EXPERIMENT II

Seq. No. 1ag(1) 1ag(2) 1ag(3) 1ag(4) 1ag( 5)

9 10 10 10 10 32

10 1 1 1 1 32

11 10 10 10 10 16

12 1 1 1 1 16

13 10 10 10 10 2

14 1 1 1 1 2

15 10 10 6

16 6 6 iO

17 10 10 32

18 6 6 32

19 1 1 32

Filler
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were drawn from those below .5 association value on Glaze's (1927) list of

CVC's. The set of 9C CVC's used are listed in Appendix B.

Experimental Apparatus

The experiments were run on an automated verbal associative-learning

apparatus located at the Institute of Mathematical Studies in the Social

Sciences.

The subjects sat in a soundproofed, air-conditioned room. On a table

before him was a response panel with three 7/8 in. by 1 in. response keys.

The keys were placed 2 in. apart in a row in front of the subject and were

marked with the digits 3, 5, and 7. On another table in front of the

subject were two visual display units placed one on top of the other.

The stimulus was always presented in the center of the top unit, and the

response member of the paired-associate appeared to the subject's right

on the bottom unit. The corect response became visible immediately after

the subject pushed one of the response buttons, and the stimulus and re

sponse remained on the screen together for two seconds. Then both went

off. After a three second inter-trial interval, a new item appeared on

the upper unit.

The subject's response and latency on each of the 420 trials was

recorded on IBM cards by an IBM 526 keypunch and some specialized timing

equipment located in an adjoining room. A more complete description of

the apparatus is given by Yellott (1965).

Experimental Procedure

The SUbject was seated before the re~nsepanel and instructed as

follows:

24



This is a simple associative learning experiment. Your
task in this experiment is simply to remember which of the num
bers 3, 5, or 7 go with which nonsense words. The experiment
will proceed as follows: On each trial, a nonsense word like
this (A eve appears on the screen) will appear on the screen in
front of you. Ea.ch word is associated with exactly one of the
numbers 3, 5, or 7. If you remember which number goes with the
word on the screen, press the button corresponding with that num
ber. If not, as in the case of this word which you have never
seen before, you will have to guess. For example, suppose you
guess 7. (The button marked 7 was pressed by the experime?~er.)

As you see, in this case you were wrong, The correct response
for this nonsense word is 3, (The number 3 came on the screen,
the eve and 3 stayed on together for 2 seconds and then a. new eve
appeared on the upper screen,) Now a new word comeS 0rlthe screen,
and since you have never seen this before, you will have to guess
again. Suppose you guess 3 this time. (Experimenter presses
button marked 3,) You would be wrong again, The answer is in
fact 5, (5 appears on lower screen and the same eve reappears
on the next trial,) Now we see that we have just had this word
and remember that it is 5 so we push 5, (Trial proce~ds and
new word appears on screen,) .

The exper:lment is·timed to take approximately 50 minutes,
During that time, you will see lots of new nonsense words, Every
time you see a new word, try to remember which number goes with
that word, and the next time you see that word, press the appro
priate button, As I said, the experiment is timed to take about
50 minutes, I want you to respond as quickly as you can and
still be correct as often as You can,

OK? Then you can begin by pressing whichever number you
think goes with the word on the screen, and the experiment will
proceed,

The subject then pressed one of the buttons and the experimenter

left the room, The subject continued through the remaining 21 pretrain-

ing items and without a break continued through the experimental items.
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CHAPTER III

EMPIRICAL ANALYSIS

Analysis of the learning curves

Experiment I

The data of primary interest in this experiment are the learning

curves for the se~uences 1 through 8. Table 3 shows the proportion of

errors and the latencies of correct responses for each trial of the ex

.periment. The following discussion will refer to the error curves. The

latencies will be discussed in detail later.

The strongest effect evident in these data is the dependence of

error probability upon the immediately preceding lag. This effect can

be readily seen in any of trial columns 2 through 4, the longer lags

being associated with the greater error probabilities. These effects

~emonstrate the need for theories, like the general all-or-none forgetting

theory, which take into account the length of the immediately preceding lag.

A second observation is that in the trial 6 column there is no effect

of the preceding se~uence of lags on the proportion of errors. Thus,

on trial 6, where the immediately preceding lag is constant and e~ual to

10 for all se~uences, the probability of an error is also nearly constant.

This is true despite striking differences in the number of errors as a

function of lag (4) on trial 5. These two results might be interpreted

as evidence for a short-term memory system which depends only on the

preceding lag length and an independent long-term memory or learning

system which depends only on the number of reinforcements.
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TABLE 3

LEARNING CURVES FOR EXPERJMENT I

A

PROPORTION OF ERRORS AND IllTERPRESENTATION INTERVAL (LAG)

Trial No. 1 2 3 4 5 6

Seq. No. Dbs lag Obs lag Obs lag Obs lag Obs lag Obs

l' .680 10 .340 10 .213 10 .153 10 .127 10 .107

2 .657 10 .297 10 .203 1 .057 1 .033 10 .113

3 .627 6 .267 6 .190 6 .133 6 .080 10 .093

4 .630 6 .340 6 .167 1 .083 1 .057 10 .110

5 .710 3 .207 3 .137 3 .107 3 .083 10 .130

6 .667 1 .150 1 .093 10 .223 10 .150 10 .120

7 .690 1 .207 1 .080 6 .160 6 .117 ,10 .123

8 .707 1 .150 1 .083 1 .033 1 .027 10 .110

B

LATENCIES OF CORRECT RESPONSES

(in sees.)

Trial No. 1 2 3 4 5 6

Seq. No. Obs lag Obs lag Obs lag Obs lag Dbs lag Oba

1 2.32 10 2.38 10 1.84 10 1.80 10 1.61 10 1.69

2 2.47 10 2.28 10 1.88 1 1.46 1 1.40 10 1·57

3 2.66 6 2.20 6 1·72 6 1.58 6 1.54 10 1.59

4 2.41 6 2.12 6 1.87 1 1.43 1 1.36 10 1.55

5 2.45 3 1.88 3 1.56 3 1·56 3 1.39 10 1.49

6 2.53 1 2.65 1 1·55 10 1·79 10 1.59 10 1.51

7 2.45 1 1.79 1 1.48 6 1.70 6 1.61 10 1.64

8 2.81 1 1.57 1 1.51 1 1.37 1 1.35 10 1.65
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A third result, however, complicates the issue. From a comparison

of items with different values of the initial two lags but with the same

value of lag (~), it is clear that the values of the initial lags affect

the probability of an error on trial 4. For example, se~uence 1 and

se~uence 6 both have lag (~) e~ual to 10 but have their initial lags

e~ual to 10 and 1 respectively. There are more errors on trial 4 for

se~uence 6 than on trial 4 for se~uence 1. (The z for the normal

approximation to the binomial, based on an n of 300 is e~ual to 2.19 with

~ < .028.) A comparison between se~uences 3 and 7 gives a similar picture.

Se~uence ~, the one with the longer initial lags, has fewer errors than

se~uence 7, the one with the shorter initial lags, when compared on trial 4

with lag (» e~ual to 6. The picture is further complicated by a compari

son between sequences 2 and 8: on trial 4, following a lag (3) equal to 1,

sequence 8, the one with the shorter initial lags, has the fewer errors

(~= 1.21, ~ ~ .115). A comparison between sequences 4 and 8 shows the same

effect.' Se~uence 8, the one with the shorter intial lags, has the fewer

errors. (~= 2.613, P < .009). To generalize, if lag (}) is long (equal

to 6 or 10), the items with the longer initial lags have fewer errors on

trial 4, but if lag (}) is short (e~ual to 1), the items with shorter

~nitial lags have fewer errors on trial 4.

A similar result was found by Peterson, Hillner and Saltzman (1962).

They used a RRT (reinforcement-reinforcement-test) procewlre in which

the subject was given a study trial (reinforcement) on a paired-associate

and, following a lag of either 0 to 4 items, was given a second reinforce

ment. After a second lag of either 1,2,4 or 8 items a test was given in

which only the stimulus member of the pair was presented and the subject
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was asked to give the response member. The pair was never seen again.

The proportion correct on the test as a function of the test lag (R-T

interval) is shown in Figure 4. The crossing curves indicate the same kind

of interaction between the value of the initial lag and the value of the

test lag which is evident in the data discussed in the previous paragraph.

To summarize, three important trends shown by the learning curves

have been discussed. (1) The immediately preceding lag is a strong

determiner of the proability of an error on any given trial. If the

lag is long, the probability of an error will be high; if it is short,

the probability of an error will be low. (2) Other than the immediately

preceding lag, there appears to be no effect of the preceding sequence

of lags on the proportion of errors on trial 6. (3) If lag (3) is long,

the items with longer initial lags have fewer errors, but if lag (3) is

short, the items with the shorter initial lags have fewer errors on trial

(4). Tbegeneral all-or-none forgetting theory accounts readily for the

immediate effects of lag length, but, as will be shown in Chapter IV, it

cannot account for the interaction between the length of lag (3) and the

length of the initial lags which appears in the data.

There are at least two reasonable interpretations of the absence of

an effect from the preceding sequence of lags as measured by the propor

tion of errors on trial 6. (1) Perhaps an equal amount of learning has

occurred on all sequences. If this were true, no effect of the sequences

of lags would be observed, even if lag (5) (the test lag) were much

different from 10. (2) Alternatively, it is possible that an interaction

between the length of the test lag and the length of the intial lags,

analogous to that observed on trial 4, occurred on trial 6. If lag (5),
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e~ual to 10, were near the cross-over point (i,e. that value of the test

interval for which items with short initial lags have the same number of

errors as items with long initial lags), the differences between the lag

se~uences on trial 6 would be expected to be small or absent. Furthermore,

if lag (5) were longer than 10, the items with the longer initial lags

would have fewer errors than those with shorter initial lags. If lag (5),

were less than 10, items with the shorter initial lags should have the

fewer errors. Experiment II was run to distinguish between these two

interpretations.

Experiment II

The learning functions in terms of error proportions per trial

for Experiment II are shown in Table 4. A comparison of the error prob

abilities on trial 6 for se~uences 9 through 14 show the results of pri

mary interest. Items with initial massed presentaticJns (L e. with lags

1 through 4 e~ual to 1) have more errors on trial 6 than items with ini

tial spaced presencations (i.e. with lags 1 through 4 e~ual to 10) when

both are tested with lag (5) e~ual to 32 or 16. The spaced items, however,

have more errors than the massed when tested with lag (5) equal to 2.

Thus, these data support the second interpretation of the results of Ex·,

periment I menti0ned above. The ~,calculated by use of the normal

approximation to the binomial for the difference between the proportion

of errors on se~uence 9 and 10 on trial 6, e~uals 2.02, P < .028 and is

equal to 1.27, !:. ,:".097 for the difference between se~uences 13 and 14

on trial 6.

A comparison of the error probabilities on trial 4 for se~uences

17 through 19, however, shows little difference among the points as a
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TABLE 4

PROPORTION OF ERRORS FOR LAG S;EQ'OENCES 9-19

Trial No. 1 2 3 4 5 6

Seq. No. Obs lag Obs lag Obs lag Obs lag Obs· lag Obs

9 .622 10 ·511 10 .333 10 .233 10 .100 32 .200

10 .600 1 .233 1 .133 1 .122 1 .056 32 .333

11 ·500 10 .367 10 .367 10 .256 10 .144 16 .122

12 .656 1 .256 1 .133 1 .033 1 .022 16 .267

13 .722 10 .411 10 .211 10 .211 10 .167 2 .122

14 .700 1 .200 1 .133 1 .022 1 .033 2 .067

15 .744 10 ·522 10 .367 6 .167

16 .600 6 .400 6 .255 10 .278

17 .80b 10 .378 10 .256 32 .378

18 .700 6 .311 6 .167 32 .356

19 .689 1 .133 1 ···.122 ·32 . ·.389

32



latencies do not vary at all with the length of the preceding lag. Table

5b shows the latencies of correct responses as a function of lag length

analyzed on a trial by trial basis. This shows that as the trial number

increases (and hence the proba-bility that a given correct item is learned

increases), the lag function becomes increasingly flatter.

Changes in Learning Rate as a FUnction_ of_~ime in the Experiment

Another important variable which can be investigated in the present

study is the general increase in learning rate as a function of trials

which is often observed in standard paired-associate experiments (Bjork,

1966; Izawa, 1966). In these experiments it is not pOssible to separate

the item specific effects from those due to such things as an increased

facility in creating codes or mnemonics.

This confounding occurs because in these experiments, the presentation

number of particular items co-varies with the total amount of experience

of the subject in the experimental situation. In the present experiment,

replications of the same lag sequence occurred at different points during

the experimental session, thus allowing separation of the item specific

learning and the non-specific learning. Table 6 shows the two types of

improvements in Experiment I. The entries in the table show the propor

tion of errors made on trials 2 through 6 on each of the six replications

of the sequences. The fi.rst entry of the table, for example, is the average

proportion of errors made on the second trial of the first replication of

any sequence. Hence, the improvement from left to right is entirely item

specific improvement, and the improvement from top to bottom represents

non-specific improvement.
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TABLE 6

PROPORTION OF ERRORS AS AFUNC'I'ION 'OF

PRESENTATION NUMBER AND REPLICATION NUMBER

TRIALS

Replication 2 3 4 5 6 mean

1 .320 .193 .175 .138 .160 .197

2 .273 .190 .133 .088 .130 .163

3 .213 .118 .090 .078 .118 .123

4 .245 .150 .100 .065 .090 .130

5 .208 .100 .110 .068 .078 .113

6 .210 .125 .108 .068 .105 .121



The substantial degree of non-specific improvement, despite the 24

pre-training trials, leads to the suspicion that much of the improvement

formerly attributed to item specific causes (Atkinson and Crothers, 1964;

Bjork, 1966) might well be due to a general improvement of the subject's

ability either to make associations (move from F to S or S to !oj

or to hold an item in short-term memory, or both.

To use as much of the data as possible, all six replications of each

lag sequence were used in the analyses in the remainder of the paper. At

various points in the folloWing chapters, some of the effects of the in

creasing learning rate on the fit of the models will be mentioned. Appendix

C shows the 48 individual learning curves and indicates that the general

pattern discussed in this chapter tends to hold for each of the six rep

lications of each of the eight sequences separately.

In the following chapter, the general all-or-none forgetting theory

is modified in keeping with the interaction interpretation of the results

of Experiment I which were borne out in Experiment II. This is done to

account for the major features of the frequency data for the two experiments.

The modification is then further extended to account for the latency features.
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CHAPTER IV

THEORETICAL ANALYSIS

For a theory to account for the data of the previous chapter, it

must have at least the following two properties; (1) It must allow for

a transient short-term state into which the item may enter when it is

presented and from which it may move into a forgotten state as the number

of items interpolated since the last presentation increases. (2) It must

account for an interaction between the length of the immediately preced

ing lag and the earlier lags. That is, if two items are tested on trial

~+l, that item with the shorter preceding lags will have the fewer errors

if lag (~) is short, hut the item with the longer preceding lags will have

the fewer errors if lag (~) is long. All of the sub-models of the general

all-or-none forgetting theory presented in Chapter I have the first prop

erty, but none of them have the second. The following section demonstrates

the later assertion.

The General All-or-none Forgetting Theory

To show that the GFT cannot predict the interaction mentioned above,

one need only calculate the difference between the probability of an error

on trial 3 for twoitems with lag sequences of the following two types:

(1) a sequence for which lag (1) equals t
l

and lag (2) equals T, and

(2) a sequence for which lag (1) equals t
2

> t
l
, and lag (2) equals T.

In Peterson et al; (1962), for example, t ; 0, t ; 4, and T; 1, 2,
-- 1 2

4, or 8. In order for a theory to predict an interaction ·of the appropriate

type, the difference

p(e
3

!lag(1) ; t l , lag(2) ; T) - P(e311ag(1) ; t 2 , lag(2) ; T),
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where P(ei ) is the probability of an error on trial 1; must go from

negative to positive as T increases. To show that this cannot be true

for any set of parameters of the GFT, we need only observe that

2 ,82
,81' lag(2) = ,82) = (l-g)[(l-d) + (l-d)(l-w)(l-e )d

,82 _ ,81 ,81
+ d(l-w)(l-e ) L(l-d)(l-e . ) + (l-b)e lJ.

and thus,

p(e
3

!lag(1) t l , lag(2) = T) - p(e
3

!lag (1) = t 2, lag(2) r)

T t l t 2= (l-g)d(l-w)(l-e· )(e -e lea-b)

t
Since t l < t 2, which implies e 1

t n

e ~ > 0, the sign of the difference

depends only on the quantity (a-b), independent of T. Hence, the GFT,

as it is formulated here, is not able to account for this aspect of the

data.

The Modified GFT

A simple modification of the GFT which wil.l account for the inter-

action is presented below.

In the three-state versi.on of the GF'T (equation 1.2) it was assumed

that on each presentation of an item in F it moved either into L or

S. Suppose we now relax this assumption to allow for the possibility

that with some probability 1-)', the subject fails to attend to the

item presentedl (i.e., he fails to attempt to change its state).

The following tree diagram represents the learning process.

1 This failure i.s assumed to ·be due to such variables as difficulty in
finding suitable mnemonics, insufficient study time, or because the
subject is attempting to learn an item previously presented.
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In the diagram A is the state of the subject attending to the item

and A is the state in which the subject does not attend to the item.

The following set of transition matrices characterizes the model

just suggested.

L S F

L 1 0 0

M = S by l-yb 0
P

F ay y(l-a) (l-y)

(4.1)

L S F

L 1 0 0

M = S 0 8 1-8-
P

F 0 0 1

where M is the transition matrix to be applied when the item is pre
p

sented and M is the transition matrix to be applied when an interven
p

ihg item is presented.

To demonstrate that this modified GFT will allow for the interaction

discussed above, the same difference calculated for the general all-or-

none forgetting theory must be calculated.

. 2 £2
= £1' lag(2) = £2) = (l-g)«l-y) + y(1-y)(1-a)(1-8 )

£2 2 2 £1 £2
+ y(1-Y)(1-a)(1-8 ) + y (I-a) (1-8 )(1-8 )
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Hence,

P(e311ag(l) t l , lag(2) = T) - p(e311ag(l) = t 2, lag(2) = T)

t 2 t l 2 2 T t 2 t l
= (l-g)(/,(l-/,)(l-a)(e -e ) + /' (1-80) (l-e)(e -e )

T t l t 2+ /,(l-a)(l-b/,)(l-e )(e -e »
t 2 t l T

(l-g)/,(l-a)(e -e )[(l-y) - (l-e )[(h/,) + /,(a-b)]]o

Since
t 2 t

le -e is negative, this difference is negative for T = 0 and

becomes positive as T gets large if /,(a-b) > 00 Thus, if a > b,

the modified GFT can, qualitatively at least, account for the inter-

action found by Peterson et 8010 and found in the present experimentso

The next step is to estimate parameters for the modified GFT to

see if it can account in a quantitative way for the data of the present

experiments 0 The parameter estimation was accomplished by means of the

2
minimum 1"( method of estimation (Holland, 1965) 0 This method entailed

the joint minimization of the following function over the parameters

~, £,~, and z:

2
1"( (a,b,e,/')

48 [P(e.;a,b,e,/,)n - N(e.)] 48L _--=.l ~_--=l,- + L
i=l P(e.;a,b,e,/')n i=l

l

2
[P(c.;a,b,e,/,)n - N(c.)]

l . l ,

where i indexes the 48 points of the eight learning curves (six tri~ls on

represents the predicted proba-

the analogous prediction for a correct response,

,)

each of eight sequences),

bility of an error in the

P(e.;a,b,e,/')
l

i th learning curve point, P(c.;a,b,e,/')
l

and N( c.)
l

is

are

the observed frequencies of error and correct responses, respectively, for

the i th learning curve point, and n is the total num1;Jer of observations
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per point (300 for this experiment). A computer minimization procedure

developed for Atkinson and Crothers (1964) was used to numerically minimize

the n2 function.

Readers ac~uainted with the minimum parameter estimation procedure

2
will recognize the close similarity between it and the minimum n method.

The major difference "between the two procedures is that the X
2

function

is the sum of independent X2 components whereas the X2 components

summed into the n
2

are not necessarily independent. Since the consecu-

tive points on a learning curve are not independent, the minimum 2
n

procedure is appropriate for the present task. Because of the close simi-

larity between the minimum n2 2and the minimum X procedures, they have

many of the same desirable properties (e.g. consistency and asymptotic

normality of the estimates). Although no tables of 2
II exist, a crude

approximation to the levels of significance can be made by use of the

X2 table with the degrees of freedom (d.f.) e~ual to the number of points

in the sum (48 in the present experiment) minus the number of parameters

being estimated (4 in the case of the modified GFT).

The values of parameters which minimized the 112 function for Experi~

A 4 A A A
ment I were ~ = • 50, £. = .135, 'Y = .750, and e = .901 with a minimum

n
2

value of 48.3. The corresponding X2 contains 44.d.f. Since a X2

with 44 d.f. has an expectation of 44, it is clear that a value of 48.3

is well within the acceptable range. Figures 5 and 6 show the predicted

and observed values for all eight learning curves where each data point

is based on 300 observations. There are no consistent discrepancies

between the predicted and observed probabilities,and the predicted values

are very close to those observed.
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We may ask how much the modification of the GFT (the addition of the

attention parameter, r) actually affected the fit of the model. Perhaps

the fit would have been nearly as good without the incorporation of the

attention parameter. Secondly, it is important to know how to regard the

non-zero but small estimate of the probability of learning from the short-

term state. Perhaps the non-zero feature of the estimate is due only to

noise in the data, and the true value of the parameter is zero as Greeno

(1966) suggests. To answer these and similar questions, minimum ~2 esti-

mates of the parameters were made under several restrictions of the modi-

fied GFT. Table 7 shows a comparison of the parameter estimates and the

minimum ~2 values obtained for the various restrictions on the model.

The result most obvious from the table is the important role played by

the parameter L' The restriction 7;1 increases the minimum ~2

value by at least three times. Hence, it can be concluded that the modi-

fication made in the three-state version of the GFT was very important.

The restrictions

fit of the model.

b ; 0 and a; b have a much smaller effect on the

2
These restrictions increase the minimum ~ by about

20 and 40 per cent, respectively. The fact that the model fits better

under the restriction b; 0 than under the restriction a; b might be

construed as evidence for Greeno's contention that b; O. The evidence,

however, is weak. The high value of the parameter a in all cases makes

Bernbach's assumption that learning occurs only from S (i.e., a; 0)

very tenuous in this context.

Since the modified GFT successfully accounts for the learning curves

of Experiment I, a next step is to see if it might not also account for

the learning curves of Experiment II. The learning curves, predicted

and observed, are shown in Figures 7 and 8. There is obviously a great
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TABLE 7

PARAMETER ESTIMATES AND MINIMUM 1l
2 . VALUES

FOR SEVERAL RESTRICTIONS OF THE MODIFIED GFT

A A A A ARestrictions a b e '1 ,r

none .45 .14 .90 .76 48.35

b~O .51 .00 .91 .74 57.62

a~b .30 ·30 .93 .76 69.44

'1"'1 .37 .21 .74 l.00 150.41

b~O, '1~1 .41 .00 .70 l.00 208.13

a~b, )'~1 .29 q29 .80 l.00 197.20

TABLE 8

A COMPARISON BETWEEN PARAMETER ESTIMATES

OF EXPERIMENTS I AND II

?, A A 2
11

2a e )' Meacrl X
component

Experiment I .45 .14 .90 .76 l.0 48.3

Experiment II .39 .09 .89 .69 l.5 85.5
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deal more variability in this data than in Experiment I. (There are only

90 observations per point in Experiment II as compared to 300 in Experiment I.)

2Table 8 shows the parameter estimates, minimum n values, and the mean

components per point for both experiments. The fact that this mean is

somewhat lower for Experiment I than for Experiment II indicates that the

first experiment is better fit than the second. If the initial guessing

trial is ignored, the mean X2 component for Experiment I is .97 and 1.22

for Experiment II. Hence, the first trial, on which it is assumed that the

subjects guess randomly, contributes substantially to the value of

particularly for Experiment II.

2
n ,

In the discussion of Experiment II in the previous chapter (III, p. 33),

chance fluctuations were suggested to account for the discrepancy between

the expected and observed ordering of probabilities of an error on trial 4

of sequences 17, 18, and 19. It was expected that sequence 17 would have

the fewest errors and sequence 19 would have the most. This expectation

was based on observations of trial 4 in Experiment I. On that trial, those

items with longer initial lags following a long lag had fewer errors than

items with shorter initial lags. Since the modified GFT has the same ex-

pected ordering it is relevant to note that its mean X2 component for

trial 4 of these sequences (from the parameters in Table 8) is .96. This

is much less than the X2 component averaged over the whole experiment.

Therefore, the contention that chance fluctuations account for the lack of

appropriate ordering is not unreasonable.

Additional statistics which are often useful in evaluating fits of

Markov models to frequency data are derived from the distribution of the

trial of the last error. For the data of Experiment I, the parameters

estimated from the learning curves were used to generate the predicted
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values of this distribution. It should be noted that since only six

trials were run on each item in this experiment, the fact that a subject

made his last error on trial k does not mean that if more trials had

been run he might not have made more errors, but rather, that the subject

made no more errors in the six trials presented. Thus, the theoretical

probability of a last error on trial 6, for example, is simply the prob

ability of an error on trial 6. Figure 9 shows the predicted and observed

proportions of subject-item protocols which had their last error on each

of the six trials for each of the eight sequences. A last error on trial

o indicates that the subject made no errors on that item. The primary

discrepancy between the predicted and observed distributions is too fre

quent occurrence of last errors on trials 0 and 1, and too few on later

trials. This discrepancy would be expe·cted if the assumptions concerning

item or subject homogeneity were violated, or if, as suggested in Chapter

III, there were a variation of parameters within subjects during the course

of the experiment. In any case, the discrepancies are not large, and some

subject and item differences no doubt exist.

A statistic which has often been used to discriminate between the

incremental and all-or-none quality of frequency data is the probability

of an error on trial E' given an error on some trial greater than n.

Table 9 shows a comparison between the predicted and observed values of

this probability for each of the eight lag-sequences in Experiment I.

The most striking discrepancy between the predicted and observed values

is the consistent tendency for the observed probabilities to fall above

those predicted by the model. This discrepancy, too, may be a function of

subject or item inhomogeneity. For example, when a statistic is con

ditionalized on an error occurring, the subject item protocols included
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TRIAL 9

PROBABILITY OF AN ERROR ON TRIAL n GIVEN

AN ERROR OCCURRED ON A TRIAL GREATER THAN n.
~

1 2 3 4 5

Trial No. Ob,; Pred tag Obs Pred Lag Obs Pred Lag Obs Pred Lag Obs Pred
Seq. No.

1 .69 .67 lO ·55 .48 10 ·52 .46 10 ·50 .46 10 .47 .47

\Jl 2 .67 .67 lO ·51 .49 10 ·51 .49 1 .23 .21 1 .17 .n
'"

3 .66 .67 6 ·51 .40 6 .45 .35 6 .39 .34 6 .25 .35

4 .67 .67 6 .63 .41 6 .45 .38 1 .36 .17 1 .35 .10

5 .70 .67 3 .46 ·33 3 .40 .24 3 .32 .22 3 ·33 .21

6 .70 .67 1 .33 .25 1 .20 .n lO ·54 .41 lO .47 .46

7 .74 .67 1 .40 .25 1 .21 .12 6 .45 .30 6 ·51 .34

8 .76 .67 1 ·35 .28 1 .15 .14 1 .08 .lO 1 .09 .08



in that statistic might well be from subjects with a lower than average

value of e. The effect of this would be a higher over-all forgetting

rate and consequently more errors evidenced in these statistics. It is

interesting that there is almost no tendency for the predicted and observed

values to cross. Instead, the observed curves have much the same shape as

those predicted by the model. This is important with regard to the incre

mental versus all-or-none interpretation of the data. If learning were

incremental, that is if strength were being built up on each successive

reinforcement, the observed values would be expected to decrease relative

to those predicted from the model. The intuition behind this assertion

can be understood from the fact that for the modified GFT an item which

is not yet learned is either in S or F. Hence, the probability of an

error on such items is different from chance only because of short-term

effects. An incremental model, on the other hand, must allow for an im

provement over and above that attributable to short-term effects, even on

items not yet fully learned. Thus, despite the fact that the actual pre

dicted values are somewhat low, these data still support the basic all-or

none assumption of the modified GFT.

Theoretical Latency Analysis

The close relationship between the latencies and error frequencies

discussed in the preceding chapter strongly suggests that the latencies

and error probabilities were generated by similar processes. It therefore

is natural to append latency assumptions to the modified GFT, which already

gives an account of the error frequency data, to attempt to account simil

taneously for the error frequencies and, at least, the mean latencies.



It seems reasonable that, even after an item is learned, responses

following a short lag would be faster than those following a longer ~ag.

To incoporate this idea into the modified GFT, it is necessary to separate

the learned state, ~,into two states, one from which the subjects respond

quickly, denoted LB', and one fr9m which they respond more slowly, L.

It is further assumed that inS as well as LS the correct response is

is immediately available so that subjects respond quickly to ~tems in

either of these states. The following tree diagram, analogous to that

for the modified GFT shown in Chapter IV, page 40 indicates the relation-

ships assumed among the various states. The diagram indicates that any

trial on which an item is attended to, the response to that item becomes

immediately available (moves into S or LS depending on whether or not

the item is learned). If it is not attended to, it is assumed not to

change states. Each intervening item has probability l,e of causing

an item in an available state to move to an unavailable state. If the

item is in LS, it returns to ~; if it is in ~, it returns to F.

The set of transition matrices given below describe the extension to

the GFT just discussed:

LS L S F p(c Istate) E(latlstate)

LS 1 0 0 0 1 xs

L Y l,Y 0 0 1 ir(n)
Mp S bY 0 I-bY 0 1 Xs

F aY G (I-a) Y l-Y g x'f(n)

LS L S F

LS e l-e 0 0

TIJ 0 1 0 0
M=

P S 0 0 e l~e

F 0 0 0 1
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where x represents the mean response time to an item whose response iss

readily available (it is in 1S or ~), xl(n) represents the mean re-

sponse time on the thn presentation, to items in ~, repre-

sents the mean response time, on the thn presentation, to an item in F.

Since it seemed likely that subjects might become faster at retrieving

non~available learned responses, it was assumed that the reaction time

from ~ might, in general, depend on ~. Specifically, it was assumed

that xl(n) was given by the following difference equations:

where is the asymptotic value of xl(n).

n < 2

Also, since the error

latencies changed slightly over trials, the reaction time from F was

assumed to depend on the presentation ·number of the item.

In applying the model, the following techniques were used to estimate

the parameters: (1) values of parameters ~,~,~, and L were carried

over from the frequency data. (2) xf(n) wa.s estimated from the error

latencies. Since the error latencies declined slightly over presenta-

tions, from a mean of 2.57 sec. on trial 1, to a. mean of 2·.33 sec. on

trial 6, a geometric decay function starting at 2.57 Sec. on trial 1,

and leveling off at 2.33 sec. on trial 6; was used to generate the pre-

dicted values of xf(n). (3) The values of xs' Xl' c, and x l (2)

(the initial value of xl(n» were estimated by minimizing the follow

ing function:

48
~ L [1(e i )- 1(ei,xS,xl,c,xl(2»]2p(ei;xS,xl,c,xl(2»

i~l

48
+ L [1(c.) - 1(ci,xS,xl,c,xl(2»]2p(ci;xS,xl,c,xl(2» ,

i~l ~
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where i indexes the 48 points (six trials for each of eight lag-sequences),

and L(c.)
~

represent the observed latency on the i th point for

error and correct responses, respectively, and L(e i ; xl' Xl (2), c, Xs )

and L(c i ; xl' x l (2), c, xs) represent the predicted latencies for error

and correct responses, respectively. The parameter values which minimized

this function are xl ~ 1.59 sec" x l (2) ~ 3.53 sec., Xs ~ 1039 sec., and

c ~ .331. Table 10 shows the predicted and observed values of latencies

for both error and correct responses, The closeness of the predictions

to the observed data further demonstrates the remarkable similarity between

the latency and frequency data.

Before conclusions can be drawn concerning the implications of the

fits of the modified general all-or-none forgetting theory to the frequency

and latency data, some theoretical approaches outside of the realm of the

GFT must be investigated, The following chapter deals with this issue.



TABLE lO

PREDICTED AND OBSERVED LATENCIES FOR EXPERIMENT I

CORRECT RESPONSES

Vl
\D

Trial No.

Seq. No.

1

2

3

4

5

6

7

8

1

Obs Pred

2·32 2.57

2.47 2.57

2.66 2.57

2.41 2.57

2.45 2.57

2·53 2.57

2.45 2.57

2.81 2.57

2

Lag Obs Pred

10 2.38 2.39

10 2.28 2.39

6 2.20 2.09

6 2.12 2.09

3 1.88 1.81

1 1.65 1.60

1 1.79 1.60

1 1.57 1.60

3

Lag Obs Pred

10 1.84 1.94

10 1.88 1.94

6 1.72 1.78

6 1.87 1.78

3 1.56 1.61

1 1.55 1.48

1 1.48 1.48

1 1. 51 1.48

4

Lag Obs Pred

10 1.80 1.71

1 1.46 1.49

6 1.58 1.62

1 1.43 1.48

3 1.56 1.53

10 1.79 1.70

6 1.70 1.60

1 1.37 1.44

5

Lag Obs Fred

10 1.61 1.62

1 1.40 1.43

6 1.54 1.56

1 1.36 1.43

3 1.39 1.49

10 1.59 1.63

6 1.61 1.56

1 1.35 1.43

6

Lag Obs Pred

10 1.69 1.58

10 1.57 1.57

10 1.59 1.58

10 1.55 1.58

10 1.49 1.58

10 1.51 1.59

10 1.64 1.59

10 1.65 1.59

Trial No. 1 2

INCORRECT RESPONSES

3 4 5 6

Seq. No.

1

2

3

4

5

6

7

8

Obs Pred

2·53 2·57

2·55 2.57

2·53 2.57

2.50 2.57

2.65 2.57

2·53 2·57

2.56 2.57

2.69 2.57

Lag Obs Pred

10 2.52 2.48

10 2.45 2.48

6 2.59 2.42

6 2.55 2.48

3 2.26 2.48

1 2.41 2.48

1 2.45 2.48

1 2.50 2.48

Lag Obs Pred

10 2.60 2.42

10 2.40 2.42

6 2.56 2.42

6 2.19 2.42,
3 2.27 2.42

1 2.34 2.42

1 2.26 2.42

1 2.45 2.42

Lag Obs Pred

10 2.55 2.39

1 2.47 2.39

6 2.47 2.39

1 2.46 2.39

3 2.09 2.39

10 2.04 2.39

6 2.24 2.39

1 1.44 2.39

Lag Obs Fred

10 2.25 2.37

1 2.62 2.37

62.27 2.37

1 2.92 2.37

3 1.66 2.37

10 2.21 2.37

6 2.14 2.37

1 2.62 2.37

Lag Obs Pred

10 2.04 2.36

10 2.31 2.36

10 2.47 2.36

10 2.28 2.36

10 2.09 2.36

10 2.48 2.36

10 2.68 2.36

10 2.42 2.36



CHAPTER V

CONCLUDING DISCUSSION

In the empirical results discussed in Chapter III, four strong effects

are evident: (1) The shorter the lag between two presentations of the

same item, the greater the probability of a correct response on the sec

ond presentation. (2) If two items have the same value of lag(n), more

errors will be made on trial n+l for that item which had shorter preceding

lags if lag (n) is long, but more errors will be made on the item with

longer preceding lags if lag(n) is short. (3) There is some non-specific

improvement or learning to learn, that occurs during the experiment which

cannot be associated with the learning of a particular item. (4) The

learning curves, for latencies of correct responses show the same effects

found in the fre~uency data.

Chapter IV showed that results 1,2, and 4 were consistent with a

modification of the general all-or-none forgetting theory which assumed

that the subject did not attend on every pre'sentation. It further showed

that the deviations of the theory from the data were, in large part,

attributable to the parameter inhomogeneity implied by result 3 above.

Chapter IV further showed that, in this experiment, the probability, "£.'

of learning from the short-term state is much smaller than the probability

~, of learning from the forgotten state. In fact, the over-all fit of the

model to the data is not much affected by the assumption that b ~ O.

Before we can conclude, however, that the probability of learning from

the short-term state is zero, or even that it is smaller than the prob

ability of learning from the forgotten state, as Greeno (1966) suggests,

we must investigate alternative models which fall outside the class

represented by the GFT.
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To clarify the relationships among the various conceptions of the

memory and learning process described in Chapter I as well as those about

to be discussed, the following classification scheme will prove useful.

The models differ as to (1) whether or not there are separate long-' and

1short-term memory stores and (2) whether or not rehearsal (the transfer

of an item from S to L while another interfering item is being pre-

sented) plays an important role in the learning of paired associates,

Using these criteria, four classes of models can be distinguished:

(1) multi-storage non-rehearsal models, (2) multi-storage, rehearsal mod-

els, (3) single storage, non-rehearsal models and (4) single storage,

rehearsal models, In the remaining sections, each of these classes will

be dealt with in turn and specific models within the classes will be com-

pared with data.

Multi-storage NOn-rehearsal Models

Two types of models which fall into this class have already been

discussed (the long-short (LS) models developed by Atkinson and Crothers

(1~64), and the trial-dependent forgetting models (TDF) discussed by

Calfee and Atkinson (1965».

The transition matrices for the modified GFT can be readily inter-

preted in the language of the long-short models. States Land S

can be interpreted as long- and short-term memory stores. The parameters

a and b can be interpreted as the probability of transferring an item,

~he term rehearsal is intended to refer to any transition from a tem
porary memory state to a more permanent one which occurs while interven
ing items are being presented. It refers to such apparently different
psychological processes as subvocal self-presentation of items other
than the one being presented and the consolidation of mempry traces.
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to long-term memory from the short-term and forgotten states respectively.

The parameter 1-8 can be interpreted as the probability that an inter-

vening item causes any given item to be lost from short-term memory.

Finally, the paramter r can be interpreted as the probability that a

subject attempts to transfer a presented item to another memory store.

With these interpretations the modified GFT is clearly consistent with

the psychological assumptions of the long-short models.

The second example of a multi-storage non-rehearsal model is the

trial-dependent forgetting model of Calfee and Atkinson (1965). It will

be recalled from the discussion of the TDF model in Chapter I that the

only difference between the TDF and LS models is that, where the LS model

assumes that every intervening item. is interfering, the TDF assumes that

items which are in the learned state are not interfering. Because of

the continuous nature of the task in the present experiment, the propor-

tion of learned items intervening between consecutive presentations of a

given item is relatively constant over trials. This property is in con-

trast to the more typical list learning experiments where the number of

intervening learned items increases with trials. An expected operator

approximationlto the TDF theory can be readily made by assuming that

some fixed proportion, q, of the intervening items are unlearned, and

that exactly t.q interfering items occur with a lag of t. Then the

transition matrix to be applied between two presentations separated by

a lag of equals M
P

lThe term ·'expected operator approximation' refers to the fact that
it is assumed that exactly the expected number of unlearned items (in
this case t.q.) occur in each lag of length t.

62



Thus

L S F p(correctlstate)

L 1 0 0 1

M(t) = S b (l_b)et •q (l-b) (l_et •q) 1

F a (l_a)et •q (l-a) (l_et •q) g

If the attention parameter y is added to this model in the same way

that it was added to the GFT, the two models have the same transition

matrices with the parameter e in the modified GFT equal to q in the

modified TDF. Hence, no distinction can be made between the two models

solely on the basis of the distribution of sequences of errors and suc-

cesses. One method which can be used to distingush the two models is

to conditionalize on the presentation number of the intervening items.

Since the higher the presentation number of an intervening item the

greater the probability that it is learned, the TDF model predicts fewer

errors following items with high presentation numbers. Table 11 shows

the proportion of errors on trials 2 and 3 for items with lag(l)= lag(2)=1

(sequences 6, 7, and 8) as a function of the trial number of the single

intervening item. There is little evidence here that items with smaller

trial numbers tend to interfere less than, items with larger trial numbers.

A X2 measure of independence, under the assumption that the proportion

of errors is due only to the trial number of the item presented, and not

that of the intervening item, yielded a X2 = 8.57 with 10 degrees of

freedom, clearly a non-significant value (p> .50). Though these data

are not strong enough to reject the TDF assumption that learned items are

not interfering, they certainly lend no support to it.

In summary, the modified forgetting model can be readily interpreted

as a long-short model, and the fact that it fits the data of Experiments I
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Table 11

Proportion of errors on trials 1 and 2 for sequences 6, 7 and 8

as a function of the trial number of the intervening item.

Trial number of the intervening item

1 2 3 4 5 6

Trial 1 .212. .135 .147 .170 .140 .160
(250) (200) (150) (200) (50) (50)

. Trial 2 .060 .093 .100 .080 .080 .070
(50) (300) (200) (50) (100) (200)

(Parentheses give the number of observations in each case.)
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and II might be construed as indirect evidence for the multi-storage non

rehearsal assumptions which underlie the LS models. The following sections,

however, weaken such an argument.

In addition, the lack of support for the TDF assumption concerning

the non-interference of interpolated items in L makes the general assump

tion that all the items are e~ually interfering, independent of their

learning state, more palatable.

Multi-storage Rehearsal Models

Atkinson and Shiffrin (1967) have recently outlined in great detail

a conception of short-term memory and the learning process which differs

markedly from those discussed in Chapter I. Atkinson and Shiffrin assume

that there are two distinct memory stores, a long-term store from which

little forgetting occurs, and a short-term store from which forgetting

readily occurs. They further assume that so long as an item is held in

the short-term store there is memory transfer from the short- to the

long-term store. Thus, where for Greeno, the primary learning occurs

when as item is in the forgotten state, for Atkinson and Shiffrin much

of the learning takes place from the short-term state. Furthermore,

Atkinson and Shiffrin place emphasis on the rehearsal process, which they

postulate to be the mechanism whereby learning occurs between, as well

as during, the presentations of that given item. In order to capture

much of the flavor of the ideas of Atkinson and Shiffrin, the author

has developed a simple Markov model, which allows for learning to occur

from the short-term state so long as an item remains in that state.

The transition matrices below describe the process.
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M =
P

M
P

L S F P(correctJstate)

L 1 0 0 1

S b (I-b) 0 1 ,
F b)' (I-b))' (1-)') g

L S F

L 1 0 0

S a (l-a)e (I-e) (I-a)

F 0 0 1

The parameter )' represents the probability of entering the short-term

store if an item is presented while it is in the forgotten state; b is

the probability of learning if an item is in the short-term store or

enters the short-term store on a trial when the item is presented; a is

the probability of rehearsing and learning the item when another item is

presented, and, finally, e is the probability that an intervening item

will not remove an item from the short-term memory storeo In order to

obtain the probability that an item is in each of the states after t

interpolated items, we need only calculate M(t) = M
p

L S F P(correctJstate)

L 1 0 0 1

M(t) Ma(t)
t X(t) 1= S (l-b)[ (l-a)e] ,

)'[Ma(t)]
t (l-7)+)'X(t)F .7(1-b)[(1-a)ej g
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where

and

a(t) ; (1-b)a(1-[(1-a}8j t)
1-(1-a)8

To see precisely the effect of adding the rehearsal parameter to the

*theory, it might be well to look at the comparable matrix, M (t), fOr

the modified GFT, viz.,

L S F P(correct[state}

L 1 0 0 1

* (1_Yb)8t (1_Yb)(l~8t)M (t) ; S yb 1

F t t
Y (1-a)Y8 (1-y)+y(1-a)(1-8 ) g

Although there are several differences between the matrices, for example

that the F to L transition depends on t for the rehearsal model and

is independent of t for the modified GFT, the differences in predictions

about the data space are less obvious. In fact, a theorem by Atkinson

and Crothers (1964) can be easily generalized to show that these two

theories predict exactly the same distribution of probabilities over the

data space of errors and successes.

Atkinson and Crothers show that for any two models described by the

transition matrices,

P(correct[state)

1 0 0

[:A ; a21 a22 a
23

a
31 a32

a
33
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and

P(correctJstate)

1 0 0 1

B = b21 b22 b
23

1

b
31

b
32 b33 g

they will predict the same distribution of error success protocols if

the following three e~uations hold:

and

and

The analogous conditions for the models described by the transition

matrices

P(correctlstate)

1 0 0 1

A(t) a
21

(t) a22(t) a
23

(t) 1

a
31

(t) a
32

(t) a
33

(t) g

and

P(correctJstate)

1 0 0 1

B(t) b
2l

(t) b22(t) b
23

(t) 1 ,
b

31
(t) b

32
(t) b

33
(t) g

is simply that for any t
l

and t 2 the following three e~uations must hold:

a
33

(tl ) = b
33

(tl )

a22(t
1

) = b22(tl )

a
32

(t
l

) . a
23

(t
2

) = b
32

(t
1

) . b
23

(t2 ) •
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*These equations in terms of M(t) and M (t) above require that

(1)

(2)

t t
(l-y) + Y(l-b~(l-)(l-e) (l-[(l-a)e] 1) = (l-y) + y(l-a)(l-e 1) ,

1- l-a e
t

l
t

l(l-b)[(l-a)e] = (l-yb)e ,

t
y(l-b)[(l-a)e] 1 . (l-b)(l-a)(l-e)

l-(l-aJe

t 2(l-[(l-a)e] )

which is true if

M(t) *M (t)

Y = Y ,
b = yb ,

(l-a)e = e ,
and

1 (l-b)~l-a)(l-e)_
- 1- l-aJe - a

Hence, this rehearsal model, which assumes that nearly all of the learn-

ing occurs from the short-term state, predicts exactly the same curves

as the ones attributed to the modified GFT in Chapter IV under the con-

ditions that r = .7625, £ = .1047, ~ = .0381, and ~ = .9379. It is

also of interest that the best fitting three-parameter model can be ob-

tained by the restriction that a = b in the rehearsal model which

yields a rr
2 = 51.8 (comparably to a

2 A A

X d.f. = 45) with a = b = .044,

r = .7500,
A

and e = .9469.
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Before leaving this multi-storage rehearsal model, it ought to be

mentioned that it predicts the same probability distribution over the

data space even if the F to L transition in the rehearsal model is

zero. That is, the following set of matrices leads to the same predic-

tions as the modified GFT:

and

L

M ; S
P

F

L

1

b

o

s

o

l-b

F

o

o

1-)'

p(correctlstate)

1

1

g

L

M ; S
p

F

1

a

o

o

(l-a) 8

o

o

(l-a)( 1-8)

1

This non-identifiability result is somewhat discouraging to those who

want to argue, as Greeno (1966), that since b is small or zero in the

modified GFT model, we can therefore conclude that the probability of

learning from the" short-term state" is zero, or at least small. In

fact, if One invokes a rehearsal process, nO such conclusion can be

made, even though the parameters of the modified GFT are identifiable.

More elaborate experiments aimed sPecifically at the rehearsa1-non-

rehearsal ~uestion must he done hefOre such a conclusion can he made.

Three general tyves of models falling into this class will be dis-

cussed! (1) GreenO's coding mOdel (1966) , (2) Bernbach's forgetting mOdel

(1965) and (3) EsteS! fluctuation model (1955 a,b; lzawa, 1965).
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The states and parameters of the modified GFT can be readily inter

preted in a way consistent with Greeno's representation of the learning

process (Chapter I). The learned state, ~, and the short-term state,

~, are interpreted as states in which the subject has a code stored in

memory which will lead to the correct response. If the code will support

retention for the duration of the experimental session, the item is said

to be in L. If not, the item is said to be in S. The forgotten state,

E, is one in which the subject has no code stored. The attention para

meter, L' can be interpreted as the probability that the subject creates

a code on any given trial on which he does not have one stored. The para

meter a is the probability that the subject creates a good code (one which

will support retention through the experiment) given that he creates a code

at all. Since subjects do not create a new code when they have one stored

which yields correct responses, the S to L transition should be zero,

and hence, b must be zero, Thus, if b is assumed to be zero, the

modified GFT is consistent with Greeno's coding interpretation of the

learning process.

The second model, Bernbach's forgetting model (1965), which assumes

that learning occurs only on presentation trials and that all learning

occurs from the short-term state, is not consistent with the findings of

this investigation. In order to account for these data and have all

learning occur from the short-term state, one must allow for the possibility

of rehearsal.
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The other important model in this class which has not yet been

discussed is Estes' Fluctuation Model (1955 a,b; Izawa, 1965). This

model derived from Stimulus Sampling Theory, has a different flavor than

the other models discussed thus far. The fluctuation model, as applied

here, can be characterized by the following set of assumptions:

(1) The stimulus member of each item, together with the context in

which it occurs, comprises a set of stimulus elements, or cues,

N* in number.

(2) At any time, some of these cues are in an active state (i.e.

can be sampled by the subject if the item is presented), while

the remainder are inactive.

(3) Transitions between the active and inactive states occur ran

domly over time, there being some constant probability of a

transition during any short interval of time 6t.

(4) At any time, any given cue may be associated with (~Iconditioned

to") the correct response, some specific incorrect response, or

neither.

(5) On each anticipation trial, there is some fixed probability,

~, that all of the cues in the sample will be conditioned to

the correct response.

(6) The probability of a correct response is equal to the propor

tion of cues in the sample that are conditioned to the correct

response.

By further assuming that N* is very large, that initially all elements

are randomly conditioned to one of the three responses alternatives, that

the proportion of active elements is constant over the experiment, and
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that during each intervening trial each active element has probability

1-81 , of becoming unavailable and each unavailable element has prob-

ability 1-8
2

of becoming available, the following set of transition

matrices can be written to describe any given element"

Ar , AC AU UUL·

AC 1 0 0 0

UC 0 1 0 0
M =

P AU a 0 l-a 0

uu 0 0 0 1

(501)
-J

AC DC AU UU

AC r" 1-8 0 0
1

UC
1-:2

8
2 0 0

M

P AU 0 1-8 1-8

l
1 1

UU 0 0 1-8
2

8
2

In state AC the element UU is both available and conditioned to the

correct response, in UC unavailable and conditioned , in AU available

and conditioned to a wrong response alternative and in UU wrongly

conditioned and unavailableo The matrix, M(t), which shows transitions

between any two presentations of a given item separated by t intervening

items is given by
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AC UC AU UU

t (l_P)(l_wt )AC p+(l-a)w a a
" t) (l_P)+Pwt

M(t) UC P(l-w 0 a
t a(l-p) (l_wt ) (l-a) (P+(l_P)wt )

tAU a(p+(l-p)w ) (l-a)(l-p)(l-w )

t tuu a a p(l-w ) (l-p)+pw

where the exchange rate

w = 8 +8 -1
1 2

and the proportion of available elements
1-8

2
P =-l-w

The start vector, s, for this model is given by

s = (pg, (l-p)g, pel-g), (l-p)(l-g))

where £ is the proportion of elements initially conditioned to the cor-

rect response, and i is the proportion of available elements.

A careful study of the equations for the learning curves leads to

the initially surprising result that the learning curves for the fluctua-

tion mOdel, for this situation, are algebraically equivalent to the

learning curves for the modified general all-or-none forgetting theory

with b = O. The parameter eqUivalences which give this result are: a

for the fluctuation model equal to Z of the modified GFT, w equal to

8, and i equal to a.

The proof of this equivalence is somewhat tedious and is postponed

until the ~ppendix. The procedure is to first "show that the probability

of an error on trials 1 and 2 is the same for both models and then that

for any trial E, the error probability depends, for both models, on the

same function of the error probabilities of trials n-l and n-2.

It should be noted, however, that the eqUivalence shown here is an

equivalence of learning curves, rather than an equivalence of processes
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as shown in the preceding sections, In this case, other statistics of the

data will discriminate between the two models, Before turning to statis-

tics which will .discriminate, it is interesting first to consider two

other versions of the fluctuation model which also lead to identical learn-

ing curves, but which differ among themselves on other statistics. The

fact that the minimum rr 2 estimate of £ in the large N* fluctuation

model was estimated to be ,5 suggests the following two-parameter version

of the fluctuation model, Suppose that N* = 2, that at all times one

element is available and one is unavailable and that, on each intervening

trial, with probability l-e the two elements exchange places, and with

probability e they remain as they were. This version of the fluctua-

tion model can be characterized by the following set of transition matrices:

M =
P

M =
p

cc

cu

uc

uu

cc

cu

uc

uu

cc

1

o

a

o

1

o

o

o

cu

o

1

o

a

o

e

l-e

o

uc

o

o

l-a

o

o

l-e

e

o

uu

o

o

o

1

o

o

o

1

where CC represents both elements conditioned, CU the available

conditioned correctly and the unavailable not, UC the unavailable

correctly conditioned and the available not, and UU neither correctly

conditioned, There are two distinct assumptions which can be made about
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the initial state of the elements and thus the start vector and the response-

given-state vector, One can assume a's in the large N* case, above"

that all elements begin conditioned to one of the responses, In that

case, the start vector would be

s ;

The resllonse-given-state vector would be R ,-

1

1

°
°

Alternatively, one could assume that all of the elements begin in an

unconditioned state, in which case the start vector would be

s ; (0, 0, 0, 1)

1

and the resllonse-given-state vector would be R
g

g

Both models llredict the same learning curves as the large N* fluctua-

tion model with ~; ,5 and thus the same as the modified GFT with

b ; ° and a; ,5, However, the models all differ among themselves on

the predictions for other statistics. For example, Table 12 shows a com-

parison of the observed and predicted means and variances of the distri-

butions of the trial of the last error for all of the models. (The

predictions for the large N* fluctuation model were generated by 400

stat-rat subjects with N* 200. Those for all other models were gen-

erated numerically by use of a 7090 comllutero) It should be recalled

that the learning curves for all of the models excellt the modified GFT

are the same. The llredictions of all of the models are slightly too low
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TABLE l2

PREDICTED AND OBSERVED MEANS AND VARIANCES OF THE:

DISTRIBUTION OF THE: TRIAL OF THE: LAST ERROR

Modified 2-el. Fluctuation 2-el. Fluctuation
Modified GFr Large N* all conditioned with initial

SEQUENCE 1 Observed GFr 1>=0 Fluctuation initially guess:1ng state

R(X} 2.177 2.241 2.199 2.493 2.614

VAR(X) 3.698 3.420 3·400 3.346 3.173

SEQUENCE 2

E(X) 1.896 2.054 2.066 2.167 2.265

VARix) 3.333 3.182 3.342 3.366 ,.231

SEQUENCE 3

E(X) 1.963 2.197 2.228 2.435 2.550

VARix) 3.669 3.616 3.739 3.771 3.610

SEQUENCE 4

E(X) 1.863 2.016 2.089 2.153 2.248

VARix) 3.446 3.406 3.686 4.038 3.624

SEQUENCE 5

E(X) 1.950 2.079 2.209 2.302 2.403

VARix) 3.913 3.818 4.126 4.269 4.123

SEQUENCE 6

E(X) 2.150 2.295 2.445 2.675 2·798

VARix) 4.494 4.215 4.375 4.489 4.300

SEQUENCE 7

E(X) 2.007 2.190 2.366 2·511 2.623

VAR(X) 4.079 4.189 4.459 4.639 4.477

SEQUENCE 8

E(X) 1.657 1.894 2.116 2.318 2.109 2.189

VARix) . . 3.338 3.932 4.502 4.605 4.674 4.536
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for the meanS but are very close for the variances. The two versions of

the modified forgetting models seem better than the others, particularly

for sequences 1 and 3, and the unrestricted version of the modified for

getting model is clearly best on sequences 5 through 8.

Single Storage Rehearsal Models

A model of this class which, qualitatively at least, accounts for

the empirical aspects of the data discussed at the beginning of this

chapter is Bernbachfsl replica model. The primary primitive notion of

the model, the replica, is conceived of as an image of the paired

associate item which is stored in memory. If a subject has a single

image or replica stored, he will be able to respond correctly. The fol

lowing set of assumptions characterized the model:

(1) When an item is presented, the subject rehearses that item a

Poisson distributed number of times; one replica is added for each

rehearsal. The parameter of the Poisson is assumed to be dependent only

on whether or not the subject has any replicas at the time of presentation.

(2) When an intervening item is presented, some amount of storage

interference is assumed to occur, and some number of the replicas of items

similar to the intervening item are destroyed.

(3) During any time when the presented item is not being rehearsed

anyone of the unpresented items for which there is at least one remaining

replica can be rehearsed a Poisson number of times. Thus, with some prob

ability any item with at least one remaining replica, can be rehearsed

and have a Poisson distributed number of replicas added to memory.

Ipersonal Communications 1967
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It is clear that the general replica model contains too many param

eters to be readily applied to the present data in its complete form,

and at the present time no simplification of the model which accounts for

the data of the present investigation, has been found.

In conclusion, this final chapter has shown a number of equivalences

between models with widely varying assumptions: (1) The unrestricted

modified forgetting theory is consistent with the LS and the TDF models

on the level of sequences of errors and successes. But if the TDF

assumption that items in L are not interfering is isolated by condition

alizing on the reinforcement number of the intervening items, the LS

assumption that items are equally interfering independent of their state

of learning is supported. (2) A rehearsal model, which allows transitions

from S to L while intervening items are being presented, waS shown to

be isomorphic to the unrestricted modified forgetting model. This isomor

phism holds even if all learning is assumed to occur from the short-term

state in the rehearsal model. (3) A modification of Greeno's coding model

and several versions of Estes' fluctuation model all predict learning

curves identical to those of the modified GFT under the restriction that

b = 0. Although the modified coding model is isomorhpic to the modified

GFT, E= 0, the fluctuation models differ from the oth~rs with regard to

statistics other than the learning curves. In particular, the modified

coding model b = ° does slightly better than several versions of the

fluctuation model on the predictions of the distribution of the trial of

last error.

These equivalences, particularly number 2 above, force a reconsider~

ation of the initial goal of this investigation. The fact that the
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inclusion of the possibility of rehearsal into the general all-or-none

forgetting framework makes the relative values of the probabilities of

learning from the forgotten state and from the short-term state indeter

minable is both enlightening and disappointing. The question of whether

learning occurs more readily from the short-term memory state or the

forgotten state cannot be answered until the theoretical ideas involved

become sufficiently specific concerning the variables which affect the

amount of rehearsal and exactly how much interference occurs.
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APPENDIX A

PRESEN'rATION SEQUENCE FOR EXPERlliENT I

Ex!> lag Item Rep- Exp lag Item Rep- Exp lag Item Rep_
pres sequence pres lica- pres sequence pres lica- pres sequence pres lica-
No. No. No. tion No. No. No. tion No. No. No. tion

~ 2 ~ ~ 5~ 6 6 2 ~01 5 ~ 2
2 1 ~ ~ 52 8 3 ~ ~02 4 6 2
3 4 ~ ~ 53 5 5 ~ 103 ~ 3 3
4 7 ~ ~ 54 8 4 ~ ~04 1 5 2
5 6 ~ ~ 55 3 1 ~ ~05 5 2 2
6 7 2 ~ 56 8 5 ~ 106 2 3 3
7 6 2 ~ 57 ~ 6 ~ ~07 Filler
8 7 3 ~ 58 3 ~ 2 ~08 2 4 3
9 6 3 ~ 59 7 ~ 2 ~09 5 3 2
~o 4 2 1 60 ~ 1 2 110 2 5 3
11 Filler 6~ 7 2 2 111 2 6 2
~ 2 2 ~ 62 3 2 ~ ~~ 3 ~ 3
~3 ~ 2 ~ 63 7 3 2 113 5 4 2
~4 6 ~ 2 64 5 6 ~ 114 ~ 4 3
~5 7 4 ~ 65 3 2 ·2 115 ~ 6 2
~6 6 2 2 66 Filler 116 8 ~ 2
17 4 3 ~ 67 8 6 ~ 117 5 5 2
~8 6 3 2 68 Filler 118 8 2 2
~9 4 4 ~ 69 3 3 ~ 119 3 2 3
20 6 4 ~ 70 7 4 2 ~o 8 3 2
2~ 4 5 ~ 7~ ~ 2 2 ~~ 2 6 3
22 7 5 ~ 72 3 3 2 = 8 4 2
23 2 3 ~ 73 4 ~ 2 ~3 4 1 3
24 ~ 3 ~ 74 2 ~ 2 ~4 8 5 2
25 2 4 ~ 75 Filler ~5 ~ 5 3
26 Filler 76 3 4 ~ ~6 ; 3 3
27 2 5 ~ 77 7 5 2 ~7 7 ~ 3
28 Filler 78 Filler ~8 -? 6 2
29 6 4 2 79 3 4 2 ~9 7 2 3
30 Filler 80 4 2 2 ~30 4 2 3
;~ 6 5 ~ 8~ ~ ~ 3 ~3~ 7 3 3
32 4 6 ~ 82 ~ 3 2 ~32 ~ ~ 4
33 7 6 ~ 83 3 5 ~ ~33 3 4 3
34 Fil1er 84 2 ~ 3 ~34 Filler
35 ~ 4 ~ 85. 2 2 2 ~35 8 6 2
;6 Filler 86 3 5 2 ~36 ~ 6 3
;7 5 ~ ~

~
4 3 2 ~37 4 3 3

38 2 6 ~ 7 6 2 ~38 7 4 3
39 Filler 89 4 4 2 ~39 4 4 3
40 6 5 2 90 Filler 140 3 5 ;
4~ 5 2 ~ 9~ 4 5 2 141 4 5 3
42 6 .6 ~ 92 ~ 2 3 ~42 8 ~ 3
43 Filler 93 ~ 4 2 ~43 ~ 2 4
44 Filler 94 3 6 ~ ~44 8 2 3
45 5 3 ~ 95 2 2 3 ~45 7 5 3
46 ~ 5 ~ 96 2 3 2 ~46 8 3 ;
47 Filler 97 3 6 2 147 Filler
48 8 ~ ~ 9B 2 4 2 ~48 8 4 3
49 5 4 ~ 99 Filler ~49 Filler
50 8 2 ~ ~OO 2 5 2 ~50 8 5 3
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PRESENTATION SEQUENCE FOR EXPERIMENT I (conto)

Exp lag Item Rep- Exp lag Item Rep- Exp lag Item Rep-
pres sequence pres l1ca- pres sequence pres lica- pres sequence pres lica-
No. No. No. tion No. No. No. tion No. No. No. tion

151 ; 6 ; 201 FUler 251 7 5 5
152 4 6 ; 202 FiHer 252 5 2 4
15; 6 1 ; 20; Filler 25; 4 6 5
154 1 ; 4 204 Filler 254 1 ; 5
155 6 2 ; 205 Filler 255 8 1 5
156 7 6 ; 206 2 6 4 256 5 ; 4
157 6 ; ; 207 Filler 257 8 2 5
158 8 1 4 208 ; 1 4 258 2 1 6
159 5 1 ; 209 Filler 259 8 ; 5
160 8 2 4 210 7 6 4 260 5 4 4
161 8 6 ; 211 Filler 261 8 " 5
162 8 ; 4 212 4 1 4 262 7 6 5
16; 5 2 ; 21; Filler 26; 8 5 5
164 8 4 4 214 Filler 264 5 5 4
165 1 4 4 215 ; 2 4 265 1 4 5
166 8 5 4 216 Filler 266 6 1 4
167 5 ; ; 217 Filler 267 Filler
168 6 4 ; 218 Filler 268 6 2 4
169 2 1 4 219 4 2 4 269 2 2 6
170 Filler 220 Filler 270 6 3 4
171 5 4 ; 221 Filler 271 Filler
172 Filler 222 ; ; 4 272 ; 1 5
17; Filler 22; Filler 27; Filler
174 Filler 224 4 1 5 274 8 6 5
175 5 5 ; 225 Filler 275 5 6 4
176 1 5 4 226 4 ; 4 276 1 5 5
177 8 6 4 227 Filler 277 1 1 6
178 Filler 228 4 4 4 278 Filler
:1.79 6 5 ; 229 ; 4 4 279 ;- 2 5
180 2 2 4 2;0 4 5 4 280 2 ; 6
181 7 1 4 2;1 4 2 5 281 6 4 4
182 Filler 2;2 1 1 5 282 2 4 6
18; 7 2 4 2;; 7 1 5 28; Filler
184 Filler 2;4 Filler 284 2 5 6
185 7 ; 4 2;5 7 2 5 285 Filler
186 5 6 ; 2;6 ; 5 4 286 ; ; 5
187 1 6 4 2;7 7 ; 5 287 1 6 5
188 Filler 2;8 4 ; 5 288 1 2 6
189 Filler 2;9 Filler 289 Filler
190 6 6 ; 240 4 4 5 290 5 1 5
191 2 ; 4 241 4 6 4 291 Filler
192 7 4 4 242 4 5 5 292 6 5 4
19; a 4 4 24; 1 2 5 29; ; 4 5
194 Filler 244 7 4 5 294 5 2 5
195 2 5 4 245 Filler 295 2 6 6
196 Filler 246 Filler 296 Filler
197 Filler 247 ; 6 4 297 Fillar
198 Filler 248 5 1 4 298 5 ; 5
199 7 5 4 249 Filler 299 1 ; .6
200 Filler 250 Filler ;00 ; 5 5
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l':REflEN1EATION SEQ1lEl'lCE FOR EXPERIMENT I (cont. )

Exp lag Item Rep- Exp lag Item Rep-
pres sequence pres lica... pres sequence pres liea.-
No. No. No:" t10n No. No. No. tion

~O~ ~ ~ 6 ~5~ 6 2 6
~O2 5 4 5 ~52 7 6 6
~O~ 6 6 4 ~5~ 6 ~ 6
~o4 Fil.ler ~54 5 5 6
~O5 Filler ~55 2 2 5
~o6 5 5 5 ~56 Filler
~O7 FllJ.er ~57 Filler
~O8 ~ 2 6 ~58 6 4 5
~O9 Filler ~59 Filler
~~O ~ 4 6 ~60 Filler
~U ~ 6 5 ~6~ Filler
~~ 8 ~ 6 ~62 Filler
~~~ Filler 36~ Filler
~~4 8 2 6 ~64 6 4 6
~~5 ~ ~ 6 365 5 '6 6
~~6 8 ~ 6 ~66 2 ~ 5
~~7 5 6 5 367 Filler
~~8 8 4 6 ~68 2 4 5
~~9 4 ~ 6 ~69 6 5 5
~20 8 5 6 ~70 2 5 5
~2~ ~ 5 6 ~7~ Filler
~22 ~ 4 6 ~72 Filler
~2~ 7 ~ 6 ~7~ Filler
~24 Fi11er ~74 Filler
~25 7 2 6 ~75 6 5 6
~26 4 2 6 ~76 Filler
~27 7 ~ 6 ~77 Filler
~28 Filler ~78 Filler
~29 ~ 5 6 ~79 Filler
~~O Filler ~80 6 6 5
~~~ 8 6 6 .~8~ 2 6 5
"2 ~ 6 6 ~82 Filler
~~~ 4 ~ 6 ~8~ Filler
~~4 7 4 6 %4 Filler
~~5 4 4 6 ~85 Filler
~~6 Filler ~86 6 6 6
~~7 4 5 6 ~87 Filler
~~8 5 ~ 6 ~ Filler
~;9 Filler ~89 Filler
~40 ~ 6 6 ~90 Filler
~4~ 7 5 6 ~9~ Filler
~42 5 2 6 ~92 Filler
~4~ 6 1 5 ~9~ Filler
~44 2 ~ 5 ~94 Filler
~45 6 2 5 ~95 Filler
~46 5 ~ 6 ~96 Filler
~47 6 ~ 5
~48 4 6 6
~49 6 ~ 6
~50 5 4 6



APPENDIX B

SET OF eve's USED IN PRESENT EXPERIMENTS

llER KAQ VAll

llEX KEll VEB

BIP KEZ VEC

llOF KIF VID

llUlI JaG VUM

BUW KUH VUP

CEF MAF WAJ

CEK MER WIJ

CIW MEV WOO

COJ MIP WOY

CUJ MOJ WUB

cux MIJB wuv

FAJ PAF XAB

FEP PER KAL

FIW PEZ XEF

FOR pm JIET

FOQ PlY XUR

FUP PlJY XUY

GAll: QAP YAV

GEJ QEG YEJ

GIC QIR YEQ

oIW QlY YIL

GOQ QOM YOF

GUll QOL YUO

JAT TAF ZAV

JEY TEV ZER

JlJJ TIW ZIN

JOM TOJ zoe

JUC TUD Z1JK

JUX TUZ zus
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APPRNDIX C

LEARlUNG CURVES FOR EACH REPLICATION IN EJCPERIMENT I*

1st Replication 4th ~eplication

Trial No.
Seq. No.

1

2

3

4

5

6

7

8

1

·72

.64

.64

.52

·90

.66

.76

.76

2

.46

.26

.20

.46

.14

.36

.34

.14

.26

.24

.10

.10

.08

4

.28

.08

.10

.20

.08

.30

.30

.06

5

.22

.04

.10

.14

.14

.20

.24

.02

6

.14

.14

.16

.20

.14

.16

.22

.14

Trial No.
Seq. No.

1

2

3

4

5

6

7

8

1

.60

.52

.62

.76

.64

.68

.74

.66

2

.40

.24

.36

.36

.26

.08

.16

.10

3 4

.20 .16

.14 .02

.26 .16

.14 .04

.18 .12

.10 .14

.08 .14

.10 .02

5

.12

o

.04

.04

.04

.16

.08

.04

6

.08

.10

.02

.08

.16

.04

.14

.10

2nd Replication 5th Replication

Trial No.
Seq. No.

1

2

4

5

6

7

8

1

.68

.74

.76

2

.34

.26

.14

~18

.24

.30

.22

.16

.18

.14

.10

4

.16

.04

.18

.06

.18

.32

.12

o

5

.12

.04

.10

.08

o

•24

.08

.04

6

.10

.14

.14

.10

.12

.14

Trial No.
Seq. No.

1

2

3

4

5

6

7

8

1

.80

·70

.68

.74

·70

.74

.54

.68

2

.30

.28

.30

.34

.24

.04

.12

.12

3 4

.16 .06

.14 .08

.14 .08

.10 .12

.08 .08

.08 .28

.04 .14

.06 .04

5

.08

.06

.06

.02

.10

.12

.08

.02

6

.04

.06

.08

.08

.08

.16 .

.06

.06

3rd Replication 6th Replication

Trial No.
Seq. No.

1

2

3

4

5

6

7

8

1

.62

.70

.46

.66

.78

.58

.68

.90

2

.34

.24

.20

.28

.16

.12

.16

.20

.16

.22

.16

.10

.08

.06

.04

.12

4

.14

.06

.12

.02

.06

.14

.16

.02

5

.02

.08

.04

.08

.12

.14

.02

6

.12

.14

.10

.10

Trial No.
Seq. No.

1

2

3

4

5

6

7

8

1

.66

.66

.60

.60

.48

.80

.66

.60

2

.26

.28

.24

.28

.22

.12

.08

.20

.22

.14

.14

.18

.16

.04

.08

.04

4

.12

.06

.16

.06

.12

.16

.10

.06

5

.10

.04

.10

.02

.14

.06

.08

.02

6

.16

.10

.08

.06

.18

.06

.08

.12

* Each proportion in the table is based on 50 points.



DISTRIBUTION OF TUPLES OF ERRORS AND SUCCESSES FOR EXPERIMENT 1*

Trials 1-6 Lag Sequences Trials 1-6 Lag Sequences

1231,56 1 2 3 I, 5 6 7 8 1231,56 1 2 3 I, 5 6 7 8
000000 51 61 70 68 57 68 61, 68 100000 103 110 105 103 138 119 123 1l,6
000001 0 2 3 0 5 1 2 I, 100001 1 6 3 3 6 5 7 11,
000010 1 0 3 0 2 I, 2 1 100010 I, 0 2 0 0 6 3 2
000011 0 0 1 0 0 1 0 0 100011 3 2 0 1 1 I, 5 1
000100 0 2 3 1 3 7 3 0 100100 7 0 6 1 5 12 8 2
000101 0 0 0 0 1 1 0 0 100101 0 0 0 2 0 I, 1 0
000110 1 0 0 0 1 2 1 0 100110 0 0 1 0 0 I, 2 0
000111 0 0 1 1 Q 2 0 0 100111 1 0 0 0 ·1 2 I, 0
001000 I, 6 I, I, 2 0 2 2 101000 11 13 7 10 3 I, 6 12
001001 2 3 1 0 1 0 0 0 101001 0 2 1 0 1 0 1 0
001010 2 0 0 0 1 0 0 0 101010 0 0 0 1 2 0 0 0

~
001011 0 0 0 0 0 0 0 0 101011 0 0 0 0 2 0 0 0
001100 2 0 2 0 0 0 1 0 101100 2 0 1 1 5 0 1 2

CD 001101 0 1 0 0 1 0 0 0 101101 1 1 0 0 0 1 0 1 §0\
001110 0 0 0 0 0 1 0 0 101110 0 0 3 0 0 3 1 0
001111 0 1 0 1 0 1 0 0 10111l 2 1 1 1 0 3 1 0 ~
010000 16 12 10 17 7 2 7 5 110000 31 31, 21 35 18 7 21 18 t:J
010001 0 2 0 I, 0 0 3 3 110001 3 3 3 6 I, 2 0 5
010010 0 0 0 0 0 2 0 0 110010 I, 0 1 0 1 3 2 1
010011 0 0 0 0 1 0 1 1 110011 0 0 2 0 2 1 2 1
010100 3 1 1 3 0 2 1 0 110100 1 2 3 3 2 I, 6 1
010101 1 1 0 0 0 0 1 0 110101 3 1 1 1 3 2 3 1
010110 0 0 1 0 1 1 1 0 110110 0 0 2 0 0 1 2 1
010111 1 0 0 0 0 1 0 0 110111 1 0 0 1 0 2 1 0
011000 2 5 6 5 2 2 0 3 111000 9 13 10 8 6 2 0 1
011001 0 0 2 1 0 0 0 1 111001 2 6 2 2 3 0 0 1
011010 3 1 0 1 0 0 0 0 111010 0 1 0 1 3 0 0 0
011011 1 1 1 0 0 0 0 0 111011 1 0 1 5 0 0 1 0
011100 1 2 2 0 1 1 1 0 111100 3 1 I, 2 0 6 2 2
011101 0 0 0 2 0 1 0 0 111101 3 0 I, 1 1 2 1 0
011110 3 1 1 3 0 0 1 0 111110 I, 1 2 0 1 1 2 0
011111 2 1 0 0 1 0 2 0 111111 I, 0 0 1 5 0 1 0

* A 0 represents a correct response, a 1 an error



APPENDIX E

PRESENTATION SEQUENCE FOR EXPERIMENT II

EXI' lag Item Rep- EXI' lag Item Rep- EXI' lag Item Rep-
pres seq.uence pres lica- pres sequence pres 1100- pres sequence pres lica-
No. No. No. tion No. No~ No. tion No. No. No. tion

1 10 1 1 51 18 3 1 101 19 2 3
2 9 1 1 52 9 1 2 102 13 2 2
3 10 2 1 53 Filler 103 19 3 3
4 Filler 54 Filler 104 11 4 2
5 10 3 1 55 Filler 105 15 4 2
6 Filler 56 17 1 2 106 16 4 2
7 10 4 1 57 Filler 107 Filler
8 Filler 58 Filler 108 10 1 2
9 10 5 1 59 16 4 1 109 Filler

10 Filler 60 11 5 1 110 10 2 2
11 15 1 1 61 13 3 1 III 17 4 2
12 Filler 62 14 1 2 112 10 3 2
13 9 2 1 63 9 2 2 113 13 3 2
14 17 1 1 64 14 2 2 114 10 4 3
15 14 1 1 65 19 4 1 115 11 5 2
16 11 1 1 66 14 3 2 116 10 5 2
17 14 2 1 67 17 2" 2 117 12 1 1
18 Filler 68 14 4 2 118 Filler
19 14 3 1 69 17 4 1 119 12 2 1
20 Filler 70 14 5 2 120 18 1 2
21 14 4 1 71 11 6 2 121 12 3 1
22 15 2 1 72 13 4 1 122 11 1 3
23 14 5 1 73 14 6 2 123 12 4 1
24 9 3 1 74 9 3 2 124 13 4 2
25 17 2 1 75 Filler 125 12 5 1
26 14 6 1 76 15 1 2 126 Filler
27 11 2 1 77 11 1 1 127 ·18 2 2
28 19 1 1 78 17 3 2 128 Filler
29 Filler 79 9 6 1 129 9 6 2
30 19 2 1 80 19 4 2 130 Filler
31 Filler 81 16 1 2 131 Filler
32 19 3 1 82 11 2 2 132 11 2 2
33 15 3 1 83 13 5 1 133 11 6 3
34 16 1 1 84 18 4 1 134 18 3 2
35 9 4 1 85 9 4 2 135 13 5 2
36 17 3 1 86 13 6 1 136 19 4 3
37 18 1 1 87 15 2 2 137 14 1 3
38 11 3 1 88 16 2 2 138 13 6 2
39 13 1 1 89 Filler 139 14 2 3
40 15 4 1 90 Filler 140 9 1 3
41 16 2 1 91 13 1 2 141 14 3 3
42 10 6 1 92 Filler 142 12 6 1
43 19 1 2 93 11 3 2 143 14 4 3
44 18 2 1 94 Filler 144 11 3 3
45 19 2 2 95 16 3 2 145 14 5 3
46 9 5 1 96 9 5 2 146 18 1 3
47 19 3 2 97 Filler 147 Filler
48 16 3 1 98 15 3 2 148 14 6 3
49 11 4 1 99 19 1 3 149 10 6 2
50 13 2 1 100 Filler 150 10 1 3



PRESENTATION SEQUENCE FOR EXPERIMENT II (canto)

Exp lag Item Rep- Exp lag Item Rep- Exp lag Item Rep-
pres sequence pres lica- pres sequence pres lica- pres sequence pres lica-
No. No. No. tion No. No. No. tion No. No. No. tion

151 9 2 '5 201 1'5 5 '5 251 Filler
'152 10 2 '5 202 Filler 252 12 2 '5
15'5 18 2 '5 20'5 15 '5 '5 25'5 15 2 4
154 10 '5 '5 204 1'5 6 '5 254 12 '5 '5
155 11 4 '5 205 Filler 255 9 1 5
156 10 4 '5 206 Filler 256 12 4 '5
157 l'5 1 '5 207 Filler 257 9 '5 4
158 10 5 '5 208 Filler 258 12 5 '5
159 Filler 209 11 '5 4 259 19 1 5
160 18 '5 '5 210 15 4 '5 260 Filler
161 Filler 211 17 '5 4 261 19 2 5
162 9 '5 '5 212 19 1 4 262 Filler
16'5 16 1 '5 21'5 Filler 26'5 19 '5 5
164 17 1 '5 214 19 2 4 264 15 '5 4
165 Filler 215 Filler 265 Filler
166 11 5 '5 216 19 '5 4 266 9 2 5
167 18 4 2 217 9 6 '5 267 Filler
168 1'5 2 '5 218 Filler 268 9 4 4
169 Filler 219 17 4 '5 269 Filler
170 16 2 '5 220 11 4 4 270 12 1 4
171 Filler 221 14 1 4 271 15 4 4
172 Filler 222 Filler 272 12 2 4
17'5 9 4 '5 22'5 14 2 4 27'5 18 4 4
174 12 1 2 224 Filler 274 12 '5 4
175 17 2 '5 225 14 '5 4 275 12 6 '5
176 12 2 2 226 18 1 4 276 12 4 4
177 16 '5 '5 227 14 4 4 277 9 '5 5
178 12 '5 2 228 Filler 278 12- 5 4
179 1'5 '5 '5 229 14 5 4 279 9 5 4
180 12 4 2 2'50 Filler 280 10 6 4
181 15 1 '5 2'51 11 5 4 281 15 1 5
182 12 5 2 2'52 14 6 4 282 Filler
18'5 11 6 '5 2'5'5 18 2 4 28'5 16 1 4
184 9 5 '5 2'54 Filler 284 Filler
185 Filler 2'55 9 1 4 285 10 1 5
186 17 '5 '5 2'56 Filler 286 Filler
187 11 1 4 2'57 Filler 287 10 2 5
188 16 4 '5 2'58 Filler 288 9 4 5
189 17 1 4 2'59 10 1 4 289 10 '5 5
190 1'5 4 '5 240 18 '5 4 290 16 2 4
191 10 6 '5 241 10 2 4 291 10 4 5
192 15 2 '5 242 15 1 4 292 15 2 5
19'5 18 4 '5 24'5 10 '5 4 29'5 10 5 5
194 Filler 244 17 4 4 294 1'5 1 5
195 Filler 245 10 4 4 295 12 6 4
196 Filler 246 9 2 4 296 19 4 5
197 Filler 247 10 5 4 297 16 '5 4
198 11 2 4 248 11 6 4 298 Filler
199 12 6 2 249 19 4 4 299 9 5 5
200 17 2 4 250 12 1 '5 '500 18 1 5
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PRESEN1'ATION SEQUENCE FOR EJCPERIMENT II (cant, )

Exp lag Item Rep- Exp lag Item Rep-
pres seq.uence pres lica- pres sequence pres lica-
No. No. No. tion No. No. No. tion

,01 Filler '51 11 4 5
'02 Filler '52 Filler
,0, 15 , 5 '5' 15 1 4
,04 Filler '54 Filler
'05 15 2 5 '55 16 4 5
,06 Filler '56 17 , 5
,07 18 2 5 '57 Filler
,OS 16 4 4 '58 Filler
,09 14 1 5 '59 Filler
,10 15 4 5 ,60 Filler
,11 14 2 5 561 Filler
,12 9 6 4 ,62 11 5 5
,1, 14 , 5 56, 12 1 5
,14 18 , 5 ,64 1, 2 4
,15 14 4 5 565 12 2 5
'16 1, , 5 566 Filler
,17 14 5 5 567 12 , 5
,18 11 1 5 ,68 Filler
'19 Filler 569 12 4 5
,20 14 6 5 '70 Filler
,21 Filler '71 12 5 5
,22 Filler '72 Filler
,2, Filler '7 Filler
,24 Filler '74 Filler
,25 Filler '75 13 3 4
326 10 6 5 376 Filler
327 13 4 5 377 Filler
328 Filler ,78 Filler
329 11 2 5 379 11 6 5
330 16 1 5 380 Filler
331 Filler 381 Filler
332 9 G 5 382 Filler
33'3 Filler ,8, Filler
334 17 1 5 ,84 Filler
335 Filler ,85 Filler
336 Filler ,86 13 4 4

§§~ 16 2 5 §~
Filler

13 5 5 12 6 5
339 Filler 389 17 4 5,40 11 3 5 390 Filler
341 13 6 5 391 Filler
,42 Filler 392 Filler
343 Filler 39' Filler
344 16 3 5 394 Filler
345 17 2 5 395 Filler
,46 Filler 396 Filler
347 18 4 5 397 13 5 4
348 Filler 398 Filler
349 Filler 399 Filler
350 Filler 400 13 6 4



APPENDIX F

PROPORTION ERRORS PER TRIAL FOR EACH REPLICATION IN EXPERThlENT II*

1st Replication 3rd Replication

Trial No.
Seq. No.

9

10

11

12

13

14

15

16

17

18

19

1

.44

.83

.33

.61

2

.67

.44

.44

.28

.61

.39

.89

.72

·39

·39

.28

3

.17

.33

.28

.06

.17

.28

·50

.28

.17

.11

.11

4

.11

·33

.44

o

·39

.11

.28

·33

·39

.56

.33

5

.11

.06

.11

o
.22·

.06

6

.06

.44

.22

·56

.17

o

Trial No.
Seq. No.

9

10

11

12

13

14

15

16

17

18

19

1

.89

·56

·50

.67

.67

.78

.61

·50

.83

.67

·56

2

·50

.11

·33

.28

.22

o

·56

.67

.44

.44

o

3

.44

.17

.56

o

.28

.06

·50

·33

.22

.28

.11

4

.28

.11

.11

.06

.11

o

.22

.33

.39

.39

·39

5

.17

.06

.06

.06

.22

o

6

.33

·56

.11

.06

.17

.06

2nd Replication 4th Replication

Trial No.
Seq. No.

9

10

11

12

13

14

15

16

17

18

19

1

·72

·50

.56

.83

.72

.78

.83

.67

.83

2

.22

.44

.22

.44

.39

'56

.28

.33

.22

.22

.28

.06

.33

.22

.17

.17

.39

.33

.28

.06

.11

4

.22

.06

.28

.11

.06

o

.06

.28

.33

.50

.28

5

.06

o

.17

o

.11

o

6

.28

.22

.06

.33

.06

.11

Trial No.
Seq. No.

9

10

11

12

13

14

15

16

17

18

19

1

.78

.72

.67

.56

.72

.83

.83

·56

.78

·50

.61

2

.56

.28

.44

.28

.39

.17

.28

.28

.39

.28

.17

3

.39

o

·33

.28

.17

.17

.17

.17

.44

.22

.28

4

.22

.06

.17

o

.17

o

.11

.28

.44

.22

.67

5

.11

.17

.22

o

.11

.06

6

.28

.39

.11

.33

·17

.17

5th Replication

Trial No.
Seq. No.

9

10

11

12

13

14

1

•28

.39

.44

.61,

.67

·56

2

.39

.33

.17

.22

.39

.06

3

.39

.11

.11

.22

o

4

.33

.06

.28

o

.33

o

5

.06

o

.17

.06

.17

.06

6

.11

.33

.11

.06

.06

o

Trial No.
Seq. No .
15

16

17

18

19

1

.61

.72

.78

.78

.83

2

.33

.33

.33

.22

o

3

.28

.17

.17

.17

o

4

.17

.17

.33

.11

.28

*Each proportion in this table is based on .18 points.
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Appendix G

PROOF OF ISOMORPHISM OF LEARNING CURVES

FOR LARGE N* FLUCTUATION MODEL (LNF)

AND MODIFIED GFT WITH b = 0

Theorem: The learning curves for the LNF and the modified GFT,

b = 0, are identical.

Proof: The proof is inductive. First is must be shown that the proba-

bility of an error in trial n (E (n) ) is the same for both models for

n = 1 and n 2. Then it need only be shown that E(n+2) for both

models depends on the same function of E(n+l) and E(n) . First, for

the modified GFT, it is clear from equation 4.1 that

E(n) = (l-g)F(n)1 •

Further from equation 5.1 it follows that for the LNF

E(n) AU(n)
p

the proportion of available items which are unconditioned. From the

fact that F(l) = 1 it follows that

E(l) = (l-g) .

The start vector for the LNF given on page 74 implies that

AU(l) = (l-g)'p, hence for the LNF

E (1)
(l-g) .p

=
p

(I-g) .

I F(n) represents the probability of being in state F on trial n. The
analogous notation is used for the states of the models throughout this
proof.
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Thus the two models predict the same values for E(l).

Now for the modified GFT we see that

t
l

F(2) = (l-y) + (l-a)Y(l-e ),

where lag(i) = t .• This implies
l

(A.l)
t

l
E(2) = (l-g) (l-y) + (l-a)y(l-e )1

For the LNF, given by equation 5.1,

t
l

t.
AU(2) = AU(l)(l-a)(l - (l-p)(l-w )J + UU(l)p(l-w l)

Substituting for AU(l) and UU(l), the appropriate values from the

start vector on page 74 we get

t
l

t
l

AU(2) =(l-g)p[(l-a) - (l-a)(l-p)(l-w ) + (l-p)(l-w )]

Dividing both sides by E and simplifying,

(A.2) E(2)
t

l= (l-g)(l-a) + (l-p)a(l-w )J

Hence, if r of the GFT is set equal to ~ of the LNF, if a

of the GFT equals E of the LNF, and if ~ equals ~, the equations

A.l and A.2 are identical. This implies that the LNF and modified

GFT h"ve the same value of E(2).

Now from equation 4.1 for the modified GFT we see that, if b = 0,

t t
(A.3) F(n+l) = (l-Y) + Y(l-a)(l-e n)}F(n) + (l-e n)S(n)

Furthermore,

t
S(n+l) = y(l-a)e n F(n)
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From A,3 we get

t
Sen) = F(n+l)-F(n)o{(H')+rp.-a)(l-e n)}

t
l-e n

Substituting into A,4

. t

F(n+2)-F(n+lH(I-~)+Y(I-a)(1-S n+l)} = Y(l_a)stn F(n)

l-S n+J,

t t
S n(F(n+I)-F(n)(I-Y)+Y(I-a)(I-e n)]]

+ t
l-e n

Combining terms and simplifying,

F(n+2) = F(n+l) [. (I~Y) + r(l~a) + et: J- /: 'F(n)

l-S n+l l-S n l-S n

t t
[r(l-a)(l-S n) _ r(l-a){J,-S n) + (l-r)]

which equals

F(n+l) [ (l~r) + r(l-a)

l-S n+l

t
e n(l_r)

t
I_en

Multiplying both sides of the equation by (I-g) we get

(A,5) E(n+2) = E(n+l) 0 [ (l~r) + r(l-a) + St: J-:E(n)

l-S n+l l-S n

t
e n(I_Y)

t
l-S n

Now We want the analogous difference equation for the LNF, We

know that

t t
(Ao6) AU(n+l) ~ AU(n) (I-a) (l-(l-p)(l-w n)] + UU(n)p(l~w il) ,
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and

t t
(A.7)-UU{n+l) = AU(h)(l-a)(l-p)(l-w n) + UU(n)[l_p(l~wn)]

Solving for UU(n) in A.6 we get

t
UU(n) = AU(n+I)-AU(n)·(I-a)·(I-(I-p)(I-w n)]

t
p(l-w n)

Substituting into A.7,

t+l
AU(n+2)-AU(n+I)(I-a)'[I-(I-p)(I-w n )]

t
p(l-w n+l)

t t t
_ (l-a)(l-p)(l-w n)'AU(n)+[AU(n+l)-AU(n)'(I-a)(l-(l-p)(I-w n)}][l_p(l_w n)]
- t

p(l-w n)

Combining terms and simplifying,

AU(o",) ~ AU(o") (';") ~ (,~.)(,-,) • --'c- -]
(l-w n+l) l-w n J

t t t 2
AU(n) [(I-a) _ (l-a)(l-p)(l-w n) _ (l-a)p(l-w n) + (l-a)(l-p)p(l-w n)

t
(l-w n)

t 2
_ (l-a)(l-p)p(l-w n) ] ,

which equals

AU(n+l) [ (l~a)
(l-w n+l)

+ a(l-p) + w

t

:
n
]_

l-w

AU(n)
t

(l-w n)

t
[(l-a)[l-(l-w n)]J.

Dividing both sides by p then we get
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(A,8) E(n+2) = E(n+l) [(l~a) + a(l--p} + wt: J-E(n}
(l-w n+l). l-w n

t
(l-a)w n

t
l-w n

A comparison between e~uations A,8 and A,5 indicates that they are the

same difference e~uation,
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