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'.Iwiil_femain_qondiﬁioned to that_quexving response. 'HOWEQGr; ifftﬁg _.'
dbéér?ing response selects a stimulus event #haf givés riséutb'an iqé ;”
'_'éérrect discriminatigq_response‘(i;e.;. Alcb. or A,0;) , then tbére
will be a decrement in the tendency to repeat_that Qbserving response
.on the_nexﬁ trial. ‘ o

| Given_the above identification of events we caﬁ‘now geﬁerate &
‘mathematical model for the experiment. _Io-éim§;ifﬁ ﬁhe”énalygis we Let
Nf_;.N = 1.; nam;ly, we assume that there is one élement_in eachHgf“our
stimulus sets_and cOnsequently the sipgle:e;eﬁent is sampled ﬁith proba-
bilityul whénever'the set is afailable. With_this réstriction we may
&escribe the conditioning stgté éf a subject, at the start of each tfial,

by.' an ordered four tuple < ijk£> where

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

single'elemeﬁt of 'SR iz conditicned to Ri or R2 5

(2) +the second member j is.ll or .2 and indicates whether the

single.element of Sl is conditioned to Al or AE H

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

element of Sb is conditioned to Al or A2 H

(4) - the fourth member. £ is 1 or 2. and indicates whether the

element of 82 ~is conditioned to Al .or AE

Thus,.if the subject is in state < ijkf > he will meke the Ri

observing response; then, to s s or s he will make discrimi-

1’ v 2?

respectively.

native response Aj’ Ak .or Ag’
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From our assumptions it followe that the sequence of random variables

that take the subject states < 1 jk £> as values is a 16 state Markov

chain. Figure 10 displays the possible transitions that can occur when

Insert Figure 10 about here

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

let us trace ocut the top branch. An R, is elicited with probability 1

1
and with probability ﬁﬂl a Tl trial with an Ci outcome occurs; %
further;, given an Rl response on. & T1 trial there ig probability O
that the Sl stimulus event occurs; the onset of the Sl event elicits

a correct response and hence no change occurs in the conditioning state
of any of the stimulus patterns. Now consider the next set of branches:

an Rl occurs and we have a Tlol trial; with probability 1-0 the

Sb stimulus is presented and an A2 occursy the ..A2 response is in-

correct (in that it is followed by an Ol

. bility ¢ the element of set Sb becomes conditioned to A, and

event)}, hence with proba-

1

with independent probability c¢' the element of set SR becones
conditioned to the alternative.observing response, namely R2 o

From this tree we obtéin probabllities corresponding to the <« 11220 >
row in the transition matrix. For example, the probability of going
from < 1122 > to < 2112 > is simply Bnl(l-a)ccf + (l— B)ﬂe(l-a)cc’ 3
that 1s, the sum over branches 2 and 15. An inspection of the transition
matrix ylelds some important results. For example, if @ =1, T, = 1,
and. Ty = C then states < 1112 > and < 1122 > are absorbing and
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Fig. 10. Branching process, starting in Sta£e<<1122>¥, for a single
trial in the two-process discrimination learning model.
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hence in the ;1m1t -Pr(R ‘)t:l s Pr(AlJanl’n) =1., and Pr(A2 [ ) 1.

As before; let u(n) denote the probability of being in state

k4
(n)

< ij'k;,8> on trial n:; when the limit exdists let u..,, = lim U‘ijkﬁ"

1jk2
Experimentally, we shall be interested in evaluating thé‘following

theofetical_predictions:

) . (n) (ﬁ) (n) (n)

Pr(Ry ) = upyqp *Wigp * 1121 T Y1122
Jm) L (m) (n) (n) . |
oyt Upin t Wipo oo (9%2)
on) (n) oin) (n)
Friag 1T n) = a3y +uip *ainy Uit

ol it -l + ol

e fg) vulgl v off) o éiég )

| P?(Al,nITE,n) iiil * £§gl * uéiil * uégil

.,f-a[uiﬁgl + uiggl * “é?%e * uéeizl

09 il ol ol o olgh o

Pr(Ry (M 4y ) = iiil o u§§%l (1= a)u(n)

L oru(n) )

T3 Mo 1951 ]

o (l' a) [y * oo 0 S (o)
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._Pr.(Rz,nn A g) = uéﬂ B @ u2212 * (l O‘)uggl -

309 (43 + ]

* - 30 -2, - uigh) (93¢)

1 ~response. The

second and third equations give the probability df an Al response on

 The first equation gives the probability of an R

_Tl and T2 trig;s, respectively.__Finally, the'last two equatibns_  
present the probability of the joint;occurrence of each observing

-response with an _A-

| response.

In the experiment reported by Atkinson (196la) six groups were run
with 40 subjects in each group. For all groups 7, = -9 and B = .5
‘The groups differed with respect to the value of @ . and ﬂe. For

Groups I~IIL, the value of & = 1; and for Groups IV-VI, & = .75. For

Groups 1 and IV, Ty = -9; for II and V, T, = .5; and for Groups III
and VI, T = .1. The design can be described by the following array:
T2
'9 '5 pl
Lo I I IT - IIT
o
15 v v VI

Given these values of = 52 @ and B our 16 state Markov

1"

) (n) |
chain is irreducible and aperiodic, $hgs? lim uijkﬂ ijkﬂ exists
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and can be cbtained by solving the appropriate set of 16 linear equations
(see Eq. 16). The values predicted by the model are given in Table 9

for the case where c = c'. Values for the uijkﬂ's were computed

Insert Table 9 about here

ﬁnd then combined by Eq. 93 fo predict the response probabilities. By
:ﬁrésenting.é single valﬁe for_éach theoretical.qﬁantitﬁ.in thé tabie we
imply'ﬁhat these predictions are.indeﬁendent of ¢ ahd et . TAdtuai}y
this is nbt_always £hé case. However, f&r_the.Scheduies.empioyed:in'
this expériment'the debendency of théSé'asymptotic predictions on ¢ and
:_é'_ is virtually négligiblé. For c_=-cf  raﬁging'dvér fhé3inﬁerval
rfrcm '.0001' to 1.0 tﬁe pfédictedjvéiueé givéﬁ iﬁ Tabié:9.aré éffected
in only the third-br fourth decimal placé;.it'is'for this reason fhﬁt )
.we_present theoretical values to only two decimal placeé.

In view of these comments i£ should be clear that the predictions
iﬁ Table.9 are_baSed'solely.on the experimental parameter values .
Consequently, differences between subjects (that may be represenfed by
intersubject variability in ¢ and c¢') do not substantially affect

these predictions.
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Tabie 9

- Predicted and Observed Asymptotic Response Probabilities

-in Qbserving Response Experiment

- Q@roup I - Group II_‘.. - Group  ITL ..
Pred. | obs.| b |pPrea. Obs. sp lpPrea. ovs.| sp
Pr(adT) | w90 | .94 | .onk} BLY .85} .16k .79 .79 1.158
Pr(a|Ty) | .90 jo.9h foak | 59| 61} .13k .21| .23 .82
~ Pr(R)) - | .50.) .b5 1279 .55 .59f .279 | 731 .70 .285
er(RyMA) | b5 kT | 29| | m 2% | 13| .16 | .161
Group IV Group V Group'VI:
Pred. Obs.. SD | Pred.| Obs. SD { Pred.] Cbs. SD
CoPe(alm) | .90} .93 | .063 ,8(5 g | | o3| a3 |8
) Pr.(AlIT'E) 90| .95 | .OLk 601 68t | 27 '.'2:5 '_.138 '
_lffr_(_Rl-) A9 | .s0 | a7 52 ] w53 L3055 ] 63 .72 | .265
CEr(R (VA | | b7 | 2| s | o8| 229 | | 36 |38
Pr(R, (&) | 46 | b7 | 247 | 3h] .36 2| 9| .13 |.168




A. and E. -2335-

In-the.Atkinsoﬁ'study 400 trials were run and the response propor-

tions appear fo havé reached & fairly stable leVel'oVer the last half
‘of the experiment. Consequently, the proportions computed over the
final block of 16Q trials were used as estimgtes of asymptotic quantities,
Table 9 presents the mean and standard aeviation of the.hb obserﬁed pfo-
.ﬁbftionshdbtained ﬁnder each éxperimental condition. As can be seen,
-the agreement between theoretical and observed guantities is fairly good.

| Déspite the fact that these gross asymptotié prediétions hold up
zquite Wéll,.it is. obvious that'soﬁe 6f‘the predictions from the model
will not be cénfirmed. The difficulty with the one-element assumption
is that the fundamental theory laid down by the'éxioms of Bec. 3 is
=éomp}.etely deterministic in many respects. For example; when N'' =1
ﬁe have | |

Pr(R

_ 1,n+llol,nAl,an}n) =1

namely4 if an 'Rl_ occurs on trial.'n 'dnd iS'reinforced (i.e., followed

by an A, 0. event) then R

197 Will'reoccur_with pfobébility 1 on trial

1
“n+l . This prediction, of coursé, is a'conéequgnbe of:the assumptiqn
thét we have.but On¢ elem¢nt in set SR_ whi¢h necessarily is sam@led

on every trial. If ﬁe assume more than one element, the détérministié
féatures of fhe_mpdel.nO'longer.hold aﬁd such Sequenfial statistics
becomé functions of ¢, e¢' , N and N' . Unfortunateiy, for-eléboréte

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

glement case leads to complicated mathematical processes for which it is
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extremely difficult to carry out computations. Thus, the generality
of the multi-element assumption may often be offset.by the difficulty
involved in making predictions.

Naturally it is usually preferable to choose from the availlable
models the one that best fits the data, but in the present state of
psychological knowledge no single‘mndel is clearly superior to all others
in every facet of analysis. The one-element assumption, despite some of
its erroneous features, may prove to be a valuable instrument for the
rapid explotation of a wide variety of complex phenomena. For most of
the cases we have examined, the predicted mean response probabilities
are usually independent/?ir,only slightly dependent on) the number of
- eiemenﬁs assumed. Thus the one-element assumption may be viewed as a
simple device for computing the grosser predictions of the general theory.

For exploratory weork in complex situations, then, we recommend using
the one-element model because of the greater difficulty of computations
for the multi-element models. In advocating this approach we are taking
8 methodological position with which some scientists do not agree. Ouf
position is in contrast to one which asserts that a model should be dis-
carded once it is clear that certain of its prediciions are in error.

We do not take it to be the principal goal (or efen, in many cases; an
important goal) of theory construction to provide models for particular
experimental situaticns. The assumptions of stimulus sampling theory
éfe intended to deseribe processes or reistionships that are common to a

wide variety of learning situations, but with no implication that behavior .
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in these situations is a function solely of the variables represented in
the theory. As we have attempted to illustrate by means of numerous
examples, formulation of a model within this framework for a particular
experiment is a matter of selecting the relevant assgmptidﬁs, or axioms,
of the éeneral theory and interpreting these in terms of the conditions
of the experiment. How much of the variance in a set of data can be
accounted for by a model debends jointl&:on the adequacy of the theoret-
ical assumptions and on the extent to which it has beén possible to
realize experimentally the boundary conditions envisaged in the theory
thereby minimizing ﬁhe effects of variablés not represented. In our
view, & model, in application to a given experiment, is not to be
classified as "correet” or "incorrect"; rather, the degree to which it
accounts for the data may pfovide evidence tending either to support or

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