
SOME MODELS FOR RESPONSE LATENCY IN PAIRED-ASSOCIATES LEARNING

by

Patrick Suppes, Guy Groen, and Madeleine Schlag-Rey

TEClLWICAL REPORT NO. 72

May 5, 1965

PSYCHOLOGY SERIES

Reproduction in Whole or in Part is Permitted for

any Purpose of the United States Government

INSTITUTE FOR MATHEMATICAL STUDIES IN THE SOCIAL SCIENCES

STANFORD UNIVERSITY

STANFORD, CALIFORNIA





i

SOME MODELS FOR RESPONSE LATENCY IN PAIRED-ASSOCIATES LEARNING*

Patrick S~ppes, Guy Groen, and Madeleine Schlag-Rey

Stanford University, Stanford, California

In spite of the long tradition of experimehtal studies of reaction

times and response latencies in a variety of environments, there has

been a surprisingly small amount of effort devoted to the development

of quantitative models for response latency, particularly if the concern

of the models is to analyze the learning phenomena connected with

response latencies rather than the distributional phenomena character-

istic of many simple classical psychophysical experiments. A recent

paper on the subject is Millward (1964), but Millward does not concern

himself in any systematic way with the development of models for

latencies, but instead applies just the simple two-state model to be

described below. Other examples of latency models that are in principle

learning models are to be found in the literature on observing responses,

but as far as we krow, none of the rather extensive literature on

observing responses has actually been concerned with detailed analysis

of response latencies in connection with learning phenomena.

In contra distinction to this literature on observing responses

and the related literature on waiting times, much of the analysis in

*This research has been supported by the Air Force Office of

Scientific Research under Contract AF49(638) - 1253 and Grant AFOSR

62-384 and by the U. S. Office of Education under Contract OE 3-10-009.



the present paper is concerned with the analysis of meanS and variances

of response latencies without any concern whatsoever as to the exact

form of the distribution at a given time. The emphasis is on the

learning-theoretic analysis of the changes in the mean and variance

over trials.

We shall begin with some rather simple and hopefully natural ways

of extending the familiar two-state and three-state models for choice

data to latency data. To avoid confusion in terminology, we remark

that what we call the two-state model in this paper is the familiar

one-element model, and what we call the three-state model is the two­

element model (for example in Suppes and Ginsberg (1963)). The point

of this change in terminology is to avoid assumptions about stimulus

sampling and the number of stimulus elements, while retaining the

advantages of the analysis in terms of a Markov chain with a small

number of states. We do not, however, abandon the hope of giving a

psychological interpretation of the various states of the process.

As in the case of the standard interpretation for the one-element

model, we interpret th~ first state as a guessing state. We interpret

the second state as a state in which temporary storage occurs, and the

third state as a state in which associations between stimuli and

responses are placed in permanent memory. For the first and third

states, we offer nO more detailed mechanisms than are familiar from

the standard stimulus sampling models. In the case of the intermediate

state, we do offer in the latter part of.our theoretical discussion

a rather explicit mechanism for the method of storage in temporary
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memory" This method of storage is given only a very schematic treatment

here. We have restricted ourselves to a process involving only a small

number of parameters. No doubt the actual details are very much more

complicated and involved"

Finally, we remark that the models considered in this'paper are

mainly analyzed with respect to a paired-associates experiment we

performed, and for which response latency data were recorded. This

experiment involved no response learning. The response set consisted

of three keys, with four stimulus items associated with each key"

Naturally, we do not intend that our models be restricted just to this

experimental situation, but we do mention the response set-up because

our models do not provide a treatment of response learning"
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THE THEORY

We first assume that the basic learning process can be described by

a Markov process with three states, denoted by CO,C
1

and C2 and

transition matrix

Co C
l

C2

Co l-c c 0

Cl 0 l-b b

C2 0 0 1

At the beginning of an experiment, the subject is assumed to be in state

Let C. be the event which occurs if and only if the subject is
l,n

in state i on trial n.

Let X be the random variable such that X = 1 if an error occurs
n n

on trial n and X = 0 if a.success occurs on trial n
n

assume that

Then we

(1) Pr(X = llc. )
n l,n

qi for i = 0,1,2 and for all n.

(2) q2 = O.

Thus Co may be loosely interpreted as a state where no learning

has taken place, Cl as an intermediate state and C2 as a state where

the experimental task has been completely learned. A more specific

rationale, expressed in terms of stimulus sampling theory, has been

proposed by Suppes and Ginsberg (1963) and Theios (1963), who assume

that the subject must sample two stimulus elements (or patterns) in

order to learn the task. When the subject is in state ,CO' he guesses
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the correct response, he enters C
l

when he conditions one element and

enters C
2

when he condi t .. ons the second element. Several other inter-

pretations of the model are possible.

It will be seen later in this paper that some of these embody an

approach somewhat different from the two-element rationale. As a result,

it should be borne in mind that the model corresponds to a class of

psychological theories rather than a unique one. Although the model it-

self is somewhat empty of psychological meaning, its rejection should be

sufficient to reject a class of more specific models.

In extending the model to describe latencies we will be most con-

cerned with experiments in which both the particular response chosen and

the latency of that response are recorded on each trial.

Let t be the random variable denoting the latency on trial n.
n

Then we assume that for each state C
i

there exists a probability

distribution function L.(t) such that
l

for every n.

Pr(t < tic. )
n - l,n

L. (t)
l

Although we are using t
n

to denote the latency, it should be noted

that the above assumption could be used with any measure of response

strength. In particular, the choice data satisfy this assumption since,

denoting the density function of

£. (0) = 1 - q .
. l l

£.(t) = 0
l for all t ~ 1,0

L. (t)
l

- 5 -
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we obtain the distribution of the random variable X
n

be of considerable use in analyzing the choice data.

Theoretical Expressions for Latencies

This fact will

We begin by computing the transition probabilities of the process.

Let u. = Fr(e. )
III In

Then

u on
= (l_C)n-l (1)

uln = 0 if n = 1

-i
(1 ) i (1_b)n-2 for n > 1c -c

If b f c then

c { n-lu =- (i-b)ln c-b )n-l}- (l-c

Finally,

u2n = 1 - u - u = 1 -ln on

)n-l )n-lc(l-b - b(l-~

c-b (3)

If b = c then

u = (l_c)n-l
on

uln = (n-l) c (1_c)n-2 for n > 1

= 0 for n = 1

= 1_(1_c)n-2 [1 + (n-2) c] for n > 1

= 0 for n = 1.

From now on, it will be assumed that c f b. This restriction is not

unduly severe since, in any real data, the estimate of b will not be
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exactly equal to the estimate of c .

(a) Mean and Variance of Latency on. Trial ~.

Let E(t Ie. ) = ~.n l,n 1

Var(t Ie. ) = [J~n l,n ..L

Then

E(t ) = uon~o + uln~l + u2n~2n

(l_C)n-l
b~2 - c~l -1 c(~l - ~2) (4 )

= ~ + + (l_b)n c-b + ~20 c-b

Using the fact that

We obtain

(6)

Var(t )
n

Equation (7) is the simplest for computational purposes. To obtain an

expression in terms of band c, one can expand (7) and use equations

(1), (2) and (3).
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(b) Mean and Variance of Total Latency in First N Trials,

Let
N

T = I: t
N . 1 il=

Then from (4) we find that

N
E(TN) = I: E(t.)

i=l 1

An expression for Var (TN) can be obtained from the relations

and

N
I: Var

·i=l,
(t i ) + 2 I: Cov (t.t.)

l'5..i<j~JN
(16)

Let i and j be fixed, j > i

E(t.)E(t.) can be obtained from (4).
1 J

To find E( t. t. ) we note that
1 J

(11)

Var (t,) is given by (8) and
1

E(t.t
j

) = I: (E(t.t.lck.,c .)·P[Ck.,C .J
1 k 1 J 1 mJ 1 illJ,m

(12)

( 13)

since the conditional distributions of the latencies, given the states,

are independent.

Since j > i (12) and (13) imply that

2 1
E(tit.) = I: I: fllfl pr(C1j Ic .)u i

.J .£=0 m=O ill ml m

- 8 -
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Also

Pr(C .Ic .) = (l_c)j-i
oJ 01

pr(cljlcOi) = C~b [(l_b)j-i_(l_c)j-i j

pr(C2j IcOil - l-Pr(COj ICo)-pr(Clj ICOil

pr(cljlcli) = (l_b)j-i

pr(c2jICli) l_(l_b)j-i

pr(C2 .IC2 .) = 1
J _1

Substituting these expressions in (14) and simplifying, we obtain

E(tit) = Il; + (l-c/-l(CXllo(lll -1l2 )[(1-b)j-i_(1-C)j-i]

+ (Il
o

- 1l
2

)[ll
o
(1-C)j-i+ 1l

2
])

( )i-l ( )i-l ( )j-i ]+CX(lll -1l2 )[ l-b -l-c ][Illl-b +1l2 ,

where

cCX =­
c-b

E(t.)E(t.) can be obtained directly from (5). The resulting
1 . J

expression and equation (15) can be substituted in (11) to give an

(15)

expression for Cov (t.t.) .
j>i 1 J

directly from (8). Equation

Similarly Var (t.) can be obtained
1

(10) can then be used to obtain Var

*The resulting expression is extremely cumbersome and will not be given .

* If a digital computer is available, ~Wmerical values of Var (TN) can

be found by calculating Var (t i ) for each ·i, Cov (tit j ) for each

i,j and performing the summations in ( 10) numerically.
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correlation of latencies K trials apart,

A useful quantity related to Var (TN) is the so-called auto­
N-K

E( E tmtm+K ) .
m;l

To obtain this we substitute i;m, J; m+K in (15) and sum.

Then

(16)

. (c) Conditional Means and Variances.---

In this section we compute the mean and variance of the distributions

of the latency on trial n conditional on an errOr on trial nand

on a success on trial n.

Since for i; 0,1

E(t Ix ;i)
n n

we have

2
; E E(t lc

j
• ,X ;i)

j;o n, n n
.p(C. IX ; i)

In n
(17)

E( t IX ; 1) ;
n n

and
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E( t Ix = 0) =
n n

~ u (l-q) +~lul (l-ql) + ~2u2o on 0 n n
u (l-q)+ ul (l-ql) +u2on 0 n n

(19)

~2 +[~o(l-qo) -~2]uon +[~l(1-'l:J ~]uln

1- n u - n U"0 on "1 ln

- {(C-b)~2 +(c[~o(l-qo)-,\(l-ql)] -b[~0(1-qo)-~2])(1-C)n-l
+ C[~1(1-ql)-~2](1-b)n-ll

[C-b -[(C-b;q _Cq~(l_C)n-l_Cq (l_b)n-l]
o 1 1

To compute the variances, we merely use the fact that for i= 1,0

Var (t Ix =i) = E(t
2 lx = i) - [E(t Ix =i)]2 (19a)

n n n n n n

The expressions for and have the same

form as (18) and (19) respectively with

Theoretical Expressions for Choices

~i replaced by

We begin by stating a useful theorem which will enable us to derive

certain expressions by directly substituting into the corresponding

expressions for latencies"

Theorem 10 Let t
n

be!!:: random variable (which may be discrete or

continuous) such that on each state i = 0, ... ,k-l of a k-state

Markov process, t
n

has a distribution with finite mean and

variance which is independent of n. Let X be a random
n

variable such that
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Pr(X -. 1 I Cin) .- 'l .n 1

i - 0, ... , k-l

Pr(X = 01 C. ) .. l-qin lD

Suppose that E[g(t l , . .. } t) ]
N

can be written in the form

2
0­
0'

Then

The proof follows from the fact that t can be d.efined so that it has
n

the same distribution as Xn} and that E(X JC. ) = g., Val' (X Ic. )n lD 1 n lD

= g. (I-g.). In the particular model consid.ered here, k = j and
1 1

(a) Distribution of Errors on Trial n.

From (4), (8), and the preceding theorem, we obtain

)
n-] n-l

E(X ) = Pr(X = 1) = IX 'l + u
l

'll = [g -ex'll ](l-c . tag] (I-b) . (20)n n Or,L 0 no.. - _

In this case,

Val' (X ) = E(X ) [l-E(X )]
n n - n

(21)

(b)

Let

Mean and Variance of Total Errors in First N Trials.-- -- -- --- - --- -
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Then
N

E(A ) = (q .aq ) r;L-(l~]
'N 01" c

Analogously to (9), we have

[
l_(l_b)N

j+ aql b (22)

and

N
l: Var

i=l
(X,) + 2

1
l: Cov (XiX

J
,)

1< i <j S N

can be obtained from (20).

Cov (X,X,) = E(X.X,) - E(X,)E(X.)
lJ lJ 1 J

Var (Xl') is given by (21), E(X,)E(X.)
1 J

Theorem 1 and equation (15) imply that for j > i

E(X.X.) = q (l_c)i-l[(q -aql)(l-c)j-i+aql(l-b)j-ij
1 J 0 0

Finally, for the "autocorrelation" of errors k trials aparts, we obtain

from (16)

N-k
EC"L xx-1

m=l m m+]g

N-K
l·(l-c)

c

(c)

Then

k l_(l_c)N-k
+ q (q .O:q )(l-c)

o 0 1 c

[

. N k ]2( )k l-(l-b) -
+ aql l-b b

Trial of Last Error.---------
Let L be a random variable denoting the trial of last error.

Pr(L=k)
2
L Pr (no er~ors after k

th
resp & error on k

th
resp[Cik)uiki=o

- 13 -



th IPr(no errors after k response Clk)

Denote this quantity by I

Then

) 22
= b + (l-b (l-ql)b + (i-b) (l-ql) b + ...

b

th IPr (no errors after k response COk)

2 2
e(l-ql)1 + (l-C)(l-qo)c(l-ql))' + (l-c) (l-qo) c(l-qlh + ...

c(.J-q, h
, .L

= r:~c)(l-q )
a

Therefore, since
thPr(no errors after k response &

= Pr(no errors after

we obtain

error on trial k\C.!)
l<

th Ik response C.k)·q.
l l

Pr(L=k)

and

q c(l-q 1)/
o

l-Ct--c) (l-q )o

(d) Errors Before First Success

Let F be a random variable which takes on as its possible values

the number of errors before the first success.

Let
f = Pr(F=n)

n

Then f o
1 - g

o

and for WI > 2

- 14 -



I . n k-l n-k
f ; q ((I-q )(I_c)nq n- +(l-ql)C Z [(I-c)q] [(I-b)ql]

n 0 0 0 k~1 0

n-l
( )

k-l ( n-k-l
;- qlbc L: [ l-c q] [1-b)ql] )

k;1 0

-.'- q be
I

Let S = (I-c) q
0 0

SI = (l-b}ql

Then
00

E(F') ; L: nf
n

n=o

and

(l-q )(1-c)
= q ( 0

o (I_S)2
o

+ C[(I-ql)(I-So
SI)+ qlb (2-S1 -S

0
)]

(I-S
0

)2(I-S
1

)2

where

; E(F)

2
q (l-q )(1-c)

+ 2q (0 0

o (1_s)3
o

c
+S - S

I 0

SI[I-ql)SI;- qlb ]

[1- SI]3

... 15 -

S [1+(I-ql)S ]
o 0 ])

[1-S ]3
o



(e) Runs of Errors.

U = 0jm

Let

trial m.

Let j > k.

Then

1 if a j-tuple of errors occurs with the first error on

otherwise.

E(U. )
Jm

with probability
. 1

u (l_c)J­
om

= q~ with probability Ulm(l-b)j-l

( )k-l ( )j-k-lwith probability u l-c c l-b
om

.' .E(U. )
Jm

. 1
u [eJ - q +q q c

om 0 0 0 1

Let U.
J

N-j+l
L: U.

m=l J,m

Then

E(U. )
J

= l_(l_c)N-j+l
c

. 1 . 1
. cq q (eJ - _eJ - )

( eJ-l+ 0 1 1 0
qo 0 e - e

1 0
. 1

cq eJ ­
1 1+ -=.....;''--­
c-b

_ l_(l_C)N-j+l}
c

(23)

Equation (23) gives an expression for the mean number of j-tuples of

errors in the first N trials.

(f) Binomial Distribution of Errors in Blocks of Four Trials.

In this section, we derive an expression which, though somewhat
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cumbersome, is useful for estimation purposes.

'Let b. ~ 1 if j errors occur in a block of four trials with
Jm

m the first trial in the block, and b ~ 0
jm

otherwise. Also, let

Q-l
b. ~ ~ b. 4 1 where Q ~ *and n is divisible by 4. Q denotes

J m=o <1, m+

the number of blocks over which the summation is taken and n denotes

the total number of trials. Then

E(b. ) ~ ~ Pr(j ~ k[C. )u.
Jm . k lm lm

l,

and, performing the appropriate summations, we find

( ) 4Q ( )4Q
E(b ) ~ [X _ ay +l Z ] 1- l-c + a(Y _ Z )[1- l-b ]

o 0 0 c-b 0 1_(1_c)4 0 0 1_(1_b)4
+ QZ o

and for 1::5 j ::5 4
4Q

E(b.) ~ [x.-ay.JL~-(1-C)4]
J J J l~(l-c)

4Q
ay "[l-Il-b ) ]

+ j' 4
l-(l-b)

where Z ~ 1 and
o

are computed by means of the following formulas:

(1_c)3

2
(l-c) c

(1-b) 3

e
2

~ (1_b)2b

d
3

~ (l-c)c(l-b)

2
d4 ~C (l-b)

d
5

(l-c) cb

d6 c(l-b)b

cb

e
3

~ (l-b)b

e 4 ~ b

.. 17 -



Then

2 2 2 2 22
X2 = 6q (l"q ) dl + [3(1-q ) q ql + 3(1~q )q (1-ql)]d2 + [(l-q ) ql

0·0. 00 00 0

Xl = 4(1-q )3q d
l

+ [3q,(1-q )2(1-ql) + (l-q )3ql ]d2 + 2[q (l-q )(1-ql)2
00 ¢ 0 0 00

223
+ (l-qo) ql(1-ql)]d

3
+ [ 3ql(1-ql) (l-qo) + qo(l-ql) ]d4

+ [2qo(1-qo)(1-ql) + (1-qO)2ql ]d
5
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STORAGE MECHANISMS

~ Storage Mechanism for the Simple Three-State Model

The models we have been considering up to now have the disadvantage

of being purely descriptive. However, it is possible to poStulate .

mechanisms which, while somewhat stronger, have all the properties of

the models. In this section we consider such a mechanism for the

simple three-state model.

We assume that a subject has stored in his memory a list of stimuli

and the correct response to each. Not every stimulus need be contained

in this list, and if the subject is in state Co' the list is empty.

In this case, the sUbject guesses the correct response with probability

qo of being incorrect. If the subject is in state C
2

we aSsume the

list contains every item and its correct response and that the subject

can retrieve each item from the list. Hence, he always makes a correct

response. Up to now, we have not added anything particularly new.

However, in state C
I

, we assume that the subject has formed a list

which he proceeds to search in some fashion. Rather than make any

detailed assumptions about the search routine, we make the simplifying

assumption that when the subject searches he behaves as if he repeatedly

sampled (with replacement) from the list. Each time he samples, he

draws the item corresponding to the stimulus presented on that trial

with probability I
N • If he does this, he makes the correct response

and, of course, stops sampling. If his sampled item does not correspond

to the stimulus presented he either stops, with· probability I-T, or

continues sampling. If he stops, then he makes the correct response

with probability p = l-qo'

- 20 -



We then have:

00 11'
Pr(X = 01 Cl ) = 2: [:N + (1+ :N)(l .. 'r)p]ln n

i::::o

1 1
- + (1--)(1- 'r)p
N N

= 1 - Y

Similarly

(1 1-)(l-'r)(l-p)
Pr(X llCln) N

= 1 - Yn

where

(28a)

(28b)

To obtain the latency distribution let K be a random variable

denoting the number of times a subject samples before he makes a response.

Then the latency of the response is equal to t + KE where
o

E is the

time the subject takes to draw one sample and t
o

is a "basic reaction

time 0 Ii It would be possible to make t and
o

E random variables.

However, since our main purpose is to indicate how this mechanism is

related to the model of section A, we wish to avoid mathematical

complications and assume that t and
o

~ are constant & Then

Pr(K = i&X
n

and

Pr(K= ilx = 1,Cl )
n n

Using (28b) we obtain

Pr(k= i&X = 11 C
l

)'i
n n

--;:Op"""r("'x'---:'='-::-ll C
l

)
n n

P(K 'Ix lC ) __ oyi-l(l_'V)r = l on = 'In' ,

- 21 -



Similarly

Pr(K

and, using (28a) we obtain

Pr(K ~ ilx
n

Hence, in state Cl , the latency of an error has the same distribution

as the latency of a success,

The mean, ~l' is given by the formula

00 • 1
Z Eiyl- (l-y) ~ t

. 1 0
l~

E
+-­

1- Y
E
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ANALYSIS OF AN EXPERIMENT

~ffiTHOD

'The essential features of the experimental situation can be

summarized as follows:

Forty subjects were run individually for two sessions of 300 trials

each. They were told that the purpose of this experiment was to see how

one learns the proper responses to a set of items but they were not told

that their reaction times were being measured.

A b'uzzer indicated the start of the trial; shortly thereafter, one

of a set of twelve 3-letter syllables was presented. The subject

responded by pressing one of three keys. Upon the subject's response,

one of three reinforcing lights indicated the correct response for this

particular stimulus. The presentation of the stimulus and the rein­

forcement ended 2 seconds after the occurrence of the subject's response

and the next trial started after a fixed delay of 2.5 seconds. The

presentation of all experimenter-determined events was automatically

controlled.

The second session took place a week later. It was identical to the

first one except that a new set of stimuli was used.

We shall now turn to the detailed description of the experimental

equipment, the stimulus material, the procedure and the various random­

izations provided by our design.

Equipment and apparatus

The subject sat alone, in a dark experimental room, at a table 86 em.

wide. At 140 em. from the subject's end of the table was erected a

vertical black panel, 61 x 61 em. In the center of this panel was

- 23 -



mounted an 8.5 x 4.5 em. readout having three compartments. Each

compartment included several glass plates. On each plate a letter was

engraved. Simultaneous illumination of one letter in each compartment

determined the particular syllable being presented.

The subject's response apparatus was a 23 x 18 x 5 em. box contain-

ing three keys and three lamps. The keys were low-pressure, fast-acting

micro-switches. They were placed 1 cm. apart so as to be easily reached

by the same finger without displacing of the hand, but not so close as

to permit an accidental hit of two keys at a time. The three reinforcing

lamps (neon bulbs) were slightly further apart than the keys (3 cm.) and

arranged in a slightly convex arc, 4.5 em. above the keys.

The experimenter's apparatus was located in an adjacent room where

the experimenter stood during the session. He was able to watch the

subject through a window. The apparatus included:

*1. A specially deSigned relay-apparatus controlling: (a) the

occurrence of the auditory warning signal, (b) the selection and

illumination of the readout letters, in accordance with a program

automatically read from a punched tape, (c) the occurrence of the

reinforcement lights, (d) the fixed 2.5 second delay, (e) the

timing of all these events. It also informed the experimenter of

the subject's response.

*We thank Dr. J. Schlag for his help in designing and building this

part of Our equipment.

- 24 -



2. A Beckman Universal E put and Timer 5230 P. directly coupled to the

response keys and to the relay-apparatus. It measured the latency

of the subject's response from the onset of the readout's illumination.

3. A punched tape reader, coupled to the relay apparatus.

4. A tape recorder used by the experimenter to record orally the trial

events while continuously watching the subject and the functioning

of the apparatus.

Stimulus material

Two lists of 15 syllables were used, including an experimental set

of 12 syllables and a practice set of 3. All items were drawn from a

list of syllables of low association value prepared by Melton (unpublished)

and reproduced by Hilgard (1951, p. s45). They were selected with

these additional constraints: (i) equal frequency of the 5 vowels in each

list of 15 syllables; (ii) each ordered couple of adjacent letters

appears only once in the whole set of 30 syllables; (iii) each pair of

consonants of a syllable appears only once in the whole set of 30 syllables.

For the first session, the practice set was GUH, KEC and ZAJ; and

the experimental set was BOG, GED, JUC, KAX, NID, QIG, QOW, TAH, TEV,

WOG, WUX and ZIN. For the second session, the practice was GAW, KOJ and

ZUG; and the experimental set was BEH, BIX, GOG, JIV, KUW, NAF, NEJ,

QAD, QEN, TUD, WIH and ZOV.

Procedure

At the beginning of the first session, the subject was seated in

the experimental room and was read the following instructions:
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"The purpose of this experiment is to see how one learns the proper

responses to give to a set of items.

"The experiment consists of a series of trials. At the beginning

of each trial, you will hear a buzzer. Shortley thereafter, one of

these syllables (the experimenter shows them) will be illuminated. As

soon as you see it, you must give one of three possible responses by

pressing one the the three keys placed in front of you (the experimenter

shows them). Upon the occurence of your response, a small light .will go

on just above the key which ought to have been selected, thus telling

you which actually is the correct response for this particular syllable.

The light illUlliinating the syllable and the light indicating the correct

response will stay on two seconds in order to give you a chance to look

at them together. Then, they will go off and two seconds later a new

trial will start.

"You must give a response on each trial, even if you don't know

at all which one is correct. When you don't know, just guess. But don't-----

wait too long before giving ~ response, because ~ ~ trial cannot

start before you have pressed one of the·keys, and there is ~ fixed

number of trials to complete. "NOW, choose the hand you prefer and

leave it on the apparatus until the end of the experiment. To press a

key, use only your forefinger and press like this (the experimenter

shows how to press the key): not too strongly because it might damage

the key."

The subject was run for 9.practice trials with the practice set of

3 syllables. Then, the experimenter asked if the procedure was clear

and answered questions, if any, by paraphrasing the instructions.
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On the second session, the subject was told that the procedure would

be the same except that a new set of syllables were used and that no

interruption would occur after the practice trials unless the subject

raised his left hand.

The timing of the events occurring on a trial was fixed in this

way: the buzzer went on for 0.5 sec. After a delay of 0.025 sec. the

syllable was illuminated and stayed so for at least 2 seconds after the

subject's response. The reinforcing light went on upon the occurrence

of a response and went off simultaneously with the stimulus, 2 seconds

later. Actually, the duration of the stimulus and the reinforcement

after the subject's response was controlled by a 2 cps timer; therefore

their exact duration varied from 2 to 2.5 sec. depending on the timing

of their onset in the half-second period of the timer.

Randomizations

1. In each block of 12 trials each stimulus was presented once. The

order of presentation within each block was randomized by means of

a table of random nQmbers. A pingle program of 25 blocks of 12

trials following 9 practice trials was punched on a tape and used

throughout both sessions. However, for half the subjects in each

session it was read in one direction and in the other direction

for the other half, with the direction reversed for each subject

in the second session.
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(;~. The correct response, 1, 2 or 3, to be associated with a 6j.ven

syllable, ,.ras selected from a tn.ble of random numbers with the

re'l.uirement of e'l.ual fre'l.uency of association for the three responses,

i.e., the same response was associated to 4 stimuli. A d.ifferent

schedule of reinforcement was used for a given subject in the t.wo

sessions and for all subj~cts in a gi.ven session. The same set Gf

40 schedules ',ras used in the two sessions.

3. In order to count.erbalance preferential positions of responses, the

assignment of response 1, 2, 3 to t.he left., middle or right. key

was made according·t.o a restricted randomization procedure which

provided for e'l.ual fre'l.uency of subjects in the 6 conditions of

response-key assignment.

4. Subjects were randomly assigned to the various experimental

conditions determined by the combination of the program of stimuli,

schedule of reinforcement. and response-key assignment..
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I

RESULTS AND DISCUSSION

The Choice Data

In the analysis of the data, all items were pooled. A criterion

of five trials to perfect learning was used, all subject-items which

had not reached criterion by trial 20 being eliminated from the analysis.

On Session 1, 468 subject-items, and on Session 2, 470 subject-items,

out of a possible 480, met this criterion. If a subject made an error

after reaching criterion, it was treated as a success.

The mean learning curves for the two Sessions are shown in Figs. 1

and 2,

Insert Figures 1 and 2 about here

On the whole the curve from the first Session reaches asymptote somewhat more

slowly than the curve from the second Session.

The guessing parameter qo of the three-state model was assumed to

equal 2
3

on the basis of the design of the experiment. The other choice

parameters (b, c and ql)

fit to the observed E(b.)
J

were estimated by means of a minimum

(j = 0, 1, 2, 3, 4) given by equations

values are listed in Table 1.

(24a) and (24b) . We recall that E(b. ) is the number of non- Qver-
J

lapping blocks of 4 trials containing j errors. There are four

degrees of freedom among the E(b .) and three are used to estimate
J

parameters so there remains one degree of freedom. The estimates ob-

tained by this method, together with the corresponding minimum x2
The values of x2 are sufficiently
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when a three-state model is

low to indicate excellent agreement with the observed data.

Insert Tables 1 and 2 about here

For Session 1, the estimated value of ql is somewhat lower than

one might expect. In order to check the possibility that the minimum

chi-square procedure might be finding a local minimum different from

the true one, the chi-square surface was plotted. It was found that

the values of ql' band c in Table 1 gave a unique minimum chi­

square. It should be remarked in passing that Atkinson and Crothers

(1964), using a different estimation procedure found that much data

provide similar low estimates of

fitted.

Because of the low value of ql for Session 1, it is possible that

the two-state model would fit the data as well as the three-state model.

As a result, estimates of the parameters qo and c of the two-state

model were obtained using the maximum likelihood estimators developed

by Kramer (1964). The estimates are given in Table 1.

Various summary statistics of the data are shown in Table 2. The

predicted values were computed from the formulas derived in the discus­

sion of the models. Formula (20) was used to compute the theoretical

mean learning curves, which are shown in Figs. 1 and 2.

Both the two-state and the three-state models appear to fit the

data reasonably well. The three-state model fits the asymptotic values

of the mean learning curve better. It also provides a better fit of

the autocorrelations and the expected j-tuples of errors.

- 32 -



Table 1

Smnmary Statistics for Choices

Session 1 Session 2

Obs. Predicted Obs. Predicted

Two Three ~'wo Three
State* State State State
Model Model Model Model

Mean Total Errors 4.16 4.54 4.17 3 .. 04 3.49 3.11

Variance Total Errors 9.73 16.30 12·73 6.19 6.44 6.12

Mean Trial of Last Error 6.34 6.35 6.46 4.74 4.78 4.70

Autocorrelation

1 Trial Apart 2.15 2.58 2.17 1.37 1.88 1.46

2 Trials Apart 1.83 2.21 1.82 1.12 1.52 1.16

3 Trials Apart 1.52 1.88 1.53 0.87 1.23 0.90

4 Trials Apart 1.34 1.60 1.29 0.70 1.00 0·70

5 Trials Apart 1.06 1.37 1.09 0.60 0.81 0.53

6 Trials Apart 0.85 1.17 0·90 0.44 0.65 0.41

Mean Errors to 1st Success 1.74 1.55 1.50 1.41 1.45 1.39

Variance of Errors to
1st Success 3.86 3.02 4.49 2.76 2.93 3.86

Expected ~-tuples of Errors

j - 1 4.16 4.54 4.17 3.04 3.39 3.11

j = 2 2.14 2.58 2.17 1.37 ·1.88 1.46

j 3 1.18 1.47 1.19 0.67 1.02 0·70

j = 4 0.65 0.84 0.65 0.33 0.55 0.34

j -- 5 0.36 0.48 0.36 0.17 0.30 0.17

*The two-state model is the familiar one-element model.
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Table 1 (continued)

Session 1 Session 2

Obs. Predicted Obs. Predicted

Two Three Two Three
State State State State
Model Model Model Model

Distribut10n of
Trial of Last Error, K

Pr (K = 0) .08 .07 .06 .13 .09 .06
Pr (K = 1) .10 .14 .13 .12 .17 .13
Pr (K = 2) .07 .12 .14 .09 .14 .14

Pr (K = 3) .06 .10 .13 .09 .n .13
Pr (K = 4) .09 .09 .n .13 .09 .n
Pr (K = 5) .n .08 .09 .09 .07 .09
Pr (K = 6) .07 .06 .08 .06 .06 .08

Pr (K = 7) .07 .05 .06 .06 .05 .06

Pr (K = 8) .06 .04 .05 .05 .04 .05
Pr (K = 9) .06 .04 .04 .03 .03 .04

Pr (K = 10) .03 .03 .03 .03 .03 .03
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Table 2

Estimates of Choice Parameters

Session 1 Session 2

Two-State Model

c 0.147 0.191

Three-State Model

c 0.172 0.266

b 0.154 0.361

ql 0.055 0.219

i'- 3.3 0.6
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On the other hand, the two-state model provides a better fit of the

statistics based on errors prior to the first success, although both

models are somewhat inadequate in this respecto

Evidence against the two-state model is provided by the application

of the goodness of fit tests described by Suppes and Ginsberg (1963)0

These statistics test in a variety of ways the implication of the

model that responses prior to the last error have a binomial distribu­

tiono The result of applying these tests is shown in Table 30 The two

stationarity statistics test the hypothesis that the backward learning

curve is a horizontal straight line 0 The order-dependency statistic

tests the assumption that successive responses are independent. The

last two statistics are tests of goodness of fit of the binomial dis­

tribution. The chi-square values of Table 3 are all significant at the

Insert Table 3 about here

.01 level. This leads to the rejection of the hypothesis that the re­

sponses prior to the error are binomially distributed.

The nature of the non-stationarity revealed by the first two tests

of Table 3 can be seen in Figure 3, which shows the backward learning

curves for the two sessionso In this graph, -1 denotes the trial prior

Insert Figure 3 about here

to the last error, -2 denotes the trial immediately preceding it, etc.

It can be seen that as the distance from the last error increases, the
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Table 3

Analysis of Choice Data Prior to Last Error

for the Two-State Model

Session 1 Session 2

df l P < i P <

Stationarity

( 1) Vincentized 3 86.5 .001 75·0 .001

(2) Non-Vincentized 11 54.7 .001 58.3 .001

Order 1 24.2 .001 11.0 .001

Goodness-of-fit 2 10·9 .01 7. 1 .05

to Total Errors

in Blocks of 3 trials

Specific Sequence 6 33.7 .001 23.6 .001

(Blocks of 3 trials)
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success probability decreases from a value of approximately 1/2 to a

value of approximately 1/3. This value of 1/3 is. the same as the success

probability on trial 1.

It may seem somewhat surprising that the estimates of ql produced

by our estimation procedure did not turn out to be 1/2. However, if our

estimation procedure is used with ~1 set to 1/2 on an a priori basis,

then the fit to the observed data is considerably less accurate. For

example, the chi-square value for Session 1, using optimum values of b

and c, is equal to 7.5.
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The Latency Data

Our discussion of the latency data is divided into two sections.

The first is concerned with the general adequacy of the model in

fitting quantitative summary statistics of the data. The second is

concerned with a somewhat unexpected qualitative phenomenon that cannot

be accounted for by the model. A partial report of this phenomenon

has appeared elsewhere (Schlag-Rey, Groen and Suppes, 1965). A more

complete account is presented here.

(a) Summary Statistics

The mean latency curves for Session 1 and Session 2 are shown in

Figure 4.

Insert Figures 4 and 5 about here

These curves are characterized by an extremely rapid initial

increase followed by a somewhat slower decrease. There is some leveling

off in this decrease during the last few trials, but there is nO indi­

cation that the latencies have settled down to a stable asymptotic

minimum. The chief difference between Session 1 and Session 2 is that

the curves for Session 1 stay close to the maximum for several trials

before beginning to decrease, whereas on Session 2 the maximum is reached

on trial 4 and is followed by a rapid, well-defined decrease. Both the

mean latency on trial 1 and the maximum mean latency are about 1 second

higher on Session 1 than Session 2. However, the mean latencies on the

last five trials are slightly lower for Session 1 than for Session 2.
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Figure 5 shows the mean latencies of successes and errors as a func-

tion of the trials. Error latencies after trial 11 are not included

because they are based on less than ten percent of the data. The mean

success latency curves resemble the mean latency curves. On the other

hand, the mean error latency is characterized by a much sharper initial

increase and is considerably larger than the mean success latency. There

is no evidence that the error latency decreases after the first few trials.

To estimate the parameters, ~i' of the simple three-state model,

advantage was taken of the fact that equations (4), (8) and (19) are

linear in the ~i These equations all have the form

As a result, the values of ~j were estimated by performing a least

squares fit to the observed values of E(t), E(t Ix = 1) and
n n n

E(tn!Xn 0). The values of Xnj were obtained by substituting the

values of b, c, and ql that had been estimated from the choice

data, as shown in Table 2; as before qo was determined a priori from

the experimental design as 2/3.

The resulting estimates of and are given in Table 4a.

Insert.Tables 4a and 4babout.here

These estimates were substituted in (4), (12) and (19) to provide predicted

values for E(tn), E(tnlXn = 1) and E(tn!Xn = 0). The predicted values,

together with the corresponding observed values are shown in Figs. 3 and

4. The estimates of ~o' ~l' and ~2 were also used to compute various
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Table 4a

Latency Parameter Estimates for Three-State Model

Session 1 Session 2

flo 1,490 1.203

fll 1.447 1.667

fl2 1.078 1.058

2
.468 .334"0

~ .453 .7271
2

,134 .167cr
2

Table 4b

Surmnary Latency Statistics for Three-State Model

Session 1 Session 2

Mean L; t.
l

Var L; t.
l

Autocorrelations

Obs. Pred.

13.92

Obs,

28.61

70.01

Pred.

28.69

8.36

1 trial apart

2 trials apart

3 trials apart

4 trials apart

5 trials apart

42.29 39·00 35.29 32.25

40.33 37. 21 33.59 30.63

38.21 35.44 31. 72 29.03

36.29 33.69 29.96 27.49

34.37 31.97 28.19 26.01
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s~~ary statistics from equations (9), (15) and (16), The resulting

values are given in Table 4b.

The sum~ary statistics do not throw much light on the goodness of

fit. The extremely high observed variance could be due to individual

differences between subjects. Another possible reason will be discussed

in the next section. A better indication of the fit is given by the

discrepancies bet,,,een the theoretical and observed mean latencies in

Fig. 3. ~he theoretical values in this graph were computed from equation

(4), For Session 2, the theoretical curve fits the observed values

reasonably welL For Session 1, on the other hand, the fit is extremely

poor, owing to the fact that our estimate of ~o is greater than our

estimate of 1\'

Equations (18) and (19) were used to compute theoretical values for

E(t Ix = 1) and E(t jx = 0). These did not turn out to provide a good
n n n n

fit to the data, as can be seen from Table 5.

Insert Table 5 about here

However, the theoretical curves for Session 2 have the same shape

as the observed curves.

(b) Latencies on Last Error

The qualitative phenomenon that cannot be accounted for by the model

consists in a sharp peak in the mean latency on the trial of last error.

This was discovered during the course of an analysis of the reason for the

sharp rise in mean error latency over the first few trials.
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A possibility existed that the sharp increase in the mean error

latency was due to subjects taking a long time to respond to items that

they found difficult. Also, the curves of Fig. 1 did not clearly dis­

tinguish between latencies on pre-criterion trials and latencies on

post-criterion trials. As a result, a further analysis was performed

in which all protocols with the same trial of last error were grouped

together and averages computed for each group separately. Mean error

latencieS J mean success latencies and mean overall latencies were com~

puted in this fashion. The result of this analysis is partially shown

in Tables 6 and 7. In these tables, group i denotes the group of proto-

Insert Tables 6 and 7 about here

cols with last error on trial i. Group 0 is the set of protocols with

no pre-criterion errors. For group k} the distance of trial n from the

trial of last errOr is equal to n - k. Thus, the entry in row i and

column j is the mean latency on trial i + j averaged over all protocols

with last error on trial i. Groups with less than 20 protocols on both

sessions have been amitted ~

These analyses fail to reveal any evidence for a consistent increase

in latency as a function of item difficulty that would account for the

sharp initial increase in the mean error latency curve. However, the

results in Table 6 for session 1 indicates an alternative explanation.

If the entries in column 0 are compared with the entries in column -1

and column 1, it is apparent that the latency rises to a maximum on the
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trial of last error in all groups but group 1 (group 0 has no errors).

Except for group 9, this increase has a magnitude of at least .1 seconds.

Mean error latencies and mean success latencies show similar results when

analyzed in this manner. Also, analysis of the results of session 2 indi-

cates that they closely resemble the results of session 1, except that

there is a decrease £or group 9.

Table 7 shows the results of a similar analysis for mean latencies

conditionalized on errors and successes. The results of session 1 show

no consistent evidence of a difference between mean error latency and

mean success latency prior to the last error. For all groups except

group 9, the latency of the last error is greater than either the success

latency or the error latency on the preceding trial. The results for

session 2 are similar, except that, for groups 6 and 8, the latency of

the last error is less than the error latency on the preceding trial.

The above analysis can be presented in summary form by plotting

curves analogous to backward learning curves. These curves are computed

by arranging all 21 groups in the manner of Table 1 and finding, for each j,
20 20

(L a .. t .. / L a .. ) where t'J' is the entry in row i and column j
i=O ~J ~J i=O ~J ~

and a ij is the number of protocols on which t ij is based. The result

is shown in Fig. 6. There is no evidence of any consistent difference

Insert Figure 6 about here

between error latency and success latency prior to the last error.

However, the latency on the trial of last error is considerably larger

than either preceding error latencies or preceding success latencies.

- 49 -





Table 6 (continued)

Mean overall latencies as a function of item difficulty and distance from last error.

SESSION 2

DISTANCE FROM TRIAL OF LAST ERROR
Number

Group of -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7
Protocols

0 37 1.01 1.02 1.06 1.17 1.08 1.08 1.06

1 58 1.13 1.29 1.28 1.30 1.16 1.17 1.09 1.13

2 43 1.11 1.59 1.46 1.44 1.22 1.10 1.04 1.10 1.09

3 43 1.13 1.39 1.52 1.41 1.32 1.37 1.17 1.15 1.06 1.18

4 60 1.05 1.23 1.35 1.45 1.34 l.23 l.12 1.12 l.03 l.09 l.01
Vl
f-'

5 42 l.10 l.40 l.46 l.47 l.68 l.32 l.32 l.26 l.36 l.14 l.23 l.09

6 29 1.09 1.26 1.38 l.41 l.36 l.44 1.34 l.18 l.24 l.21 l.21 l.05 l.07

7 28 1.02 l.19 l.36 1.50 - l.52 1.37 l.67 l.50 1.46 1.31 1.14 1.20 l.21 1.22,

8 22 l.08 l.56 l.48 l. 79 l. 75 l.59 1.53 1.62 1.50 l.77 l.22 l.33 l.12 1.19 l.02

9 16 l.14 l.61 l.61 1.89 l. 78 l.47 l.69 l.64 1.45 l.38 l.26 1.42 1.21 l.49 l.23 l.19
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Table 7

Mean error and success latencies as a function of item difficulty and distance from last error.

SESSION 1

Number DISTANCE FROM TRIAL OF LAST ERROR

Group of -8 -7 -6 -5 -4 -3 -2 -1 0 1Protocols

2 35 Success Latency 1.16 - 1.37
Error Latency 1.16 1.58
Proportion of Errors .74 1.0 0

3 29 Success Latency 1. 23 1.64 - 1.40
Error Latency 1.31 1.50 1.85
Proportion of Errors .66 .66 1.0 0

4 44 Success Latency 1.07 1.17 1.50 - 1.27
Error Latency 1.19 1.46 1.32 1.61
Proportion of Errors ·77 ·77 .61 1.0 0

\Jl 5 50 Success Latency 1.15 1.52 1.56 1.39 - 1.49
'0J

Error Latency 1. 27 1.50 1.50 1.48 1.73
Proportion of Errors .66 .56 .60 .38 1.0 0

6 31 Success Latency 1.28 1.56 1.57 1.52 1.66 - 1.41
Error Latency 1.22 1.72 1.50 1. 49 1.64 1.76
Proportion of Errors .84 .71 .58 .48 .58 1.0 0

7 28 Success Latency 1.18 1.30 1.71 1.72 1.57 1.75 - 1.50
Error Latency 1.19 1.52 1.47 1.50 1.34 1.44 1.72
Proportion of Errors .71 .64 .64 .68 .57 .39 1.0 0

8 30 Success Latency 1.29 1.51 1.51 1.31 1.50 1.57 1.59 - 1.52
Error Latency 1.29 1.60 1.75 1.95 1.79 1.95 1.83 1.95
Proportion of Errors .67 .73 .67 .67 .43 .50 .47 1.0 0

9 28 Success Latency 1.42 1.22 1.53 1.26 1.96 1.46 1.32 1.78 - 1.34
Error Latency 1.23 1.34 1.37 1.48 1.83 1.86 1.83 1.29 1.55
Proportion of Errors .75 .57 .71 .57 .61 .50 .50 .50 1.0 0



Table 7 (continued)

Mean error and success latencies as a function of item difficulty and distance from. last error.

SESSION 2

Number DISTANCE FROM TRIAL OF LAST ERROR

Group of -8 -7 -6 -5 -4 -3 -2 -1Protocols 0 1

2 43 Success Latency 1.18 - 1.46
Error Latency 1.07 1.59
Proportion of Errors .63 1.0 0

3 43 Success Latency 1.33 1.37 - 1.41
Error Latency 1.09 1.42 1.52
Proportion of Errors .84 .42 1.0 0

4 60 Success Latency 1.02 1.17 1.25 - 1.34
Error Latency 1.06 1.28 1.42 1.45
Proportion of Errors .68 .57 .57 1.0 0

V1 5 42 Success Latency 1.13 1.43 1.42 1.30 - 1.32
-l'""

Error Latency 1.09 1.37 1.50 1.63 1.68
Proportion of Errors .71 .62 .50 .52 1.0 0

6 29 Success Latency 0.87 1.07 1.16 1.44 1.28 - 1. 34
Error Latency 1.14 1.41 1.64 1.37 1.49 1.44
Proportion of Errors .83 .55 .45 .41 .38 1.0 0

7 28 Success Latency 1.12 1.46 1.32 1.27 1.78 1.39 0 1.50
Error Latency 0.97 1.05 1.38 1.72 1.23 1.34 1.67
Proportion of Errors .68 .64 ·57 .50 .46 .39 1.0 0

8 22 Success Latency 1.33 1.08 1.38 1.70 1.86 1.48 1.47 - 1.50
Error .Latency 0.98 1.78 .1.55 1.93 1.60 1.68 1.65 1.62
Proportion of Errors .73 .68 .59 .41 .41 .54 .32 1.0 0

9 16 Success Latency 1.49 1.41 1.79 1.58 1.88 1.52 1.89 1.91 - 1.38
Error Latency 0.93 1.86 1.47 2.03 1.57 1.39 1.35 1.29 1.45
Proportion of Errors .62 .44 .56 .69 .31 .38 .38 .44 1.0 0



It is also considerably larger than any latencies after the trial of

last error.

If the individual protocols ,are examined, this phenomenon becomes

much less clear cut, since many protocols have a last error latency that

is considerably less than the latency on the preceding trial. Hence, it

is possible that this jump in the backward curves on the trial of last

error could be due to the fortuitous occurrence of a few extreme values.

In order to investigate this possibility, let t denote the last­o

error latency, t_ l denote the latency on the preceding trial and t
l

denote the latency on the trial immediately after the last error. Con-

sider the null hypothesis that t_ l , to and t
l

are independent,

identically distributed random variables. Then

Also, if we arrange to' t l , t_
l

in descending order of magnitude then

there are six prossible orderings, all of which are e~ually probable.

Hence

Analysis of all protocols with last error on trial 2 or after produced

the fOllowing empirical results:

Session 1 Session 2

Number of Protocols 383 350
Pr(t

o
> t_ l ) .58 .60

Pre to > t l ) .64 .60

Pr(t
o

= max (to' t l , t_ l )} .46 .43
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A test based on the exact binomial distribution showed the differences

between the observed proportions and the proportions delivered from the

null hypothesis to be significant at the .001 level.
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Other Experiments

At the time our experiment was performed (1962) almost no empirical

information existed as to the trial by trial variation of response latency

in paired-associate learning. Recently, Millward (1964) has reported an

experiment that resembles the present one in many respects. The main

difference is that Millward used digits as stimuli and two response alter­

natives whereas the present experiment used nonsense syllables and three

response alternatives,

Although the mean error latency curve in Millward's experiment shows

the same sharp initial rise, the backward latency does not show the sharp

peak on the trial of last error which characterises our data. Millward

performs an analysis similar to the one we performed in Table 6, but states

that the individual group curves in general rise within a few trials and

remain at the level of the last error trial.

The disagreement between Millward's findings and those of the present

experiment may be due to differences in experimental procedure. It may

also be due to the fact that Millward does not use a learning criterion

in his analysis. In the present experiment, it was found that latencies

on post-criterion errors tended to be clearly lower than latencies on pre­

criterion errors.

W. Kintsch has provided us with an analysis of some unpublished data

obtained in connection with a 2-response, 12-item paired-associate experi­

ment that used nonsense syllables as stimuli (Kintsch, 1964). The result

of this analysis, which is shown in Table 8, shows an increase in latency

on the trial of last error for all groups except Group 6, although its
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Insert Table 8 about here

magnitude is not large. Curiously enough, the increase does not appear

on the backward latency curve. This may be due to including latencies

from the group with last error on trial 1 in the averaging process. In

both Kintsch's experiment and the present one, last errors that occur

on trial 1 have a low average latency, being no greater than the mean

latency on subsequent trials.

The partial results of a similar analysis of latency data from an

unpublished experiment by W. K. Estes and D. Horst are shown in Table 9

Insert Table 9 about here

In this experiment, six subjects were presented with a 24-item list con­

sisting of common four letter words. The responses were numbers, each

item having a unique response. An examination of Table 9 shows that the

last error latency is greater than the latency on both the preceding

trial and subsequent trials for all groups but Group 5.

Alternative Approaches

The three-state model discussed in this report would appear to be

deficient in two respects. The first is that, although the fit to the

choice data is quite good, the estimated values, ql' of the error pro­

babilities in State 1 are too low to have any simple intuitive interpre­

tation. This applies especially to the estimate for Session 1. It is

difficult to decide whether this is the fault of the model or the estimation
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Table 8

(a) Mean overall latencies in seconds for Kintsch's data as

a function of item difficulty and distance from last error.

Distance from Last Error

Group -5 -4 -3 -2 -1 0 1 2 3 4

0 2.1 2.0 1.8 1.8

1 2.2 2.2 1.9 1.8 1.7

2 2·3 2.4 2.1 1.8 1.9 1.6
Vl

'"' 3 2.2 2.4 2.5 2.1 2.0 1.9 1.8

4 2.3 2.5 2.4 2.6 2.0 1.9 1.7 1.6

5 2.1 2.9 3.0 2.6 2.8 1.9 2.1 1.9 2.1

6 1.5 2.3 2.1 2.2 2.6 2.6 1.9 1.7 1.9

(b) Backward latency for Kintsch's data.

Distance from
-5 -4 -3 -2 -1 0 1 2 3Last Error

Mean
1.7 2.2 2.3 2.4 2.3 2.3 2.1 2.0 l.aLatency



Table 9

Mean overall latencies in seconds for Estes' and Horst's data as a function of item

difficulty and distance from last error.

Group Number of Distance from last error
Protocols

-6 -5 -4 -3 -2 -1 0 1 2

2 13 3.49 5.26 3.47 3·57

3 17 2·92 5.43 6.22 4.16 3.27,
0\ 4 25 2.92 4.59 5.25 5·95 3.28 2.730

5 14 2.72 3.66 5·50 6.32 5.47 4.06 2.84

6 5 4.21 5·29 4.82 5·50 3.47 4.25 2.21 2.30

7 11 1.95 2·70 3.11 3.42 3· 36 3.20 3.65 2.81 2·52



procedure, The other problem arises with respect to latency data. The

model, as it stands, cannot account for the jump in mean latency on the

trial of last error. For these reasons, we have not attempted to fit

our storage mechanism model to the data.

An alternative model for the choice data has been provided by Norman

(1964). In this model, a subject's success probability increases by

linear increments on random trials, For a discussion of the fit of this

model to our data, the reader is referred to Norman's paper. It will

not be pursued further here because it provides no mechanism to account

for response latencies.

It is possible to adapt the three-state model so that it might be

able to account for a latency increase on the trial of last error, This

could be done by changing the process to a four-state process with transi-

tion matrix

C CI C
l

C20 1

C l-c c a a
0

Cl a l-b b a

cl a a a I
I

C2 a a a 1

Then we could assume that

and
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However, more needs to be known about the latency phenomena described in

this paper before there is much point in fitting another model. In par­

ticular, a thorough investigation needs to be made of the conditions under

which sharp increases in latency occur. This investigation should not be

limited to the trial of last error. We also need to know more about sharp

increases in response latencies prior to the last error.
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