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A Model  fot- Response  Latency in Paired-Associate  Learning’ 

P$TRICI< SUPPES, GUY GROEN, R I D   R k D E L E I K E   S C H L A G - R E Y  

h 3-state  model is proposed  which is designed  to  account  for  both  choice  and 
latency  data  in  paired-associate  learning.  Some  properties of this  model  are  derived, 
and  some of its  uses  are  illustrated  with  reference to  a  paired-associate  experiment  with 
3 response  alternatives  and  12  stimulus  items.  Some  empirical  results  not  accounted 
for  by  the  model  are also described. 

I n  spite of the long tradition of experimental  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 characteristic of 
many  simple classical psychophysical experiments. A recent  paper on the  subject is 
by  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 know, 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  contradistinction  to  this  literature  on observing  responses and  the  related  literature 
on waiting  times, much of the analysis in  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  a  rather simple and hopefully natural way of extending  the 
familiar three-state model  for choice data to latency data. T o  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 
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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. 
i5s in  the case of the  standard  interpretation for the orle-element model, we interpret 
the first state as a guessing state. \Ve 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  memory.  This  method of storage is given  only a very schematic 
treatment  here.  We have restricted  ourselves to n process  involving  only a small 
number of parameters. KO 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-associate 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. 

THE THEORY 

A simple three-state model. We  first  assume that  the basic learning process  can be 
described  by a ILIarkov process with  three  states,  denoted by C,, C, and C, and 
transition  matrix 

At the  beginning of an  experiment,  the  subject is assumed  to be in  state C, . Let 
Ci,n be the event which occurs if and only if the  subject is in  state i on  trial n. 
Let X ,  be the  random variable such  that X ,  = 1 if an error  occurs  on trial n and 
X ,  = O if a success occurs  on trial n. Then we assume  that 

(a) Pr(X, = 1 1 C,,,) = qi for i = O, 1, 2 and for all n. 

(b) q 2  = 0. 
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Thus C, may  be loosely interpreted as a  state  where no learning has taken place, 
C, as an intermediate  state  and C, 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 C,, he guesses the co1re::t response,  he 
enters C, when  he conditions  one  element and  enters C, when he  conditions the 
second element. Several other  interpretations of the model are possible. 

I t  will be seen later  in  this  paper  that some of these  embody  an  approach  somewhat 
different from  the two-element  rationale. 4 s  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 itself is somewhat  empty of psychological meaning, its  rejection 
should be sufficient to reject a class of more specific models. I t  should  be  pointed 
out  in passing that  it is possible to  formulate  three-state  models with  considerably 
more  parameters  and  structure  than  the  present model. For example, one could assume 
a  forgetting process and allow a  transition  from C, to C, . We avoid complications such 
as these for two reasons. The first is mathematical simplicity. The  second is the lack 
of empirical  data that are  capable of giving guidance  regarding  the  type of model most 
appropriate for describing latency data  in paired-associate  learning. 

In  extending  the model to describe  latencies we will be  most concerned  with experi- 
ments 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. Then we s:sume that 
for each state Ci there exists a  probability  distribution  function &(t) such  that 

Pr(t, < t ~ Ci,J =&(t)  
for  every n. 

Although we are  using t ,  to  denote  the  latency,  it  should be noted  that  the  above 
assumption could  be  used with any measure of response strength. I n  pzrticular,  the 
choice data satisfy this  assumption since, denoting  the density function of L ((t) by ti(t) 
and  setting 

4 1 )  = q i  

q o )  = 1 - 42 

ti(t) = O for all t f 1, O 

we obtain  the  distribution of the  random variable X ,  . This fact will be of cunsidcrable 
use in analyzing the choice data. 

THEORETICAL EXPRESSIOKS FOR LATEKCIES 

We begin by computing  the  transition probabilities of the process. Let uin = Pr(C<,J. 
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U o r ,  = ( 1  - q - 1  

uln = O if n = 1 

If b # c then 
C 

U1,$ = {(l - b)n-l - ( l  - ~ ) " - l } .  ( 2 )  c - h  

'l 

l 

Finally, 
. .  

UZn = 1 - U I l l  - Uon = 1 - - ~ ( l  - b)"-' - b(1 - C)"-' 

C - b  
If b = c then 

U o n  = (1 - c)"-1 

= (n  - l)c(l - for n > 1 

= o  for n = 1 

uZn = 1 - (1 - c)"-'[l J- (n - 2)c] for n > 1 

= o  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 exactly equal  to  the  estimate of C. 

Afean  and  aariance of latency on trial n. Let 

E(tn C,,,) Pi 

Var ( t ,  1 C,,,) = ui2. 
Then 

Csing  the  fact  that 

we  obtain 
Var (t") = E(tn2) - [E(tn)le, 
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i Equation 7 is the simplest for  computational  purposes. To obtain  an expression  in 
terms of b and c, one can expand (7) and use Eqs.  1, 2 and 3. 'i 

Mean and variance of total latency in$rst N trials. Let 

Tx = x t i .  N 

i=l 

Then  from (4) we find that 

N 

E(TN) = ZWi) 
i=l 

= [p" - (-----)I cp1 - hp2 1 - (1 - C)"  pl - pz) 1 -- (1 - b)'' 
C - b  C C - b  b 

+ 4- N p 2  . 
(9) 

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

C0V(titj) = E(&) - B(ti)E(tj). 

Let i a n d j  be fixed,j > i. Var(ti) is given by (7)  and E(ti)E(tj)  can be  obtained  from 
\ 

(4). 
T o  find E(tit,) we note  that , 

~ ( t i t i )  z { ~ ( t i t ;  I chi 1 cm,) ~ [ c k i  1 cm,]  (12) 

E(t,t, ~ C,iCmj) = E(ti i Cki)E(tj 1 Cmj) = pipj , (13) 

.j since the conditional distributions of the latencies,  given the  states, are independent. 
,i Since j > i (12) and  (13) imply that 

k ,m 

1=0 m=O 

C 
Coi) -- [( 1 - ,$)+i - (1 - c)j-i] C - b  
Coi) = 1 - Pr(Coj 1 Coi) - Pr(C,, 1 Coi) 
C,i) = (1 - 6)j-i 

Pr(C,j 1 C,<) = 1 - (1 - 6)J-$ 

Pr(C,, 1 CZi)  = 1. 
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ì 

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

where a: = c/(c - b).  
E(ti)E(tj)  can  be  obtained  directly  from (4). The  resulting expression and  Eq.  15 

can  be  substituted  in (1  1) to give an expression for C o ~ , , ~ ( t , t ~ ) .  Equation 10 can 
then  be  used  to  obtain 1 u(Tlv), The  resulting expression is extremely  cumbersome 
and will not  be  givena2 

A useful  quantity related to  Var(TN) is the so-called autocorrelation of latencies 
K trials apart, E(x2:ytT,tm7 R). T o  obtain  this  we  substitute i = m ,  j = m + K 
in (15) and  sum.  Then 

E [ytmt.,+K] == ( N  - K)pi2 f "(p1 - p2)(po - pl)(l - b)K __--- l - ( l  - C)+K 

T7fl=l 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 n and 
on  a success on trial n. 
Since  for i = 0,l 

2 
~ ( t ? ?  1 X ,  = i) = 2 ~ ( t ~  I cj, , X ,  = i )  . Y(c,, , X ,  = i) (17) 

j - O  

we have 

* If  a  digital  computer is available,  numerical  values of Var(Th')  can  be  found by calculating 
Var(t,)  for  each i, Cov(tdt;) for  each i, j and  performing  the  summations  in (10) numerically. 
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and 
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T o  compute  the variances, we merely use  the fact that for i = 1, O 

Var(t, j X ,  = i)  = E(t,* i X ,  = i )  - [E(tn ' X ,  = i)]*. (194 

The expressions  for E(t,* , X ,  = 1)  and E(t,z 1 X ,  = O) have the  same  form as 
(18) and (19), respectively, with ,uLi replaced  by pi* - ' s i z .  

THEORETICAL EXPRESSIOM FOR CHOICES 

We begin  by stating  a useful theorem which will enable us to  derive  certain expres- 
sions  by  directly substituting  into  the  corresponding expressions for latencies. 

THEOREM 1 .  Let  t, be a random variable (which may be diswete or continuous) 
such that on each state i = O ,  ..., k - 1 of a  k-state ;Vlarkol;process, t ,  has a distribution 
with jìnite mean pi and vaTiance ' s i2  which is independent of n.  Let X ,  be a vandom 
variable such that 

Suppose that E[g(tl , ..., thT)] can be written in the form f ( p o  , ..., ,uiip1 ; go*, ..., 
Then 

E[g(X, ? ' " 9  X,)] =f(2o , . * ' j  4k-1 ; 4 0 ( 1  - 401, ." j  4k-# - 4k-1)). 

The  proof follows from  the fact that t ,  can be  defined so that it has  the  same  distribu- 
tion as X ,  , and  that E(X,L ~ Gin) = qi , Var(X, ' C,,,) = qi(l - qi) .  In the  particular 
model  considered here, k = 3 and q2! = O. Hence 
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Distribution of errors on trial n. Fron1 (4), and  the  preceding  theorem, we obtain 

E(X,) = Pr(X:, = 1) = uOnqO + ulnqZ = [qo - aq,](l - c)?”, - q , ( l  -- (20) 

In  this case, 
Var(X,) = E(X,)[l  - E(X,,)] 

IWean and variance of total ewers i n j k t  N trials. Let 

i=l 

Then  

B(Ax)  = (qo - mq1) [---;-- l - (l - c)“ ] + “q1 [---b--- 1 - (1 - b)A‘ 1. (22) 

Analogously to (g), we have 

Var(A,) = 2 ITar(Xi) + 2 2 CO~(XJ,) 

C0V(XiX,) = E(XiX,) - E(X,)E(X,). 

N 

i=1 l<i<j<N 

and 

lrar(XJ is given by (21), and E(X, )E(Xj )  can be  obtained  from (20). Theorem 1 and 
Eq. 15 imply  that  for j > i 

E(X,X,) = qo(l - c)i-l[(qo -- 0(41)(1 - aq1(1 - b)’-i] 

+ “4l2(1 - b)’-’[[(l - b)’-’ - (1 - c)i-l]. 

Finally,  for  the  “autocorrelation” of errors k trials apart, we obtain  from (16) 

- qo(qo - uql)(l - c y  
1 - (1 - C)’V-k 

C 

Trial of last error. Let L be  a  random variable denoting  the  trial of last error. ‘I’hen 

Pr(L = k)  = Z P r  (no  errors  after  kth  response  and  error  on  kth  response 1 Ci,)ui, 

Pr (no errors  after  kth response 1 elk) = b + (1 - h ) ( l  - ql)b - (1 - b)’(l - q,)% -+ ... 

2 

ì=o 

b - - 
l - (l - h) ( l  - qJ ’ 
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Denote  this  quantity by y ,  
Then 
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Pr  (no  errors  after  kth response 1 Colp) 

~ ( 1  - 4 1 ) ~  t ( 1  - c)(l - q,)c(l - 4 1 ) ~  + (1 - c)'(1 - 40)'~(1 - 4 1 ) ~  -t * * a  

1 - (1 - ')(l - 4 0 )  
- - 4 1  - %)Y 

Therefore, since 

Pr(no  errors after kt" response and  error  on  trial k 1 Cik) 

= Pr(no  errors  after kt11 response 1 CiiJ * qi 

me obtain 

and 

EWO~T befovejirst  success. Let F be a random variable which takes on as its possible 
values the  number of errors before the first success. Let 

fn z Pr(F = n). 

T hen 
f 0  = 1 - 40 

f 1  = qo[(l - c)(l  - 4 0 )  f 4 1  - 4dJ 

and for n 2 2 
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Then 

E P )  = 2 nfn 
?,=O 

- (1 - 4 0 ) P  - c )  - 41)P - BOdl) - - 61 - eo)] 
- 40 + -- [ (l - do)' (1 - eo)z( l  - O1)' l 

and 
Var(F) = E(F2)  - [E(F)I2, 

where 

Runs of cwo~'s .  Let Ujm = 1 if a j-tuple of errors  occurs  with  the first error on 
trial m. Let Ujq7, = O otherwise. Let j > k.  
Then 

E( UjeJ = qoj with  probability uoet(l - c)j-1 

= with probability ulm(l - b)j-1 

= 407cq;-k with  probability uom(l - c ) k - 4 ( l  - b)j-k--l.  

Therefore 

Let 

N-j-!-l 

m=l 
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I-1 , 1  - (1 - 6)X-j-l 1 - (1 - C)N-j+l ) 

+=b ( b C 1’  (23) 
Equation 23 gives an  expression  for  the  mean  number of j-tuples of errors  in  the 
first N trials. 

c@, , - 

A STORAGE MECHAKISM FOR THE SIMPLE THREE-STATE M O D E L  

The  model we have been  considering  up  to  now has the  disadvantage of being 
purely  descriptive.  However,  it is possible to  postulate  mechanisms  which, while 
somewhat  stronger,  have all the  properties of the  model. 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 iist of stimuli  and  the  correct 
response  to  each.  Xot every stimulus need be  contained  in  this  list,  and if the  subject 
is in  state Co ! the list is empty. I n  this case, the  subject guesses the  correct  response 
with  probability q. of being  incorrect. If the  subject is in  state C, 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, , 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  correspond- 
ing  to  the  stimulus  presented  on  that  trial  with  probability 1/X. 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 1 - r ,  or 
continues  sampling. If he  stops,  then  he makes the  correct  response  with  probability 

We  then  have: 
p = 1 - - o .  

Similarly 
1 

\ N 
, .  . (1  ---).(l - 7)(1 - p )  

Pr(X, = 1 l C,) = 
1 --Y 

, 
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where 

T o  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 
1s equal to  t ,  + KE where E is the  time  the  subject takes to  draw  one  sample  and t ,  is a 
“basic reaction time.” It  would be possible to make t ,  and E random variables. However, 
since our main purpose is to indicate how this  mechanism is related to the model of 
section i l ,  we wish to avoid mathematical  complications and assume that t ,  and E are 
constant.  Then 

Pr(K = i ~ X, = 1, C,,) = 
Pr(k = i & X ,  = 1 ’ Cl,) - 

Pr(& = 1 1 C1n) 
Using (25) we obtain 

Pr(K = i ! X,& = 1, Clm) = yi-l( 1 - y) .  

Similarly 

and,  using (24) we obtain 

Pr(K = i i X, = O ,  Clil) = yi-l(l - y) .  

Hence,  in  state C, , the latency of an error has the  same  distribution as the latency of a 
success. 

The mean, p l  , is given by the  formula 
33 

p1 = t ,  + 2 +-l( 1 - 
i=l 

y )  = t ,  f -E. 
1 --Y 

ANALYSIS OF AN  EXPERIMEh-T3 

METHOD 

The essential  features of the  experimental  situation  can  be  summarized as follows: 

This  experiment was performed  in  the  Human  Communication  Laboratory,  Department 
of Psychology, University of California, Los Angeles. We are  grateful to  Dr. E. C.  Carterette 
for malting the facilities of the  laboratory available to us. 
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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. 

X  buzzer  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  reinforcement  ended 2 sec. after  the  occurrence 
of the subject’s  response and  the  next  trial  started after a fixed delay of 2.5 sec. The presentation 
of all experimenter-determined  events w-as automatically  controlled. 

The second session took place a week later. I t  was identical to  the first one except that  a 
new  set of stimuli was used. 

Equipment and apparatus. The subject  sat alone, in  a  dark  experimental  room, at a  table. 
At 140 cm  from  the subject’s end of the  table was erected  a vertical black panel. In  the  center 
of this  panel was mounted  an 8.5 A 4.5 cm  readout having three  compartments.  Each com- 
partment  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  box  containing  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 
farther  apart  than  the keys (3 cm)  and  arranged  in a slightly  convex  arc, 4.5 cm 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-sec. delay, (e)  the  timing of all these  events.  It also informed  the  experimenter of the 
subject’s  response. 

2. 4 Beckman Universal  Eput  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.  4 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. 

Stiwzzdus material. Two lists of 15 syllables w-ere 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 b17 Hilgard (1951, p.  545). 
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 GVH,  KEC,  and  ZAJ;  and  the  experimental  set 
was BOF, GED,  JVC,  KXX,  NID,  QIG,  QOW,  TAH, TEV, WOG, WUX,  and  ZIN.  For 
the  second session, the practice set was GXW, KOJ,  and  ZUG;  and  the  experimental  set was 
BEH, BIX,  GOC,  JIV, KCW, WAF, 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.  Shortly  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 of the  three keys placed in  front of you  (the  experimenter  shows  them).  Upon  the  occur- 
rence of your  response,  a  small  light will go  on  just  above  the  key  which  ought  to  have  been 
selected, thus  telling JOU which  actually is the  correct  response  for  this  particular  syllable. 
The  light  illuminating  the  syllable  and  the  light  indicating  the  correct  response will stay  on 
2  sec.  in  order  to  give  you  a  chance  to look at  them  together.  Then,  they  ill go off and 2 
sec.  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. B u t  don’t  wait too long  before gicing a  response, because a 
new trial  cannot  start  before  you  hace  pressed one of the keys, and there is a $fixed number of trials 
to conzpnplete. S o w ,  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 w-as run  for 9 practice  trials  with  the  practice  set of 3 syllables. Then  the experi- 

menter asked if the  procedure  was  clear  and  answered  questions, if any,  by  paraphrasing  the 
instructions. 

On  the  second  session,  the  subject  was  told  that  the  procedure w-ould be  the  same  except 
that a new  set of syllables was 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 w-ay: 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  sec. 
after  the  subject’s  response. T h e  reinforcing  light  went  on  upon  the  occurrence of a response 
and  went off simultaneously  with  the  stimulus, 2 sec.  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  numbers. A single  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. 

2. T h e  correct  response, 1, 2, or 3, to  be associated  with a given  syllable,  was  selected  from 
a table of random  numbers  with  the  requirement of equal  frequency of association  for  the 
three  responses,  i.e.,  the  same  response  was  associated to 4 stimuli. A different  schedule of 
reinforcement  was  used  for a given  subject  in  the  two  sessions  and  for all subjects  in  a  given 
session. The  same  set of 40 schedules was used  in  the  two  sessions. 

3. In  order  to  counterbalance  preferential  positions of responses,  the  assignment of response 1, 
2, 3 to  the  left,  middle  or  right  key was made  according  to  a  restricted  randomization  procedure 
which  provided  for  equal  frequency 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  assign- 
ment. 



r 

RESPOKSE LATESCY IN P 4  LEARNING 113 

RESULTS AND DISCCSSION 

The Clmice Data In  the analysis of the  data, all items were  pooled. ,4 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. Post- 
criterion  errors of this  type  occurred only  rarely and  in  an isolated  fashion. 

The  guessing parameter q. of the  three-state model was assumed to equal 213 on  the 
basis of the design of the  experiment. The  other choice parameters (b ,  c, and ql) were 
estimated  by means of a  minimum xz fit based on  the binomial distribution of errors 
in blocks of 4 trials. This  procedure consists of computing theoretical  values of the 
expected number of nonoverlapping blocks of 4 trials  which  contain j errors 
( j  = O, 1, 2, 3, 4) and fitting them  to  the observed  values.  Algebraic  expressions  for 
this  statistic  are given by Suppes,  Groen  and Schlag-Rey  (1965, p.  16).  There  are 
4 degrees of freedom  in  this  procedure  and  three are  used to  estimate  parameters so 
there  remains  one  degree of freedom. The estimates obtained by this  method,  together 
with  the  corresponding  minimum x2 values, are listed in  Table l.  The  values of X' are 
sufficiently low to  indicate excellent agreement with  the observed data. 

TABLE 1 

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 
91 0.055 0.129 
x2 3.3 0.6 

For Session 1, the estimated  value of pl 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 q1 , b, and c in  Table  1 gave a  unique  minimum 
chi-square. I t  should be  remarked in passing that Atkinson and  Crothers (1964), using 
a different  estimation procedure,  found  that  much data provide similar low estimates of 
g1 when  a  three-state model i s  fitted, 
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TABLE 2 

SUMMARY STATISTICS FOR CHOICES 

Session 1 Session 2 
- 

Predicted 
- 

Two- Three- 
State State 

Obs. Model" Model 

Predicted 

TWO- Three- 
State State 

Obs. Model  Model 

Mean  total  errors 4.16 
Variance total errors 9.73 
Mean trial of last error 6.34 

Autocorselution 
1 Trial  apart 2.15 
2 Trials  apart 1.83 
3 Trials  apart 1.52 
4 Trials  apart 1.34 
5 Trials  apart 1.06 
6 Trials  apart 0.85 
Mean  errors  to 1st success 1.74 
Variance of errors to 

1st success 3.86 

Expected j-tuples of ersors 
j = l  4.16 
j = 2  2.14 
j = 3  1.18 
j = 4  0.65 
j = 5  0.36 

Distribution of trial of last 
WSOT, K 

Pr(K = O) 0.08 
Pr (K = 1) 0.10 
Pr(K = 2) 0.07 
Pr(K = 3) 0.06 
Pr(K = 4) 0.09 
Pr(K = 5 )  0.1 1 
Pr (K = 6) 0.07 
Pr(K = 7) 0.07 
Pr(K = 8) 0.06 
Pr(K = 9) 0.06 
Pr(K = 10) 0.03 

4.54 
16.30 
6.35 

2.58 
2.21 
1.88 
1.60 
1.37 
1.17 
1.55 

3.02 

4.54 
2.58 
1.47 
0.84 
0.48 

0.07 
0.14 
0.12 
0.10 
0.09 
0.08 
0.06 
0.05 
0.04 
0.04 
0.03 

4.17 
12.73 
6.46 

2.17 
1 .82 
1.53 
1.29 
1 .O9 
0.90 
1.50 

4.49 

4.17 
2.17 
1.19 
0.65 
0.36 

0.06 
0.13 
0.14 
0.13 
0.1 1 
0.09 
0.08 
0.06 
0.05 
0.04 
0.03 

3 .O4 
6.19 
4.74 

1.37 
1.12 
0.87 
0.70 
0.60 
0.44 
1.41 

2.76 

3 .O4 
1.37 
0.67 
0.33 
0.17 

0.13 
0.12 
0.09 
0.09 
0.13 
0.09 
0.06 
0.06 
0.05 
0.03 
0.03 

3.49 
6.44 
4.78 

1.88 
1.52 
1.23 
1.00 
0.81 
0.65 
1.45 

2.93 

3.39 
1.88 
1 .o2 
0.55 
0.30 

0.09 
0.17 
0.14 
0.1 1 
0.09 
0.07 
0.06 
0.05 
0.04 
0.03 
0.03 

3.11 
6.12 
4.70 

1.46 
1.16 
0.90 
0.70 
0.53 
0.41 
1.39 

3.86 

3.11 
1  .46 
O. 70 
0.34 
0.17 

0.06 
0.13 
0.14 
0.13 
0.1 1 
0.09 
0.08 
0.06 
0.05 
0.04 
0.03 

a The  two-state  model is the familiar  one-element  model, 
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Because of the low value of g, 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  param- 
eters q. and c of the  two-state  model were obtained  using  the  maximum-likelihood 
estimators developed by  Kraemer (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 discussion of the models. 

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. 
I t  also provides a better fit  of the  autocorrelations  and  the  expectedj-tuples of errors. 
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  respect. 

Evidence against the  two-state  model is provided by the  application of the goodness- 
of-fit tests  described by Suppes  and  Ginsberg (1963). These  statistics  test  in a variety 
of ways the  implication of the  model  that  responses  prior  to  the last error have a 
binomial  distribution. The  result of applying  these tests  is shown  in  Table 3. The  two 
stationarity  statistics  test  the  hypothesis  that  the  backward  learning  curve is a  hori- 
zontal  straight line. 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  distribution.  The  chi-square values of Table 3 are all significant at  the .O1 
level. This leads to  the rejection of the  hypothesis  that  the responses prior  to  the 
error  are binomially distributed. 

TABLE 3 

ANALYSIS OF CHOICE DATA PRIOR TO LAST ERROR FOR THE TWO-STATE M O D E L  

Stationarity 
(1) Vincentized 3 86.5 ,001 75.0 ,001 
(2) Non-S’incentized 11 54.7 .o01 58.3 .o01 

Order 1 24.2 .O01 11.0 .o01 
Goodness of fit to  total 2 10.9 .o1 7.1 .O5 

Specific  sequence 6 33.7 .o01 23.6 .o01 
errors  in  blocks of 3 trials 

(Blocks of 3 trials) 

The  nature of the  nonstationarity revealed by the first two  tests of Table 3 can  be 
seen  in  Fig. I which  shows  the backward learning  curves  for  the  two sessions. In  this 

raph, -1 denotes  the trial prior  to  the last error, -2 denotes  the  trial  immediately 
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FIG. 1. Backward learning curves. 

preceding  it, etc. I t  can  be  seen that as the distance from  the last error increases, the 
success probability decreases from  a value of approximately 112 to  a value of approx- 
imately 113. This value of 113 is the  same as the success probability on trial 1. 

I t  may  seem somewhat  surprising  that  the estimates of q1 produced by our  estimation 
procedure did not  turn  out  to be 112. However, if our estimation procedure is used 
with q1 set to 112 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, by using  optimum 
values of b and c, is equal  to 7.5. 

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. 

1. Summary statistics. The mean latency curves for  Session 1  and Session 2 are 
shown  in Fig. 2. 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 indication  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 
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FIG. 3.  Mean latency  curves  conditionalized on errors  and successes. 

before  beginning to decrease,  whereas in Session 2 the  maximum is reached on  trial  4 
and is followed by a  rapid, well-defined decrease. 

Figure 3 shows the  mean latencies of successes and  errors as a  function 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. 

T o  estimate the  parameters, pi , of the  simple  three-state  model, advantage was 
taken of the fact that Eqs. 4,8,  and 19 are  linear in  the p i .  These  equations all have 
the  form 

As a result,  the values of p$ were  estimated by performing  a least-squares fit to  the 
observed values of E(&),  E(& 1 X ,  = 1) and E(& 1 X ,  = O). The  values of X,,? were 
obtained by substituting  the values of b, c, and q1 that  had been estimated  from  the 
choice data, as shown  in  Table  1; as before q. was determined a priori from  the 
experimental design as 2/3. 

The resulting  estimates of p o  , pl and p2 are  given  in Table  4a.  These estimates 
were substituted  in (4) to provide predicted values for E(t,). The predicted values 
are shown  in Fig. 2. The estimates of p o  , pl , and p 2  were also used to  compute 
various summary statistics from  Eqs.  9, 10, and 16. The  resulting values are given 
in  Table  4b, 
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TABLE 4a 

LATEKCY PARAMETER ESTIMATES FOR THREE-STATE M O D E L  

- 
Session 1 Session  2 

. .  

1.490 
1.447 
1.078 
0.468 
0.453 
0.134 

1.203 
1.667 
1.058 
0.334 
0.727 
0.167 

TABLE 4b 

SUMMARY LATENCY STATISTICS FOR THREE-STATE MODEL 

Session  1 Session  2 

Obs. Pred. Obs.  Pred. 
-___ --__ -__ 

31.45 31.56 28.61 28.69 
74.95 13.92 70.01 8.36 

Autocorrelations 
1 trial  apart 42.29 39.00 35.29 32.25 
2  trials  apart 40.33 37.21 33.59 30.63 
3  trials  apart 38.21 35.44 31.72 29.03 
4  trials  apart 36.29 33.69 29.96 27.49 
5 trials  apart 34.37 31.97 28.19 26.01 

The  summary statistics do  not  throw  much light on  the  goodness of fit. T h e  
extremely high  observed variance  could be  due  to  individual differences between 
subjects.  -4nother possible  reason will be discussed in  the  next section. 4 better 
indication of the fit is given by the discrepancies between  the  theoretical  and  observed 
mean latencies in Fig. 2. The  theoretical values in  this  graph were computed  from 
Eq. 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 po is greater  than  our  estimate of pl . 

Equations 18 and 19 were used  to  compute  theoretical values for E(tn j X, = 1) 
and E(tn 1 X ,  = O). These  did  not  turn  out  to  provide  a good  fit to  the  data, as can 
be  seen  from  Table 5. However,  the  theoretical  curves  for  Session 2 have  the  same 
shape as the  observed  curves. 
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TABLE 5 

CONDITIONAL M E A N  LATENCIES 

Session 1 Session 2 

Errors Successes Errors Successes __ ________ -- - - 
Trial Obs. Pred. Obs. Pred. Obs. Pred. Obs. Pred. 

1.22 1.49 1.26 1.49 
1.51 1.49 1.35 1.47 
1.53 1.49 1.39 1.45 
1.57 1.49 1.32 1.42 
1.64 1.49 1.33 1.39 
1.70 1.49 1.39 1.36 
1.71 1.49 1.34 1.33 
1.60 1.49 1.27 1.31 
1.57 1.49 1.33 1.28 

1.06 1.20 1.11 1.20 
1.37 1.25 1.21 1.42 
1.41 1.29 1.28 1.41 
1.49 1.31 1.34 1.36 
1.49 1.33 1.29 1.30 
1.42 1.35 1.23 1.25 
1.43 1.36 1.19 1.21 
1.47 1.37 1.20 1.17 
1.24 1.38 1.18 1.15 

2.  Latencies on last ewov. 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. 

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. 3 did  not clearly distinguish between  latencies on  pre-criterion trials and 
latencies on  post-criterion trials. 4 s  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, mean success  latencies and 
mean overall  latencies  were computed  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- 
cols with last error  on  trial i. Group O 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 omitted. 

These analyses fail to reveal any evidence  for a consistent  increase in latency as a 
function of item difficulty (as defined by the trial of last error)  that would account  for 
the  sharp initial  increase in  the  mean  error latency  curve. However,  the  results  in 
Table 6 for  Session 1 indicate  an alternative  explanation. If the  entries  in  column O 
are  compared  with  the  entries in column -1 and  column 1, it is apparent  that  the 



RBSPOKSG LATENCY IN PA LEARNIKG 121 

TABLE 6 

MEAN OVERALL LATENCIES AS A FUSCTION OF ITEM DIFFICULTY AND 

DISTANCE FROM LAST ERROR 

Session 1 

Distance from trial of last error 

No. of 
Group protocols -8  -7  -6 -5 -4 -3 -2  -1 O 1  2  3  4 5 6  7 

O 37 1.21 1.36 1.29 1.14 1.30 1.22 1.20 
1 48 1.09 1.13  1.18 1.07 1.14 1.15 1.01 1.11 
2 35 1.16 1.58 1.37 1.34 1.09 1.13 1.22 1.06 1.08 
3 29 1.28 1.55 1.85 1.40 1.41 1.50 1.49 1.19 1.26 1.11 
4 44 1.16 1.39 1.39  1.61 1.27 1.37 1.22 1.21 1.11 1.12 1.12 
5 50 1.23 1.51 1.52 1.43 1.73 1.49 1.46  1.45  1.36  1.22 1.17 1.30 
6 31 1.23 1.67 1.53  1.51 1.65 1.76 1.41 1.49  1.39 1.20 1.27 1.35 1.16 
7 28 1.19 1.44 1.55 1.57 1.44 1.62 1.72 1.50 1.43 1.41 1.31 1.25 1.15 1.26 
8 30 1.29 1.58 1.67 1.74 1.62 1.76 1.70 1.95  1.52  1.51 1.22 1.26 1.38 1.23 1.24 
9 28 1.28 1.29 1.42 1.39 1.60 1.66 1.57 1.54 1.55 1.34 1.30 1.26 1.38 1.17  1.28 1.25 

Session 2 

Distance from trial of last error 

O 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 1.23 1.12 1.12 1.03 1.09 1.01 
5 42 1.10  1.40  1.46 1.47 1.68 1.32 1.32 1.26 1.36 1.14 1.23 1.09 
6 29 1.09 1.26 1.38 1.41 1.36 1.44 1.34 1.18 1.24 1.21 1.21 1.05 1.07 
7 28 1.02 1.19 1.36 1.50 1.52 1.37 1.67 1.50 1.46 1.31 1.14 1.20 1.21 1.22 
8 22 1.08 1.56 1.48 1.79 1.75 1.59 1.53 1.62 1.50 1.77 1.22 1.33  1.12  1.19 1.02 
9 16 1.14 1.61 1.61 1.89 1.78 1.47 1.69 1.64 1.45 1.38  1.26 1.42 1.21 1.49 1.23 1.19 

latency rises to  a  maximum  on  the trial of last error in all groups  but  group 1 (group O 
has  no  errors).  Except  for  group 9, this increase  has a  magnitude of at least .l sec. 
Mean  error latencies and  mean success  latencies show similar results  when analyzed 
in  this  manner. Also, analysis of the  results of Session 2 indicates that  they closely 
resemble the  results of Session 1, except that  there is a decrease  for group 9. 
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TABLE 7 

MEAK  ERROR AND SUCCESS LATENCIES AS A FUNCTIOS OF ITEM DIFFICULTY AND 

DISTANCE FROM LAST ERROR 

Session l 

Distance  from  trial of last  error 

s o .  of 
Group  Protocols -8 -7 -6  -5  -4 -3 -2  -1 O 1 

2 35 

3 29 

4  44 

5 50 

6 31 

7 28 

8 30 

9 28 

Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 

1.16 - 1.37 
1.16 1.58 - 
0.74  1.0 O 

1.23 1.64 - 1.40 
1.31  1.50  1.85 - 
0.66  0.66  1.0 O 

1.07  1.17 1.50 - 1.27 
1.19 1.46  1.32 1.61 - 
0.77 0.77 0.61 1.0 O 

1.15  1.52  1.56 1.39 - 1.49 
1.27 1.50 1.50 1.48 1.73 - 
0.66 0.56  0.60  0.38 1.0 O 

1.28 1.56 1.57  1.52  1.66 - 1.41 

0.84 0.71 0.58  0.48  0.58 1.0 O 
1.22  1.72 1.50 1.49 1.64 1.76 - 

1.18 1.30 1.71  1.72 1.57 1.75 - 1.50 
1.19 1.52  1.47 1.50 1.34 1.44  1.72 - 
0.71 0.64  0.64 0.68 0.57 0.39 1.0 O 

1.29 1.51 1.51 1.31 1.50  1.57 1.59 - 1.52 
1.29 1.60  1.75 1.95 1.79 1.95 1.83 1.95 - 
0.67 0.73 0.67 0.67 0.43 0.50 0.47  1.0 O 

1.42  1.22 1.53  1.26  1.96 1.46 1.32 1.78 - 1.34 
1.23 1.34 1.37 1.48 1.83 1.86 1.83  1.29  1.55 - 
0.75 0.57  0.71 0.57 0.61 0.50 0.50  0.50  1.0 O 

errors  and successes. The results of Session 1  show  no consistent  evidence of a differ- 
ence  between mean  error latency and  mean success  latency prior  to  the last error. 
For all groups except 7 and 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,  and for group 9, less than  the success  latency 
on the  preceding trial. 
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TABLE 7 (Continued) 

M E A K  ERROR AXD SUCCESS LATENCIES AS A FUNCTION OE ITEM DIFFICLXTY AND 

DISTANCE FROM LAST ERROR 

1 

Session 2 

Distance  from  trial of last  error 

No. of 
Group  Protocols -8  -7  -6  -5  -4  -3  -2  -1 O 1 

2 43 

3 43 

4 60 

5 42 

6 29 

7 28 

8 ' 22 

9 16 

Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 
Success  latency 
Error latency 
Proportion of errors 
Success  latency 
Error  latency 
Proportion of errors 

1.18 - 1.46 
1.07 1.59 - 
0.63 1.0 O 

1.33 1.37 - 1.41 
1.09 1.42 1.52 - 
0.84 0.42 1.0 O 

1.02 1.17- 1.25 - 1.34 
1.06 1.28 1.42 1.45 - 
0.68 0.57 0.57 1.0 O 

1.13 1.43 1.42 1.30 - 1.32 
1.09 1.37 1.50 1.63 1.68 - 
0.71 0.62 0.50 0.52 1.0 O 

0.87 1.07 1.16 1.44 1.28 - 1.34 
1.14 1.41 1.64 1.37 1.49 1.44 - 
0.83 0.55 0.45 0.41 0.38 1.0 O 

1.12 1.46 1.32 1.27 1.78 1.39 O 1.50 

0.68 0.64 0.57 0.50 0.46 0.39 1.0 O 
0.97 1.05 1.38 1.72 1.23 1.34 1.67 - 

1.33 1.08 1.38 1.70 1.86 1.48 1.47 - 1.50 
0.98 1.78 1.55 1.93 1.60 1.68 1.65 1.62 - 
0.73 0.68 0.59 0.41 0.41 0.54 0.32 1.0 O 

1.49 1.41 1.79 1.58 1.88 1.52 1.89 1.91 - 1.38 
0.93 1.86 1.47 2.03 1.57 1.39 1.35 1.29 1.45 - 
0.62 0.44 0.56 0.69 0.31 0.38  0.38 0.44 1.0 O 

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 6 and finding, for eachj, ( ~ ~ ! $ i j t i j / ~ & a i j )  where tij is the  entry 
in row i and  column j and aij is the  number of protocols on  which tij is based. The 
result is shown in Fig. 4. As far as Session 2 is concerned, there is no evidence of any 
consistent difference between error latency and success latency prior  to  the last error. 
The  results of Session 1 are  somewhat  harder  to  interpret.Although  the results of Fig. 4 
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FIG. 4. Backward latency  curves conditionalized on errors and successes. 

indicate  that  the  error latency is on  the whole greater  than  the success latency,  this 
conclusion  is not  borne  out by the  more  detailed  results  in  Table 7. Unfortunately, 
the  results of a  statistical  test  would  be  misleading owing to  the  fact  that  the  various 
means  are based on widely  different quantities of data.  Finally,  one  can  conclude  that 
for  both sessions, the  latency  on  the  trial of last  error is considerably larger than  either 
preceding  error latencies or  preceding success  latencies. I t  is also considerably  larger 
than  any latencies after  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  last-error  latency, t-, denote 
the latency on the  preceding  trial  and t ,  denote  the  latency  on  the  trial  immediately 
after  the last error.  Consider  the  null  hypothesis  that t-, , t ,  and t ,  are  independent, 
identically distributed  random variables. Then 

Pr(t, > t,) = Pr($ > t-1) = 1/2, 
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Also, if we  arrange t, , t ,  , t-, in  descending  order of magnitude  then  there  are six 
possible orderings, all of which  are equally probable.  Hence 

Pr{t, = max(t-, , t ,  , tl)} = 1/3. 

Analysis of all protocols  with last error  on  trial 2 or  after  produced  the following 
empirical results : 

Session 1 Session 2 

Xumber of Protocols 383  350 
Pr(& > t-J .58 .60 
Pr(t0 > tl) .64 .60 
Pr{& = max(t, , t ,  , t-J} .46 .43 

A test based on  the exact  binomial distribution  showed  the differences between  the 
observed  proportions  and  the  proportions  predicted by the  null  hypothesis  to  be 
significant at  the .O01 level. 

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 pairs of digits as stimuli  and  two  response  alternatives  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  characterizes  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. I t  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  precriterion  errors. 

Kintsch has provided us with  an analysis of some  data  obtained  in  connection 
with  a  2-response,  12-item paired-associate experiment  that used nonsense syllables 
as stimuli  (Kintsch, 1965). 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 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  experi- 
ment  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, 
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TABLE 8 

(a) MEAN  OVERALL LATENCIES I N  SECOSDS FOR KINTSCH’S DATA AS .A 
FUKCTIOK OF ITEM  DIFFICULTY ASD DISTANCE FROM LAST ERROR 

Distance  from  last error 

Group -5  -4 -3 -2 -1 o 1 2 3 4  

O 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 
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 last 
error -5 -4 -3 -2 -1 o 1 2 3 

Mean latency 1.7 2.2 2.3 2.4 2.3 2.3 2.1 2.0 1.8 

The  partial results of a similar analysis of latency  data from  an  unpublished  experi- 
ment by W. K. Estes and D. Horst are shown in Table 9. 

TABLE 9 

MEAK  OVERALL  LATEXCIES IS SECONDS FOR ESTES’ AND HORST’S DATA AS A 

FUKCTION OF ITEM  DIFFICULTY .4KD DISTAXE FROM LAST ERROR 

h-0. of 
Group protocols Distance from last error 

-6  -5  -4  -3  -2  -1 O 1 2 

2 13 3.49 5.26 3.47 3.57 
3 17 2.92 5.43 6.22 4.16 3.27 
4 25 2.92  4.59  5.25 5.95 3.28  2.73 
5  14  2.12 3.66 5.50 6.32 5.41 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 
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I n  this  experiment, six subjects were presented  with  a  24-item list consisting 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. 

GENERAL  COMMENTS 

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, q1 , of the  error  probabilities  in  State 1 are  too low to  have  any  simple  intuitive 
interpretation.  This applies  especially to  the  estimate  for Session 1. I t  is difficult 
to  decide  whether  this is the  fault of the  model  or  the  estimation  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 Xorman  (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 
Eorman’s  paper.  It will not be pursued  further  here  because it provides  no  mechanism 
to  account  for  response latencies. 

Theios (1965)  has proposed  a latency model similar to  the  one  described  in  this 
paper. The  chief difference  is that  he uses two  intermediate  states, each with  a different 
latency  distribution.  However, he  only  fits this  model  to  the  mean latency after  the 
trial of last error. I t  is not clear how this  model  would  perform  on  data  prior  to  the 
last  error. 

While  the  model  we have described  in  this  paper does not  account  for all the 
empirical  data,  it does provide  a first step  in analyzing latency  phenomena  in  paired- 
associate learning. In  particular,  it is  reasonable to  conclude  from  the  results  for 
Session 2 that  a  model of this  type is capable of fitting  the  mean  latency  curve  and  to 
some  extent  accounting  for  the  shape of the  conditional latencies. In  order  to  evaluate 
the  extent  to  which  this  model  must  be modified, much  more  needs  to  be  known 
about  latency  phenomena of the  type  described  in  this  paper.  For  example,  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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