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Abstract

TWO-DIMENSIONAL STIMULUS GENERALIZATION FOLLOWING
REDUNDANT DISCRIMINATION TRAINING

by
WEN-YEN CHEN
Adviser: Professor Eric G. Heinemann'

Five Ss trained to discriminate between two compound stiﬁuli
consisting of combinations of white noise and 1ight. The presentation
ratio of the two compound traiﬁing stimuli and their discriminability
were varied. Following discrimination training generalization test-
ing was conducted. It was found that the generalization surface had
the highest proportion of response associated with combination of the
weakest sound and weakest light, not with the positive training
stimulus. $S- traineéd under a condition of samll differences in sound
level showed gradients along the sound dimension which were almost
flat, indicating that the dimension of sound exerted very little con-
trol over responding. Similarly, small differences in 1ight inten-
sity during discrimination training produced little control by the
light dimension. vHowever, different presentation ratio failed to
produce effect during the generalization testing.

The measure of choice reaction time (CRT) showed that the median
CRT and response gradients are inversely related: high response pro-
bability is associated with short CRT; and vice versa.

The generalization gradients were analyzed in terms of a signal

recognition model.
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The term "stimulus generalization" refers to the empirical
phenomenon that an organism conditioned to a CS also responds, to a
lesser degree, to stimuli to which it has not been exposed. This
phenomenon was first demonstrated by Pavlov who also offered a theo-
retical account. The ensuing theoretical expositions (Hull, 1943;
"Lashley and Wade, 1946; Spence, 1956) and experimental clarification
(Jenkins and Harrison, 1960; Heinemann and Rudolph, 1963) greatly
increase the understanding of the phenomenon.

Currently, in describing generalization, "stimulus control" is
~ often used to refer to the empirical fgct that variation in some aspect
of stimulus properties brings about changes in behavior. The functional
relationship between stimuli and behavior is called stimulus generali-
zation gradient. The slope of the gradient is commonly used to indicate
the degree of stimulus control., The sharper the slope of the gradient
the greater the degree of stimulus control along the dimension.

Two-dimensional stimulus generalization

In many experimental situatioﬁ_stimu11‘that consist of several
dimensions have been employed. Thé problem of how stimulus generali-
zation takes place along more than one dimension is the subject of
present paper. Pavlov (1927) conditioned a dog to a compound stimulus
consisting of a 1ight and a tone and later tésted with each component of
the stimulus., He found that when light was presented alone during the
test, it failed to elicit a CR. Lashley (1938) also found that in a
form discrimination experiment, some of the rats responded to discrimin-
anda only on the basis of size; while others on the basis of brightness.
A study done by Reynolds (1961) using an operant conditioniﬂﬁwsituation

demonstrated that the two components of a complex S+ did not gain equal
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control over responding. In Reynolds' study the S+ was a white triangle
on red background and the S- was a white circle on a green background.
During the test, each component of the S+ and S- was presented alone,
and it was found that one pigeon responded exclusively to the white
triangle and the another responded only to thé red background. Several
recent investigators have found some control by both dimensions of a
compound stimulus, for example, Butter (1963) and Johnson (1970).

The finding that the components of a compound stimulus may exért
differing degree of control over responding has contributed to the
revival of interest in the concept of "attention". The term "attention"
has been used in many different senses. In discussions of animal dis-
crimination and generalization it is often used as a synonym for "sti-
mulus control" (Skinner, 1953) or of selective stimulus control (Terrace,
1966). Bui "attention" is sometimes also used to refer to a central
process which, in turn, is used to explain the phenomenon of selective
stimulus control (Mackintosh, 1956).

Undoubtedly there are many variables which affect the relative
degree of control by the components of a compound stimulus. One of
these variables is the specific differential training employed. A di-
mension subjected to specific differential training gains greater control
than one which is not. For example, Newman (reported in Baron, 1965)
showed that a pigeon trained to discriminate between a white vertical
1ine on a green dircular surround (S+) and a green circular surround
alone (S-) later showed a sharp gradient along the dimension of angula-
rity of the line. On the other hand, when the bird was trained to
discriminate between a white vertical 1ine on green circular surround

(S+) and a white vertical line on red circular surround (S-), an: -
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almost flat gradient was obtained along the angularity dimension.
Similar results were reported in Purtle and Newman's study (1969) which
employed the dimensions of angularity and texture. Purtle and Newman
found that college students who received training to discriminate be-
tween values on the angularjty dimension later showed a steeper gradient
along the dimension of angularity than those who were trained to dis-
criminate between compound stimuli.

The previous studies also suggest that the relative degree of con-
trol was affected by the temporal order of differential training with
stimuli from each dimension (e.g., Chase, 1968; Kamin, 1969). The di-
mensjon having prior differential training tends to obtain prominent
control and to block the development of stimulus control by a second
dimension which is then added.

A third variable known to affect the relative degree of control
is the relative discriminability between two training stimulus values
from each dimension. At least with pigeons it has been found that a
dimension having two stimulus values which are more discriminable will
gain more control than the other dimension (Chase and Heinemann, 1972).

Theoretical analysis of two-dimensional gradients has focused on
prediction of response strength to the compound stimuli from a knowledge
of response strength associated with the separate components or, upon
the combination rules, Three major models have been advanced on the basis
of different theoretical orientations. A detailed discussion of these
models and their properties can be found in Jones (1962), Butter (1963),
Shepard (1964) and Cross(1965). Briefly, the first model, called the

excitation model, is derived from the Paviov-Hull-Spence tradition of
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theory-in which generalization is conceived as a spread of excitation

from the training CS to other similar stimulif. The generalization surface,
according to this model, can be generated by rotating a uni-dimensional
gradient around its peak, resulting in a surface of conical shape and
circular isosimilarity contour. The rule of combination is multiplica-
tive.

The second model, called the discrimination model, was advocated
by Lashley and Wade (1946) and later by Guttman (1956). This model
states that the generalization decrement for any two-dimensional stimu-
lus is the sum of the decrement to each stimulus changing in one di-
mension alone. The isosimilarity contour of this model is of diamond
shape and the combination rule is additive.

The third model is often referred to as the better criterion model,
It is derived basically from Lashley's "principle of dominance organiza-
tion" (Lashley, 1942), It asserts that stimulus control is selective.

If one dimension gains control over responding the other dimension be-
comes ineffective. The generalization surface is a pyramid and produces
square isosimilarity contours.

Numerous studies have been directed toward the evaluation of these
three models (e.g., Jones, 1962; Butter, 1963; Shepard, 1964; Johnson,
1970).

This conventional approach to selecting combination rules may be
worth pursuing, but it does not provide an analytic understanding of
how the organism combines stimulus properties. In addition, the com-
bination rule is usually found to be situation-dependent and very much

influenced by the attention of the Ss (Shepard, 1964). It seems desirable
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to derive combination rules from a model of the underlying processes.

The signal recognition mode] of stimulus generalization

The development of detecéésn fheory in psychophysics has led to
another approach to the problem of discrimination and generalization.
The detection model has been used quite successfully in accounting for
data obtained with a two-alternative choice method (Boneau arid Cole,
1967 ; Heinemann, Avin, Sullivan and Chase, 1969; Chase and Heinemann,
1972).

A. The single dimension case: The Basic detection problem in psycho-

physics is to decide, on the basis of the events occurring in a fixed
interval of time, whether the interval éontains only background noise
or signal plus noise. Within the structure of statistical decision
theory, detection theory asserts that repeated presentation of a con-
stant stimulus does not result in a constant sensory effect, but in a
distribution of effects. In“the detection situation there are only two
possible stimulus presentations -- noise and signal plus noise. Let
f(x | N) denote the distribution density generated by noise alone and let
f(x ISN) be the distribution density generated by signal plus noise,
where x might be regarded as the sensory effect of the stimulus. It is
assumed that the observer is capable of computing the likelihood ratio
L(x) = f(x |SN) / f(x| N). For mathematical simplicity, it is further
assumed that a monotonic transformation y of L(x) exists such that the
density function f(y |N)'and f(y| SN) are normal. The observer places
a fixed cut-off point or criterion Xc along the dimension x. On each
trial an observation x; is made and compared to the criterion X.. if
X; £ Xc, observer will respond 'No' and when x; > X., respond 'Yes',
Usually, the variances 0,',,z and @5 of the two distributions are

assumed to be equal: 0y = Gy =0* , If the mean of the noise

(S
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distribution is set equal to zero and if the mean of signal plus noise
distribution is d , the "normalized" displacement of the distribution
of signal plus noise, d' = d/o , 15 customarily used as an index of
the "sensitivity" of the sensory system, and is presumed to be indepen-
dent of non-sensory factors. On the other hand, the placement of the
criterion Xc is determined by such non-sensory variables as response
contingent‘payoffs and the a_priori probability of the signal.

Given the assumed density function f(x| N), f(x | SN) and criterion
Xc. the probability of a "hit" p(Yes| SN) = .;4:;(x | SN) dx ; and the
probability of a "false alarm" p(Yes| N) = _l;f(x| N)dx. These two
probabilities are typically plotted against each other to form an ROC,
or isosensitivity curve.

The detection model has been extended to account for discrimination
and generalization in the pigeon (Heinemann, et al., 1969). Although
the detection model does not provide any specific account on the acqui-
sition process of discrimination learning, it does predict the asymp-
totic response probabilities to all stimuli along the dimension.

If XJ is a stimulus on the same dimension as two training stimuli
Xy and X2 (X1‘< X,), the probabi]ity of a response A] given Xj is equal
to dlkf(xl X,) dx. If p(A]| X ) is plotted against Xj, a distribution
function will be obtained. It is clear from the integral that when Xj
—— 50 » P(Aql Xj)-—* 1.0 and when X; — - &0, p(Ay XJ) — 0
(Luce, 1963), If the parameters, f.e., mean and variances of the assumed
underlying normal distribution can be recovéred independently and the
stimuli can be properly located, discrimination and generalization can

be described by the placement of the criterion X.,
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One of the obvious predicted consequences of the model is that the
shape of the gradient is that of a normal ogive, not the conventional
peaked gradients. Heinemann, et al.(1969), Pierrel and Sherrman (1960)
and others (LaBerge, 1961; Cross and Lane, 1962; Pickett, 1967; Weinstock,
Robbins and Chen, 1972) have obtained data supporting this prediction of
the model.

B. The two-dimensional redundant case: The detection model can be

readily extended to account for the generalization surface following

training on a two-dimensional redundant discrimination: e.g., dim-light

and soft-sound versus bright-l1ight and loud-sound. The two dimensions,

light and sound, are redundant in the sense that the stimulus from either

dimension is sufficient to predict which choice will lead to reinforcement.
Consider the three-dimensional space shown in Figure 1. Let the

random variables x and y represent the sensory effect of stimulation

by light and sound respectively, and assume that the sensory effects

of 1ight and sound are orthogonal. Let the third dimension p (not labelled

in the figure) represent distribution density of the random va%iables'g

and y which, for mathematical simplicity: are assumed to be normally dis-

tributed. Let X,, X2, cen X7 repiésent seven different light intensities

from dim to bright; Yy, Y,, ... Y7 represent seven sound intensities,

from soft to loud. If the mean and variance of the distribution of X;

is A4 and oj; respectively, and of Y Myand U;f » the joint density

function is

FXyYg) =01/ (2w 0 )] exp [ (X - atg 12157 +0G = ptg 3/

Let the compound stimuli (X3. Y3) and (Xs, Y5) serve as discrimina-
tive stimuli, indicated in Figure 1 as two bell-shaped volumes. The S



- (8) -

Figure 1. Three-dimensional representation of signal
recognition model of two-dimensional discrimination

and generalization.



Figure L, 'meéadimenéipnal'réprésentafion of signal recognition

model of maméng:@halrdisqimination and generalization.
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is trained to respond R when compound stimulus (X3. Y3) is presented and
L when (Xg, Y5) is presented. The task that the S faces is to find a
decision function which will partition the x y plane in such a wayithat
his decision will achieve a decision goal assumed to be maximalizing
the expected values. |

It can be shown (Green and Swets, 1966) that the optimal decision

rule is one that is based upon a likelihood ratio 2\ where
XN . exp~ 3 [(Xi~ /o + CG-ttud/Ed g
2P~ [CKi - MgV oR* + (- Mye /)

Assume that the distribution of xs have the common variance oK~

and ys have the common variance 0’-}’ . If the stimulus presentation

ratio of (X3, Y3) to (X5, Yg) is equal to 1.0, the optimal decision

function will be a contour along which A = 1,0, For X=1,0

the solution of (1) can be shown to be a 1inear function of the form
y=mx+b eeo (2)

where the slope is m = -[( Mxs = pxs ) o7 VI My, = sy, Vo> ] and the

intercept b = [ 0 ( Ak, - e, )/2 657 ( Ay - iy )] + ( Ay, - My, ) /2.

If the presentation ratio of (X3, Y3) to (Xg, Y5) is 1:3, the
slope of the decision 1ine will remain the same but intercept will

move upward by a factor of  loge 3 [ o77/( Ay - Aty,)] that is,
ba[ O™ Aoy - Mig)/ 2 G My, = aryy )] +L( Lty = ptyg )/ 2] + [ Togg 307 /(M= )]

On the other hand, if the presentation ratio is 3:1, the intercept of

the decision line will be moved downward by the same factor, i.e.,

b= Loyl - s, )/ 2 G (M= sy M (it - syy)/ 2] -[logg 3w/ (py - ap)].

It is obvious that this decision function is determined by the
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distance between Xg and X3; be%xgen Y5
jbe
q;‘ , a1l of which remained to estimated.

and Y43 and variances G; and

Given this decision function, for any bivariate normal distribution
on the decision plane with mean equal to (rA{: , /1¢ ), the response

probability to the left of decision 1ine p(R) is given by

00 \rcynx'i’b 2
p(R) -j f [ 1/(2m6m)] exp -5 [( X =g )/ + (¥ -M¢f/@‘] dx dy dy

-00 ~00

which can be shown to be equal to

o 2
PR) = 1/2 + (12 &) [ j exp - 5 ( X ~wix)/gz* - erf(mx + b -8 JFedx]
00
00
The solution of A -jexp - ;% (X -,tl; )z/osz’ » erf(mx + b -/l:)/fﬁr{« dx
=00

is very difficult. However digital computer program can provide an
approximation to. A with any desired percentage error. A method developed
by S. Weinstock makes it possible to obtain the response probability for
any stimulus combination (Xi, Yj) by rotating.fhe coordinate system so
that one axis becomes superimposed on the decision line after normalization
of the distribution. The response probability of any combination
(Xi, Yj) then, can be directly read from the available unit normal table
(for details of the procedure see Sppendixi)).

The nature of the theoretical gradients genérated by the model,
either in the single or the two-dimensional case not only depends upon
the placement of the decision criterion but upon the location of each
stimulus also. How the physical intensity of the environment stimulus
is transduced into psychological magnitude is the traditional problem
of scaling. The mounting evidence collected by Stevens suggests that
... apparent, or subjective, magnitude grows as a power function of
stimulus intensity " (Stevens, 1961, p.2), in opposition to Fechner's

logarithmic law. Stevens' power function can be stated as follows:
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P=kep"
where Y 1is the psychological magnitude and @ the physical intensity.
The exponent n depends upon the stimulus continuum and k 1s a con-
stant depending on one's choice of units, Both the traditional loga-
rithmic transformation and Stevens' power function will be employed in
placing the stimuli in connection with the theoretical analysis in latter
section,

The signal recognition model of choice reaction time

Several choice reaction time models have been proposed in the frame-
work of statistical decision theory. The earliest attempt made by Stone
(1960) was an application of the classical theory of sequential sampling
and optimal stopping developed by Wald (1947). The model states that upon
the onset of a stimulus, a stream of information about the signal flows
into the decision making mechanism of the S. The time taken for infor-
mation to réach the decision mechanism, called input time T4, is assumed
to be independent of the signal and decision time T4. The information
which is arriving is regarded as a random variable X sampled by the S
at short time intervals at. Consider a simple two-stimulus (Xy and Xp),
two-alternative (Ry and Ré) discrimination situation and let p(x| X;) and
p(x | Xz) be the values of the random variable X when the stimuli presented
are Xy and X, respectively. The model assumes that at each discrete
moment, S samples one pofht ahd computég a quantity C(Xj), based on in-
coming information, and stores it in én adder. The S will continue to
sample until C(xj) exceeds a preselected constant log B or falls below
log A (A < B), and makes the appropriate response. According to Wald's
sequential probability test, it can be shown that the quantity C(Xj)
which is based on 1ikelihood of log p[(x | Xo)/p(x | X7)] is optimal in the
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sense that the sample size needed to make the proper decision is minimal.
Suppose the S takes n samples to reach the decision, the total response
latency T will be equal to Ty + n-at + T , where T, indicates the time
to execute the response, which is assumed to be independent of Ty and

the stimulus.

Stone also shows (1960, Appendix 1) that if one is willing to assume
a symmetric distribution 6f p(x le)/p(x IXZ) and p(x IXZ)/p(x | X3), then
the distribution of sample size n's and therefore T,'s leading to a
detision for Xy is the same on correct and incorrect decision. In other
words, if Ni; is the sample size for a decision in?favor of Xy when X
is presented, under the afromentioned restriction, Nyy = Ny2, i.e.,

L (Ry | X)) = L(Ry | Xp) and Npy = Npp, i.e., LR | X2) = L(Rp | Xq).
The prediction is testable in a simple detection situation.

A second model proposed by Stone assumes that S adopts a less
efficient strategy, namely, that he uses a fixed sample size n for
all trials choosing a value n which will give a certain accepted error
rate. One of the consequencés of the fixed sample size model is that,
since T4's are constant within the experimental settings, all variations
in Jatencies must be attributed to either T; or T.

Some other latency models (e.q., Edwards, 1965; Audley and Mercer,
1968; Thomas, 19703 Smith, 1968; LaBerge, 1962 Audley and Pike, 1968)
will be discussed in a later section in relation to the findings of the
present experiment.

The purpose of the study

The purpose of the present research is to examine the empirical

generalization surface obtained after two-dimensional redundant dis-
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crimination training by manipulating: (a) the presentation ratio of two
compound training stimuli (X3, Y3 vs X5, ¥g)5 (b) the discriminability
between two values of the training stimuli along each dimension, i.e.,
~ the discriminability between X3 and Xg and between Y3 and Yg, Compari-
sons will be made between empirical and theoretical gradients generated
by the signal recognition model. The merit of employing human Ss is that
it makes an independent estimation of parameters and scaling of stimuli
along each dimension possible.

The latency gradient of stimulus generalization and its relation
to the response probability gradient will also be examined. Most studies
in the area of psychophysics and stimulus generalization have used mea--
sures of the relative frequencies of response as the dependent variable,
and relatively few studies have concentrated on the measure of choice o
times. Anvahalysis of choice times, in addition to the measure of re-
sponse frequencies, might yield valuable information about the nature

of decision process.
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Method

Subjects: The Ss were five college students who were paid for their

service, The Ss had no known defects in vision and hearing and were
randomly assigned to one of five experimental conditions.

Apparatus: The apparatus consisted of a response panel and associated
equipment for automatic presentation of stimuli and automatic recording
of responses and latencies. On the response panel, there were three
buttons: one located at the lower center, marked as the Center Key; and

two response keys located at the upper right and left, equidistantsfrom

'the lower Center Key, marked as R and L. At the upper center, there was

a red indicator l1ight which signaled the beginning of a trial. Directly
above each response button, there was a green reinforcement 1ight which
could be Tighted for/geconds after S pressed a response button. After
response, the 1ight located above the key which was correct for that
trial was lighted, regardless of which key was pressed by the S.

A trial started with the onset of the red indicator 1ight. Press-
ing the center button shut off the red indicator 1ight and simultaneous-
ly started the presentation of both visual and auditory stimuli for 600
msec. The duration of the stimuli was controlled by a Hunter Interval
Timer. After the stimuli were presented S responded either R or L, and
the appropriate reinforcement 1ight followed immediately. The termina-
tion of the reinforcement 1ight concluded a trial. After a five seconds
intertrial interval, the next trial began.

The auditory stimuli were bursts df white noise generated by a Grason-
Stadler noise generator, Model 901B. A series of potentiometers was used

to produce seven different intensity levels of white noise ranging from
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-1.0 dB to 2,0 dB re 86.6 dB SPL.

Before each session of the experiment the noise intensity levels
were measured with a Hewlett Packard 427A Voltmeter. The white noise
was delivered to S through a set of earphones (Permoflux, PDR 8).

The visual stimuli were circiilar patches of 1ight, 4 in. in dia-¢
meter that were projected on a white wall, Wratten neutral density
fi]térs were used to vary the luminances of these circular patches over
a range of -0.26 log ft.1. to 0.37 log ft. 1., as measured by a Spectra
Prichard Photometer. The stimuli described were surrounded by a circular
black area 12 in, in diameter. This area, in turn, was surrounded by
an evenly illuminated rectangular area 18 x 20 sq.in. The luminance
of the "black" circular area was -1.03 log ft.1. and the luminance of
the background was -0.58 log ft.1.

Responses and their latencies were recorded. The response latency
was defined as the time between the onset of the stimulus and the occu-
rrence of a response, as measured by a Hewlett Packard 5223L Electronic
Counter with 1 msec. accuracy.

Seven levels of light intensity designated as Xy, Xo, X3 ... X9
(x1 < Xo < Xq ...<X7) and seven levels of noise intensity designated
as Yy, Y2’ Yis oo Y7 (Y1< Yo £ Y3 .o+ &Y7) vere used in the experiment,
constituting of a total of 7 x 7 = 49 combinations of 1ight and sound
that couid be presented.

A11 equipment except the response panel was housed outside the
experimental cubicle and a remote air conditioner was running throughout
the experiment, providing a faint masking noise.

Discrimination f?aining: The S was seated in front of the response panel
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and was given following instructions:
" On the panel in front of you, there are three buttons marked 'L’
and 'R' and 'Center Key'. Each trial of this experiment will be-
gin when the light marked 'Signal' goes on. When you are ready,
push the 'Center Key', this will shut off the signal light and a
circular patch of 1ight will be presented on the black circle on
the wall, At the same time you will hear a burst of noise through
the earphones. Each combination of 1ight and noise you are to
judge whether it is 'R' or 'L' and press the appropriate button.
If you are right, a light will go on over the button you push, if
you are wrong, the light over the other button will go on, In the
beginning you have no way of knowing which combination of 1ight
and noise is 'R' or 'L' and you will have to guess. Try to respond
correctly and rapidly throughout experiment.

On each trial, before you push the 'Center Key' keep your eyes
focused on the 1l1luminated part of the rectangle on the wall. When
you push the 'Center Key', then, shift your focus to the black
circle. Any question ?"

The discrimination training conditions for five Ss are shown in
Table 1. The entries R and L indicated the response that were reinforced
in the presence of the combination (Xi, Yj) of sound and light. The
presentation percentage of a particular combination of stimuli is in-
dicated in the parentheses beneath each response entry in Table 1. It
should be noted in Table 1 that, for S AK, the two values along the 1light
dimension were easily discriminable; while for S OP, they were difficult
to discriminate.

After five min. of dark adaptation, the trial started with the on-
set of the red 1ight. Each trial consisted of a simultaneous presenta-
tion of light and sound for 600 msec. The order of presentation of the
stimulus combination was randomly determined in a block of 80 trials.
After 80 trials, the stimuli were presented again in reverse order.

Each session lasted from 20 to 30 min, Discrimination training con-
tinued until the performance reached asymptote, judged by inspecting

the daily learning curves. The number of trials to reach the asymptote
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Discrimination Training Conditions.

St JZ
Yo: Y : Y,
3.0 3 0.25 4 1.0
=5 R R
-0,02 | (50 %) (25 %)
b ¢
> L
0.05 (75 %)
[ S: EW
Y,: Ya: Y,
3 0.25 30.0 hl.o
0.03 | (75 %) -0.02 (50 %)
XS: X5: y
L
0,05 (25 %) 0.37 (50 %)
S: OP
Y. : Y-
370.0 2°1.0
Xa:
3 R
Xh: L
0.03 (50 %)
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* rangéd from 1200 to 1600.

Generalization testing: After the performances reached an asymptotic

level, discrimination training continued for three hore sessions. Then,
generalization testing was started by inserting testing stimuli consist-
ing of all possible combinations of sound and 1ight intensity (a total
of 47 not including training stimuli) among the training stimuli. The

S was instructed that the experiment would proceed in the usual way
except that on many trials thé reinforcement 1ight would not be given.
However, on trials on which the training stimuli were presented feed-
back information was still provided. Within a block of 80 trials, 32
were training and 48 were testing trails, Testing stimuli were randomly
mixed with training stimuli with the restriction that within a block of
80 trials each test stimulus was always presented exactly once. Over
the course of all the generalization testing sessions, a total of 65
observation were obtained for each combination,

Unidimensional generalization gradients: In order to obtain gradients

for the 1ight and sound dimensions individually, the above discrimination
and generalization procedure were repeated except that stimuli from one
dimension were presented. This part of the experiment was conducted after
the first part of experiment was concluded. -

Magnitude estimation of thé stimuli: The last stage of the experiment

was to ask S to estimate directly the psychological magnitude of each
stimulus of a dimension, using the magnitude estimation method developed
by Stevens (1957). Again, the procedure was administered with respect
to a single dimension only, The stimuli used were those employed in
generalization testing. The S was given the following standard magnitude

estimation instruction:
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" 1 am going to give you a series of lights (sounds) with different
intensities presented one at a time with a duration of 2 seconds.
Your task is to tell me how bright (loud) they look (sound) by assign-
ing a number to each of them. The first 1ight (sound) you see (hear)
will be called the standard and be given the number 10. In other
words, if the standard is called 10 what would you call each of the
rest of stimuli. Use whatever number seems to you appropriate --
fraction, decimal, or whole number. For example, if you feel the
second stimulus is 7 times as bright (loud) as the standard, say

70. If it looks (sound) one fifth as bright (loud), say 2; if one
twentieth say 0.5, etc.

Try to make the ratio between the number you assign to the
different stimuli correspond to the ratio between the brightnesses
(Toudnesses) of the lights(sounds). In other words, try to make
the number proportional to the brightness (loudness) as you see
(hear) it.

The red light in front of you serves as a ready signal. When
you are ready, press the "Center Key" the red 1ight will go off and
stimulus will be on for 2 seconds."

The standard stimuli were X4 and Y4. Each stimulus was estimated

20 times in a randomly assigned order,
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Results

Discrimination: The performance during the training and the testing

phase is depicted in Figure 2. Each graph shows the proportion of
- -response R as a function of blocks of 160 or 320 trials for an in-
dividual S. Each point on the upper curve in each graph represents
the estimate of p(R |X3,Y3) and the lower curve represents the es-
timate of p(R |X5,Y5). In a perfect discrimination, p(R IX3,Y3)
will reach 1.0 and p(R |x5Y5) will be 0, It is clear from the
graph that all five Ss discriminated between the two training
stimuli,

On the basis of each pair of conditional probabilities, a
value of d' was computed. The results in d' during the training
and testing phases are displayed in Figure 3 for each S. The value
of d' in psychophysics is a measure of sensory sensitivity and is
assumed to be independent of non-sensory variables. The greater
d' the greater is the sensitivity of the sensory system. It can
be seen from Figure 3 that the values of d' for all Ss except AK
fluctuate between 0 and 3. S AK, starting from the last block of
training, shows an almost perfect discrimination throughout the rest
of the experimental sessions.

It can also be seen from the figure that the introduction of
testing stimuli alters the discriminative performance, although
little consistent pattern was found among Ss. The d's computed
from the training data (excluding the first block) and the testing
data are presented in Table 2.

Generalization: The results of generalization testing for each S
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Figure 2. Discriminative performance during training
and testing measured in terms of the proportion of

p(R | X3, Y3) and p(R | Xg,Y5) as a function of trial
blocks. Each graph displays the performance of an
individual S. The upper curve in each graph represents
the estimate of p(R | X3,Y3) and lower curve represents

the estimate of p(R | Xg,Y5)
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Figure 3. Discriminative performance during training
and testing measured in terms of d', as a function of
trial blocks. Each graph in the figure represents

the performance of an individual S.
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Table 2. The average d's during training (excluding

the first block) and generalization testing.

Subject Training Testing
Jz 2.16 N
AG 0.67 1.38
RW 1.54 2.21
AK 0.71 o

op 2.63 1.89
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are shown in Figure 4, The graphs in Figure 4 are the three-dimen-
sional representations of a generalization surface, showing how the
response proportion of the R response, p(R), varies with the inten-
sities of both sound and 1ight, where p(R) for each testing stimulus
is based on 65 observations. The total number of observations on
training stimuli varies among Ss. For Ss JZ, AK and OP, each training
stimulus was presented 1082 times. For S AG, stimulus (Xs,Y,) was
presented three times as often as (X3,Y3), that is, (X5,Y4) was
presented 1668 times and (X3,Y3) 561 times. On the other hand,
for S RW, the presentation frequencies were 561 and 1668, respec-
tively, for the stimuli (X5,Y4) and (X3,Y3).

It can be seen from the figure that the generalization surfaces
for the first three Ss generally display similar characteristics
-- as the intensity levels of either sound or light increase p(R)
decreases. The highest value of p(R) is associated with the combin-
ation of the weakest sound and weakest light, not with the positive
training stimulus, while the Towest is associated with the combin-
ation of the strongest sound and the strongest 1ight. Inspection
of these three graphs suggests that the slopes of the gradients
along the sound dimension are different from those along the light
dimension. The generalization surfaces of the last two Ss display
a slightly different form. S AK, it may be recalled, was trained
under the condition of ‘smaller sound difference' while S OP was
under 'smaller 1ight difference'. The fesu]ts were that S AK who
was subjected to 'sma1ier sound difference' discrimination training
showed gradients along the sound dimension that are almost flat,

indicating that the dimension of sound exerted very little control
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Figure 4, Generalization surfaces. The horizontal
axes indicate the various intensities of 1ight and
sound. The vertical axis indicates the proportion
of response R, Each graph represents an individual

_S_'.
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over responding. On the other hand, 'smaller light difference' dis-
crimination training produced 1ittle control over responding by the
light dimension.

In order to assess the relative degree of control exercised by
the sound and 1ight dimensions the slopes of the gradients for given
sound or light intensity levels based on logarithmic scales were
calculated by the method of probit analysis (Finney, 1964): Each
p(R) was first transformed into a probit by the table given by Bliss
(1935), excluding those probability values greater than 0.95 and
less than 0.05. Theﬁ for a given sound or light intensity, a linear
probit regression line was fitted by the least squares method against
seven light or sound intensity levels in logarithmic units. The
obtained slope of the regression line was used as an approximation
to the slope of the gradient. These estimated values of slope are
summarized in Table 3. |

It is clear from Table 3 that the average slope of the gradiehts
along the light dimension was steeper than that along the sound di-
mension for Ss JZ, AG, and RW, indicating that the 1ight dimension
gained more control than the sound dimension at least on logarithmic
scale. However, it is still not conclusive unless the proper scales
for both dimensions are known or their respective intensities matched
experimentally. For S AK, who was trained under the condition 6f
‘smaller sound difference', the average slope of the gradients along
the sound dimension was almost zero, while very steep slopes were
obtained for gradients along the 1ight dimension. The results of

S AK suggest that responding was exclusively under the control of
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Table 3, The estimated slope (probit/log) of gradient with respect

to response R for given intensity of sound and light.

S

JZ

Given Light
Intensity -0.26
Level(log ft.1.)

-0.17

-0.02

0.03

0.05

0.23

-0,37

Mean

Slope of Sound
Gradient -0.75

-0.73

-0.60

-0.68

=0.77

-0.69

-0.87

-0.73

Given Sound
Intensity -1.0
Level(dB)

-0.5

0.5

1.0

1.5

2.0

Mean

Slope of Light
Gradient -1.25

-2.14

<2.11

-1.64

-0.83

-1.94

-0.85

-1.54

s

AG

Given Light
Intensity -0.26
Level(log ft.1.)

-0.17

-0,02

0.03

0.05

0.23

0.37

Mean

Slope of Sound
Gradient -0.81

-0.95

-0.91

"fl) . 00

-0.69

-0.87

=0.75

-0.85

Given Sound
Intensity -1.0
Level(dB)

-0.5

0.25

0.5

1.0

1.5

2.0

Mean

Slope of Light
Gradient -1.23

-2.66

'3.59

-3.03

-3.11

-2.69

-1.12

-2.49

S

RW

Given Light
Intensity -0.26
Level(log ft.1.)

-0.17

-0.02

0.03

0.05

0.23

0.37

Mean

Slope of Sound
Gradient -1.20

-1.00

-1.88

-1.39

-1.01

-0187

-0.95

-1.18

Given Sound
Intensit -1.0
Leve1(dB{

-0.5

0.25

0.5

1.0

1.5

2.0

Mean

Slope of Light
Gradient -7.14

-4.26

-2.16

-1.90

-1.45

-1.50

0.0

=2,77
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Table 3. The estimated slope (probit/log) of gradient with respect

to response R for given intensity of sound and light (continued).

s AK

Given Light

Intensity -0.51 -0.,17 -0,02 0.05 0.37 0,57 0.97 Mean
Level(log ft.1.)

Slope of Sound

Gradient 0 0 0 0.07 O 0 0 0
Given Sound

Intensity -1.50 -0.50 O 0.50 1.00 2.00 3.00 Mean
Level(dB

SlTope of Light

Gradient -3.86 -11.00 -5.07 -15.7 -36.00 -16,80 -51.10 -19,93

s op

Given Light

Intensity -0.51 -0.26 -0.02 0,03 0.05 0.23 0.57 Mean
Level(log ft.1.)

Slope of Sound

Gradient -1,13 -1,16 -1,63 -1.88 -1,57 - 2,06 -1.47 -1.76
Given Sound

Intensit -1.50 -0.50 0 1.0 1.50 2.0 3.0 Mean
Level(dB

Slope of Light
Gradient 0.05 -0.70 -0.34 -0.96 -0.34 -1.11 -0.43
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the 1ight dimension, On the other hand, S OP who was trained under
the condition of ‘smaller light difference' revealed the opposite
trend, i.e., responding was mainly controlled by the sound dimension.

Choice reaction time (CRT): For eagh stimulus, the frequency dis-

tribution of CRT, 1ike most response times, has a *high taii'. A
typical frequency distribution of CRTs for the stimulus (Xg,Ys),
S JZ, is shown in Figure 5. Median CRT associated with response
R, L and with both responses combined were computed and are presented
in Figure 6 for each of the five Ss (see also Appendix 2). The
changes in p(R) are also shown in the same figure., In the left panel
of each figure, gradients are’ETatted with sound intensity as the
variable for each value of 1ight intensity, while in the right panel,
the same data are plotted with 1ight intensity varying. Incomplete
CRT gradients on these graphs indicate that the number of observations
for these stimuli was too small (N'Q 5) to compute reliable median
CRTs.

Inspection of these CRT gradients suggests that, for response
R, the CRT increases with stimulus intensity, and for response L
the trend is in the opposite direction. However, for Ss OP and AK,
CRT gradients along those dimensions which do not exert any control
over responding are almost flat. It is also interesting to note
that the combined CRT gradients of Ss JZ, AG and RW have their peaks
gradually shifted to the left as the intensity of either ;ound or
light increased. For SsAK and OP whose.respondinﬁ was mostly con-
trolled by a single dimension, the peaks were located approximately

in the middle of the stimulus continua, and unaffected by variation
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Figure 5, The frequency distribution of CRT for the
stimulus (Xg, Yg), S JZ. The distribution for response
R is shown on the top panel and for response L in the
middlie and the combined frequency distribution on the
bottom. The distribution was depicted to illustrate
the 'high tail' characteristics of the distribution.
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Figure 6. The gradients of median choice reaction time
at different intensity levels of 1ight and sound for all
Ss. The graphs on the left and right panels are based
on same data. The curve in the figure show the gradiens
assocfated with responses R, L and both combined. The
gradients of response probability T (dash 1ine) are also

reproduced here.
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of stimulus intensity.

For comparison purposes, response gradients of R afe also re-
produced in Figure 6, in dashed 1ine. It can be seen that the me-
dian CRT and responsé gradient are inversely related: high response
probability is associated with short CRT and vice versa.

This inverse relationship is mbre clearly shoﬁn by plotting the
median CRT to each stimulus against its response probability. Such
probability-CRT function for all Ss are presented in Figure 7, The
solid 1ines in the figure were obtained by fitting second order pdly-
nomials to the data using the least squares method. It can be seen
in Figure 7 that the slopes of all the probability-CRT function are
negative, and that the functions closely approximate 1inear ones.
The values of curvilinear correlation for five Ss are as follows:

S JZ: -0.550; S AG: -0.7163 S RW: -0.732; S AK: =0.763; S OP: -0.631,

Theoretical analysis

A. Prediction of the two-dimensional gradients from the unidimenéional

ones:
It was shown previously that the decision contour partitioning

the (x,y) plane is a linear function with slope equal to

£( AXs = Ay, )0"»;' 1/7L( MY, - My, )0}; ]

and intercept equal to .
0§=Fx&%-”‘bg) b SM - M)y log K - Sy
Z(E (MY,' /“Ys) 2 (’uYS"'/aY‘)

where K is the presentation ratio of the training stimuli (X3,Y3) to

(xs OYS) .
The equation of the decision function when K=1 can be simplified

by letting the origin of the coordinate system of decision axes fall

on and bisect the 1ine connecting the two means of the bivariate



- (49) -

Figure 7. Probability-median CRT function. Each point
on the figure represents a median CRT and response
probability of R value for a stimulus. The solid lines

are the fitted polynomials of the second order.
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distributions for the training stimuli, It can be shown that the

Aye - ﬂr,_)
' 2

(see Appendix 3). The decision function can be rewritten as

origin of the new coordinate system falls &t ( 'u"i;_ Axs

(”X; - Mxs p) O'Yz ;
Y'=| - X ees (3
[ Catyy — atyg> & ] (3)

where X' and Y' indicate the decision variables in the new co-
ordinate system, Using /& and-dy as the units of measurement,
equation (3) can be further simplified to

Y'f = - [ d;/d&-] X!

?
/’le-;/‘lx-a ! d = /‘tYf—/‘lYJ
ox ©Y oy

where d, =
and X'', Y'' represent the transformed decisfon variables in
standard normal units. When K % 1, it can be shown that the decision
function becomes |

Yot e - [dy'/ dy' ] Xt + (log K/dy‘) eos (4)
From equation (4), it can be seen that the slbtpe of the decision
line depends upon the values of d'y and d'y which, in turn, are
function of Ox and Oy , respectively, for a fixed set of train-
ing stimuli. In addition, the slope of the decision 1ine also de-
pends upon how stimuli are scaled. Since the exact relationship
between the stimulus and the decision variable is not known, the
following is based on estimates of oz and 9 derived from normal
ogive that were fitted to the data obtained in the unidimensional
experiment. The stimuli were spaced either according to 10gar1thm1c
or power function,

A. 1. Deriving theoretical decision 1ines on the basis of a logarithmic

scale
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Sound intensities were expressed in units of dB and light in-
tensities in log ft.1. The procedure used to estimate ox and Oy
is that described by Finney (1964), which has been discussed in the
previous section. . A: probit regression line was fitted to data and
the reciprocal value of the stpe of the functioniwas taken as the
maximum 1ikelihood estimate of the standard deviation of the under-
lying distribution. The estimated values of Ox and Oy are summa-
rized in Table 4 (for unidimensional gradients, see Appendix 4).

To derive the theoretical decision line, these estimates of

Ox and Oy and the 'distance' between training stimuli of light

and the 'distance' between training stimuli of sound were substituted
into equation (4)., The distance was simply defined as the difference
between two distribution means,

The theoretical decision 1ines generated for each S together
with the obtained 50% respons€ points are shown in Figure 8. The
solid Tines in the figure represent theoretical decision lines
derived from the model. Since there is no unique solution for
calculating empirical 50% response points (Finﬁey, 1964), they were
represented by two straight lines: The dashed line (L'11ne) repre-
sents the fitted 50% response points (open circles) which were
obtained along the 1ight dimension with sound intensity as para-
meters while the broken line (S |ine) was ihe fitted 50% response
points (filled points) along the sound dimension with 1ight inten-
sity as parameters. The 'best' line, probably falls somewhere be-
tween these two lines,

In the case of Ss AG and RW who were trained with unequal pre-

sentation ratio, the solid 1ines with non-zero intercept represent
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Teble 4, Maximum likelihood estimation of Oy and gy on
logarithmic scale,

Ss Jz AG Rw AX OP

Estimated 0.0949 0,1577 0.1861 0,0809 0,0448
0;‘ .

Estimated 0.,6986 1,1276 0,6181 0,602 0,7045
oy
Y

Teble 5, Maximum likelihood estimstion of (& and ot( on

V' power function scale,

Ss JZ AG RW AK oP

Estimated 0.2052 0,9342 0.4035 0.3861 0.0436
0x

Estimated 0.0909 0,201k 0,1116 0.3780 0.2159
Ov
Y
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Figure 8, Theoretical decision 1ine (solid 1ine) and
the fitted empirical 50% response points based on a
logarithmic scale. The broken line is the one fitted

to the 50% response points (filled points) which were
obtained along the sound dimension at various fixed light
intensity levels. The dashed 1ine represents the 50%
response points (open circles) along the 1ight dimension
at the various sound intensity levels. The 1ight di-
mension is fepresented by the X-axis while the_sound di-
mension is represented by the Y-axis. Becasue of the
limitations of space, several data points were excluded

from the graph.
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the theoretical 1ines. A comparison of the obtained 50% response
points with the theoretical lines for unequal presentation ratio,
shows clear discrepancies. However, the theoretical lines for equal
presentation ratios are quite close to the bbtained 50% points,
suggesting that during generalization testing Ss AG and RW shifted
their decision lines to the contour having K = 1, |

A series of comparisons between the theoretical (K = 1) and
the S-1ine and between the theoretical (K = 1) and the L-line was
performed:by asking the question whether each‘pair of lines was
actually one line or indeed two separate lines. The hypothesis
that the slope of the straight line fitted to the difference is zero
was tested with a t test procedure sugoested by Acton (1959).
The results are shown in Table 6. The insignificant t value
suggests that the pair of lines is actually one line.

The results reveal that, except for S RW, the theoretical line
is statistically indistinguishable from one of the obtained sets
of 50% response points. Thus the decision 1ines based on information
from single dimensions provide a reasonably good approximation to
actual data; particularly in view of the fact that there are no free
parameters involved in generating the theoretical 1ines. However, the
procedure used to estimate the parameters o and ¢y directly from
the unidimensional gradients involves some of the difficulties which
will bé discussed later,

A. 2. Generating theoretical gradients based on logarithmic scales

Once the theoretical 1ine is computed, the conditional response
probability, p(R |X1:Vj)» given any compound stimulus with means
equal to ( My; /“r,') can be obtained directly from the table of

normal distribution by a procedure described pfeviously{(page 11 ).
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Teble 6., Testing for "one line or two line" based on logarithmic scale,

S: JZ t af S: AG t af S: RW t art

T, vs L [U4.56 5 To V8 L | 5.08 5] T, vs L[ 8B4 L

T, V8sS | 2,41 5 | T vs 8| 0.67% 51 T, vs S 3.19 5

S: AK t ar oP % ar

jta
e

T, va L 1,04%% 5 T. vs L] 2.,12% 5

vs 8 - - Ty, vs 81 19.59 5

represents theoretical line when K = 1.
*%~  not significant at 5 % level.

Table 7. Testing for "one line or two lines" based on power function scale,

8: Jz -t 4f §: AG t af S: RW t ar

To vs L | 0.327% 5 | T, vs L | 0.0 5 [ "I v8-L [ 9.75 3
. X%

T, v S| 884 5 T, v8 S| 192 5| Tovs 8| 3.76 5

T, vs L | 1.63** 5 | T ve L| 2,11%* 5

To V8 S - - T vs S| 8.35 5
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The conditional response probability, p(R xi,vj), 1s.ehual

to the area under standard normal distribution from - tor,

where r is equal to
(Mvj-m,ux; )/ J'l-*mz
Figure 9 shows the S-shaped theoretical gradients (solid line) and

the obtained response probability values (circle points) for each
S. To avoid awkwardness, p(leXi,Yj) instead of p(R| Xi,YJ) was
plotted against 1ight intensity level in standard normal units.
Each graph in the figure represents a gradient along the light di-
mension at a given level of sound intensity. Note that, for Ss
AG and RW, K was assignéd the value of 1 in computing the theoretteal
gradients. The numerical values of the theoretical and obtained
conditional response probability L are tabulated in Appendix 5.
Inspection of these graphs indicates that the results of S AG
are fitted best by the gradients. As a rough measure of agreement
between the theoretical and the obtained gradients, the fomula

1-2(y-x)2%/xy?

Was used as an index of the fraction of the total variance accounted
for, where x and y denoté the deviation of the theoretical and obtained
values from their respective means., Table 8 shows the reshlts of
these computations. It can be seen that the theoretical gradients

fit the obtained data reasonably well for all Ss except Ss JZ and OP.

A. 3. Deriving theoretical decision lines on the basis of a power

function scale

The results of the magnitude estimation experiment were used
to obtain the exponent n in Y = k¢". The logarithms of the

mean estimates were plotted against the logarithms of the stimulus
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Figure 9. The theoretical (solid 1ine) and the obtained
gradients (open circle) on lqgarithmic scales, Each
column represents the gradients plotted along the light
dimension in standard deviation units at various fixed

intensity level of sound for each S.
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Table 8, Percentage of total variance of the obtained response

probabilities removed by the theoretical probaebilities on logari-

thmic scale.

88 JZ AG RW AK oP
% Variance i o ™
Removed 67 90 87 9l 64

Table 9. Percentage of total variance of the obtained response
probabilities removed by the theoretical probabilities on power

function scale,

Ss JZ AG RW AK oP

9 Variance
Removed 37 82 86 81 5l
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values and a straight 1ine was fitted to the points. The slope of
this Tine was then taken as the estimate of n (see Appendix 6). A1l
stimuli were rescaled by taking ¢ " .

Rfter transformation of both stimulus scales, the entire pro-
cedure described in A.1. was repeated to obtain estimates of Ox
and Oy and, subsequently, the theoretical decision lines. Table 5
presents the estimated values of & and oy , and Figure 10 dis-
plays the theoretdical Tines along with fitted empirical 50% response
lines. The difference between corresponding theoretical and empirical
points was taken and the hypothesis that the slope of the line fitted
to the differences is equal to zero was tested. The results of this
test are similar to those found in_A.1. (see Table 7). The results
also indicate that the theoretical l1ine assuming K = 1 fits much better
to the obtained 50% response points lines based on the assumption that
K = 1. The theoretical 1ines were found to depart insignificantly from
one of two sets of obtained 50% points, except for S RW.

A.4. Generating theoretical gradients based on power function scales

Using the same method described in A.2., the theoretical gradients
for all Ss were computed (Appendix 7). They are shown in Figure 11,
To assess the ‘goodness of fit', the percentage of variance removed
by the theoretical gradients was computed and 1és?gw¥able 9. The
results indicate that the theoretical gradients generated on the power
function scales deviate more from the obtained data than those generated
on logarithmic scale.

B. Signal recognition theory as a descriptive model

In the following analysis the parameters were not estimated

from each of the unidimensional gradients. Instead, they were regarded
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Figure 10, Theoretical decision 1ine (solid 1ine) and
the fitted empirical 50% response points based on the
power funétion scale. The broken line is the one fitted
to the 50% response points (filled points) which were
obtained along the sound dimension at various fixed
1ight intensity levels. The dashed 1ine represents the
50% response points (open circles) along the 1ight di-
mension at the various sound intensity levels. The light
dimension is represented by X-axis while the sound di-
mension'is represented by Y-axis. Both axes are 15
standard deviation units. Because of the limitations of

space, several points were excluded from the graph.
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Figure 11, The theoretical (solid 1ine) and the obtained
gradients (open circle) on power function scale. Each
column represents the gradients plotted along light di-
mension in standard deviation units at various fixed

intensity level of sound for each S.
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as free parameters and recovered directly from the two-dimensional
gradients by the method of the least sum of weighted squares (Chasé
and Heinemann, 1972). The method for fitting employed an iterative
procedure implemented by a computer program which searched for Ox

and Oy such that they yielded theoretical gradients having the least
sum of weighted squared deviations from the obtained gradients. Only
the traditional logarithmic transformation was used to scale the sti-
muli, Figure 12 shows the fitted gradients. (solid lines) which are
plotted along the 1ight dimension at various fixed levels of sound
intensity. The percentage of variance removed by fitting ranged from
80 to 94 (Table 10). The fitting does not seem to improve greatly by
applying attention correction procedure (Chase and Heinemann, 1972).
For comparison purposes, the recovered vélues of Ox and 9 are shown
in Table 11 together with the values of 0x and Sy estimated from the
unidimensional gradients. It can be seen that the values of O and Oy
recovered from fitting were slightly greater on the average than those

estimated from the unidimensional gradients,
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Figure 12, Fitted theoretical gradients. The solid
1ines indicate the fitted gradients while filled points
indicate the actual data points.
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Teble 10, Percentage of total variance of the obtained response

probabilities removed by fitting theoretical gradients.

Ss Jz AG RW AK oP

% of Variance
Removed 93 92 80 ol 9k

Teble 11, The values of ¥y and 0"7 recovered from curve fitting,
and @y and 0"', estimated from the unidimensionel gradients .

based on logarithmic scale,

Ss JZ AG ° ' RW AK oP

Recovered

Values 0,1394 0,0400 0.1861 0.1000 0,0714
0; Estimated ,

Values 0.0949 0,1577 0.1861 0,089 0,0448

Recovered

Values 1.,0000 1,4398 1,0000 1,0000 0.6309
G; Estimated

Values 0.6986 1.1276 0.6181 0.6402 0.70L45
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Discussion

Although they are minor interest, the results of discriminative
tfaining clearly indicate the success of discrimination training
between two compound stimuli. They also indicate that d' changes
during the testing phase, but the direction of the change was not
consistent among Ss. While Ss AG, AK and RW showéd a con:.inuing
increase in d' throughout the testing phase, Ss JZ and OP showed
ijnitial decrement in d' when testing stimuli were introduced. The
effect of introducing testing stimuli on discriminative performance
has been reported by others. For example, Heinemann et al.(1969)
using pigeons as Ss showed that the discriminative performance
deteriorated after testing stimuli were introduced. LaBerge
(1961), on the other hand, reported in an experiment done with
college students that testing stimuli had little effect on dis-
criminative performance.

It is not clear at this point what variables underlie these
discrepancies. However, in the framework of the detection model,
the changes in d' that occurred during the testing phase may be
interpreted in terms of an increase or decrease in the variability
of the criterion placement. It can be shown that anﬁincrease}ih
criterion variability results in reduction of d' and vice versa
(Tanner, 1964).

The generalization gradients obtained have an S-shaped form
that differs from the traditional peaked one. These S-shaped
gradients are qualitatively in agreement with what the detection
model predicts -- the normal ogive. The S-shaped form of these gra-

dients is of considerable theoretical significance. A number of
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proposals have been made regarding the variables that may be respon-
sible for generating these two types of gradients, peaked and S-
shaped ones, Heinemann et al, (1969) pointed out that the experimental
method may be important. Usually, the peaked qradients have been ob-
~ tained in experiments using the one-key free operant method, while
S-shaped gradients have been obtained by the choice method. However,
a further study conducted by Hednemann gt{gl; (1970) showed that
S-shaped gradients'may also be obtained'with:the one-key free‘operant
method, at least when the stimulus continuumjis the intensity of white
noise, | | |

Cross and Lane (1962) offered another explanation which emphasized
the characteristics of the stimulus. They asserted that the stimuli
which generate peaked gradients are those(whieh are "metathetic" rather
than "prothetic". Prothetic sensory continua on which discrimination
is characteristically mediated by an additive process at the physidjo-
gical level, may be those which produce: S -shaped gradients, Metathetic
continua, on which discrimination is mediated hy a substitutive process,
will not produce S-shaped gradients. This: assertion. however, was not
supported by LaBerge's findings. LaBerge S study, in which an obvious
metathetic stimulus continuum -- position of a smail light -- was em-
pioyed yieided an S-shaped gradient. |

Another explanation which also emphasizes the stimuius character-
istics has been proposed by Chase and Heinemann (1972). They pointed
out that stimulus continua which are circuiar in nature tend to gen-
erate peaked gradients. Angularity of a -line is a typical example of
such a continuum.

The present author tends to think of‘these two types of gradients
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as representations of two stages of a hieracﬁical sensory process:

The S-shaped gradient represents the resdlts.of a classification
process among sensory inputs and the peaked gradient represents an ab-
solute identification of the stimulus, If this is the case, it is
argued that, after continuing and intensive training, the S-shaped gr-
dients will ultimately result in peaked ones as the process shifts
from classification to identification, if the experimental procedure
‘so demands,

An attempt was made to generate theoretical two-dimensional
gradients from the empirical unidimensional ones. The success in
predicting the two-dimensional gradients from the unidimensional
gradients depends upon several factors. One of these factors is
the accuracy of the estimates of 0x and Oy . This accuracy may
be affected by the criterion variability in the unidimensional and
two-dimensional situations. It has been pointed out that criterion
variability is equivalent to an increase of distribution variability.
Thus, the variance estimated from the unidimensional gradients may
.actua11y consist of two components, one component representing the
‘true’ distﬁibution variability and the other criterion variability.

A method of extracting the component of distribution variability

has not been developed, and the rule according to which the criterion
variability in the unidimensional situation combined to produce
criterion variability in the two-dimensional situation, unfortunately,
is not known. The obscurity of the relationships among all these
components undoubtedly affects the accuracy of the estimation.

Another factor which also determines the success of predictions

from unidimensional gradients is the degree of attention that the
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S reveals in the unidimensional and two-dimensional situations.

By "degree of attention" to a dimension is meant the relative number
of trials on which the S uses the informatifon from that dimension

in making his choice.

Besides the afromentioned problem of estimation, stimulus
spacing or scaling adds anothef major difficulty in using the other-
wise mathematically simple model of signal recognition. To find
a proper transformat1on‘1aw to scale stimuli is still an unsolved
problem in psychophysics. However, if the detectibn model is used
as a strictly descriptive one and parameters are estimated freely
from the data, it is reasonable to assert that the model is a quite
successful one, |

According to the previous analysis, the decision line is the
major factor in determining the form of generalization surface.

The relative degree of control exercised by each dimension also
depends upon the placement of the decision line. One of the factors
which has been found to affect the location of the decision 1ine is
the discriminability between two values of training stimuli along
each dimension. Infinite discriminability between two values of
training stimuli from one dimension will result inﬁplécing the
decision 1ine perpendicular to that dimension; so that the other
dimension has virtually no control over behavior. This is clearly
shown in the results of Ss OP and AK, While the effect of the re-
lative discriminability of stimuli from the two dimensions on the
slope of the decision 1ine is as predicted by the model, at least
qualitatively, the presentation ratio of two compound training
stimuli, which should determine the location of the decision line,

failed to produce the expected effect during testing phase. The
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failure of the presentation ratio to affect behavior during the
testing phase (but not during the training phase; see Figure 2)
may be due to the arrangement of the testing situation, in which
the stimuli were symmetrically spaced in a 7 x 7 array. The sSymm-
etrical spacing of testing stimuli may change the criterion to a
location where K = 1,

Latency-probability function

One of the major findings in this experiment was that the
probability of a given response was negatively correlated with its
median latency. As response probability increases the median res-
ponse latency decreases. These results are contrary to the latency
data of pigeon reported by Heinemann et: al. (1969). Their results
showed that mean latency was independent of response probability.
However, results reported by other investigators who employed human
subjects seem in accord with the present results. An early study
done by LaBerge (1961) showed that median latency was negatively
correlated with response probability for a given response type.

The response and’1atency gradients were found to cross each other,

In a similar situation, using pure tones as digcriminative
stimuli, Cross and Lane (1962) obtained similar results. That is,
latencies of the stochastically dominant response were consistently
shorter than the latencies of the non-dominant response.

Audley and Mercer (1968) also reported data supporting these
findings. Employing a two-choice, blue-green discrimination situa-
tion the response probability of blue was manipulated by varying
the difficulty of the discrimination. Response-latency function were

shown to be negatively accelerated with the shortest latencies asso-
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ciated with the highest probabilities.

Similar findings were also reported by Pickett (1967) Wollen
(1963), Pierrel and Murray (1966), and Sekuler (1965, 1966). The
present findings show that this inverse relationship also holds
in a two-dimensional situation situation,

The relatfonship between latency and probabilities in the uni-
dimensional and two-dimensional situation dovnot support the latency
model of Stone (1960) according to which latencies of correct and
incorrect decision are the same. However, Stone's model hdg not
been refuted conclusively because previous experiments, including
the present one, do not meet the optimal stopping assumption of
Stone's model in which S is presumed to adopt a strategy of minimi-
zing the sample size. The model implies that the S will avoid un-
nessary costly extra samples andd make responses as fast as possible.
None of the studies described forced the S to adopt this strategy,
or provided any penalty for responding slowly. The present experiment,
which 1imits the duration of the stimulus presentation, may lead
the S to respond quickly, but the reinforcement was contingent
only on the accuracy of the response, not on the speed.

Stone's model is somewhat incomplete. It does not consdder
the a_priori probability of the signal nor does it consider the
payoffs. Also, the model does not specify the hypothetical dis-
tribution of 1ikelihood ratio or their relationship to the stimulus
features. A Bsysian version of Stone's model has been presented by
Edwards (1965). Also, Laming's random walk model (1968) is actually
an extension of Stone's basic idea.

Recently, several latency models based on signal detection
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theofy have been proposed. They add one or more assumptions re-
garding the 'quality' or precision of the signal. Audley and Mercer
(1968) proposed a model which postulates that the quality of the
signal depends upon the signal strength and varies from trial to
trial. An excellent signal leads to a fast response, and often to

a correct decision, whereas a signal with poor quality needs a
lengthy examination and often leads to wrong decisions. The model
also implicitly postulates that the 'quality' of the signal 'is a
function of the distance between the location of observation and
criterion. To illustrate the basic idea of the model, consider

the discrimination situation shown in the following figure. Suppose
S was trained to respond Ry when S, is presented and R, when S, is
presented, and let Sy be a testing stimulus. For simplicity, assume
that all distributions are identical except for their means. Let
the variance be unity and the decision critefion be equal to the
mean of the distribution of Sy. Consider the distribution of S,

and let Md be a point along the x-axis such that p(x > Md) =

1/2:[ p( x 2 c)]. The latency t associated with Md is the median
latency of R, given stimulus SO' Now consider the distribution of
52. The horizontally hatched area in the figure indicates the
probability of R2 with latencies longer than t, since these R,
responses are based on poorer information than those requiring

time Md to process. The area to the right of Mdbindicates the propor-
tion of response having latencies shorter thén t. As the test
stimulus moves away to the right of ¢, the conditional response
probabi1ity of R, will increase and the proportion of RZ responses

whose latencies are longer than t will decrease. One of the
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prediction of this model is that the response probability and latencies

should be inversely related.

Thomas (1970) basically follows the same idea but with more
sophisticated mathematical elaborations. Thomas' model also derives
the sufficient coriditions for obtaining a latency-probability function
with negative slope. Similar modelé also have been proposed by Smith
(1968), LaBerge (1962), Audley and Pike (1968). No attempt has been
made to assess.these models or choose among them. However, the
latency data of the present experiment do seem to support the class
. of the models that predict an inverse relationship between response

Tatency and probability.
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Appendix 1. Method for computing the response probability of & type
for any stimulus combination xiYJ.

Given a decision line Y =mX + b , where

(Mxs - Mxs) Oy
(MY‘ - MYS) 0'*'3
2 O ( My, - Ay 2

-+
for any stimulus combination (xi, Y J) with mean ( /t(f, My ), the

m=-

response probability to the left side of the decision line is

‘fnmx'!'b 2 o
2+ | [ awam exp-t[(228) (Xpshydedr

Transform to the unit normal distribution:

&
Y-py o xXeb - My emadk - mak
Oy %
Let Y-/»‘;=y, X - = x then,
* &
I omx | b My ematl 5=£mm[&>—m+mﬂx]=m¢m
% = 0% g5 G o7
wherem' = % m, b' = b—ﬂ¢+m,¢1:
pon
¥
3="‘x+b
Consequently, p ] QKP (‘X‘-" 'H") dey 43

Figure A shows the geometrical relationship among m', b' and the °

0

distance , r, between the decision line y»=: m'x + D' and y = m'x,
mb / 14+ m'2 b

. [z3 y’

T2 | 6%

L Fig A Y
By rota.ting the decision 1line y = m'x + b' , the probability to Yg-

the left side of the detision line p ( y ¢ - r) can be read from

standard normal distribution table,
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é. Median response latencies in msec. of

combinations for § JZ.
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all stimulus

R 1200 12kl 1183 1350 1300 1333 1346
Y, L - 1500 1750 - 1675 1650 1450
C 122 12k 1350 1350 1375 1413 1375
R 1225 1312 1325 1290 1325 1356 1476
Y, L 1675 155 W75 1700 1550 1208 1350
C 1288 1365 1300 119 1330 1250 1375
R 1338 1350 1297 1300 1483 1600 1400
Y; L 1625 1450 1561 1475 1512 1391 1200
¢ 1300 492 1400 1350 1350 1590  1h13
R 1169 1500 1319 1525 1675 1812 1550
Yy, L 1385 1482 1550 1300 1281 1475 1300
¢ 1300 1492  1koo 1350 1350 1590 1413
R 1338 1325 1562 1550 1568 1750 -
¥5 L 1500 k2 1350 1265 1290 1325 1241
¢ 1h19 17 1400 1292 1286 1385 1267
R 12 1612 1319 1825 - - -
Y, C 1268 1350 1300 1333 1310 1219 1285
L 1257 1350 1300 1275 1291 1187 1270
R 1200 1200 1500 1737 - - -
Yy L 1250 1275 1253 1250 1308 1254 1150
C 1250 1275 1278 1292 1313 1254 1190
5{N 10
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2. Median response latencies in msec, of all stimulus

combinatlions for S AG.

X Xo X3 Xy, X5 Xg Xy

TR 1 | 1507 1541 1640 1570 1590 1775
I, L - - - - 1900 2000 1675
C 1446 1507 1547 1653 1600 1620 1700

R 1625 1612 1570 1580 1821 1700 1700
Y, L - 2350% - 2075 1716 2100 1931
C 1557 1650 1580 1622 1788 1750 1883

R 1480 1550 1755 1975 1800 1900 2106
Y; L 2300« 2233 1858 1800 1850 1700 1670
c 1517 1625 1775 1907 1875 1770 1800

R 1637 1594 1630 1875 1950 2075 1975
Y) L 2100 @.2025: ' 2250 1900 1725 1625 1662
c 1783 1663 1738 1875  17h1 1719 1775

R 1682 1575 1869 - 2018 2175 -
Ys L 2187 1950 1850 1528 1587 1619 1500
Cc 1688 1663 1869 1745 1651 1833 1569

R 1775 1700 1875 - 2050  1575% -
Yo L 245 1825 1910 1740 1745 1569 1562
C 2033 18k2 1900 1729 1750 1570 1575

R 1550 1675 1975 & 2k75% 2075 -

Y, L 1931 17ho 1808 1587 1679 1658 1531
C 19k2 1730 1850 1597 1700 1700 1571
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Appendix 2, Median response latencles in msec, of all stimulus
combinations for S RW.

X X, X, X), X5 X¢ X,
R 1115 1058 1105 1187 1164 1131 1256
Y, L - - - - . - 1450
¢ 1115 1058 1105 1187 1164 1131 1270

R 1116 1115 1089 12k2 1233 1118 1275

Y, L - - - - 1250% 1292 - 1356
¢ 1125 1115 1089 1170 1263 1118  1318.

R ..1179 1137 1151 1145 1300 1300 1325
Y3 L 1325 1358 1262 1350 1332 1325 1329
c 120k 1179 1152 1150 1318 1306 1327

R 1261 1231 1182 1237 1300 1275 1316
Y, L 1300 1450 1405 1290 1343 1375 1567
C 1298 1300 1236 1284 1343 1333 1378
R 1225 1283 1338 1168 1227 1250 1500
Y; L 1281 1286 135k  1kso 1347 1362 1317
C 1250 1280 1358 1288 1319 1225 1339

R 1200 1325 - - 1250 - -

Y¢ I 1331 141k 1283 1277 1283 1267 1250
C 1330 1410 1291 1279 1282 1249 1267

R 1208 - - - - - -
Y, L - 1269 1317 1237 1290 1228 1229
C 1208 1272 1317 1239 1285 1228 1229
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{&ppendix 2. Median response latencies in msec, of all stimulus
" combinations for S AK

Xy X, X3 X), X5 Xg Xy

R 13k4 1325 1325 1450 - - -

Y, L - - - 1800 1392 1358 1319
c 134k 1325 1325 1775 1383 1358 1319

R 1300 1275 1279 1550 - - -

Y, L - - - 1725 oo 1338 1340
¢ 1300 1275 1279 1671 1k06 1338 1340

R 1270 1280 1336 1406 - - -
Y3 L - - - 1700 1378 1358 1296
C 1270 1280 1336 152k 1378 1313 -

R 1235 1290 1288 1370 - - -

Y, I - - - 1925% 1367 1286 1283
C 1235 1290 1288 1425 1368 1286 1283

R 1268 1367 1365 1625 - - -
Y5 L - - - 1616 1394 1319 1321
C 1268 1367 1375 1620 1394 1319 1321

R 1313 1375 1500 1460 - - -

Y¢ L - - ~ 1500 1331 1319 1329
c 1311 1375 1592 1491 1331 1319 1329

R 1238 1336 1325 1520 - - -

Y7 L - - - 1600 1385 1221 1250
c 1238 1336 1325 1541 1390 1221 1251
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Appendix 2, Median response latencies in msec. of all stimulus

combinations for S OP

"W a v W o H ™ o H X o B 5" o B W

G

1090

1090
1050
1125

1071
1250
1100
1108
1275
1183
1100
1218
1211
1187*
121l

1209

1169
1169

060

1060
1075

1079
1118

1100
1118
1187
1325
1225

1217
1166
1225
1196
1196
1179

1179

1147

1147
1100

1106
1163
1450
1194
1256
1319
1285
1150
1133
1135

1128
1178

1175
1119

1100

1159
1097

1125
1179
1287
1200
1308
1265

1291

1275
1300

1275
1250

1145
1140

1121

1118
1100
1200
1100
1125
1287
1166
1225
1300
1281
1300
1236
1238

1160

1216

1143
1143

1100

1110

1075

12755

1100

1175

1200 -

1183
1350
1233
1275

1237
1okh

1170
114k

1079
1079

1085

1075
1141
1225
1150
1080
1300
1181
1125
1217

1200

1160

1150

1185

1172

1161

1159
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Appendix 3

Let decision contour be
2 2 2
Y = [_ (st-Mx.)Vj X + Oy (Hxy =~ Mxsy) + Ay - My vee (1)

v R T U Ry R

¢ MY,‘ - ME;
and let the straight line connecting points (,d,‘,, MY)’ (/4)(, , /a.,’) be
Y=aX+D then,

M= apig + b e (25 Mgmasie +D e (3)

Solve for g and b

a = MYS - MT) D = /&Y, - (/‘Ys -/(‘Y'> M‘)
i.e., i ~#x ( Mxg ~ thxgD
Y = M]x + [MY - ‘/“Yt'/u\’;)/‘x, ...(,-l-)
/‘x,- “ﬂ’(3 3 (Mx’, - /“‘,
Solve (1) and (k&)
X = /“xs‘fﬂ,(s , Y = ""Ys- My,
2 2

Let the origin of the coordinate be ( Mxs + Mx; , Ay + Mys) | then
2 2
- My, + = [ (Mxs— : ’ 2
Y = Y +(__'2"“|1)— [- ( s /“"’)Wt‘l(x_._ Me = Jhxs 4 O¢ (Mhis Mgy dhyes,
Hs - Mg o = gy 2

Simplify, Y' = - X! [ t/‘ﬂs")ux;) Q'i ', Y:-O =[ﬂa_.¢x’)] X-o0 \ru dl!
Mg - 12> Ox % g amm R s a

When presentation ratio is not equal to 1, the decision contour on

the new coordinate system changed by a constant log K/Wr

i.e., Y = -—d,"— X" o+ _'_ﬁ_K_ :
dy dy
Let Y=1Y' + Mv,;,ar! , X = X' + '“xcz-,ux.
Y = Y' + ¢ - - ( - z ’
_“"_'z_/ﬁ’ = [- (::"’ "“"L.L"’—z](x», A - My )4 O (fbs= sl )
. Ys ~ ﬂY;)U; 2, zo;(",“y,.-,ﬂr,,:
.'. MYS— ur! -+ (oska}l
C v [ (M 2 *
LY [- L dedey Ix's lgka A Ye-ptyy>
(M- Aty o3
5= /22 9 AYe = A
u Y ’ ;
Y = Y"'o -~ - d’x X”-b 'qk x":__ x'.o
Ty dy —r ! O .

dy
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Appendix 4. Unidimensional Gradients.

-1.0 -05 0 05 10 15 20 -025-017 -001 022 037

PCL)D

-1.25 =75 255 10 15 20-25 -.17 =01 22 37

-1.25 =75 25.5 10 15 20-25 =17 =01 22 .37

dB re 86.6 dBspL Log f¢t.l.
SOUND LIGHT
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Appendix 4. Unidimensional Gradients.

=15 =50.510 20 30 -.50 =17 37 .57 .97

PCL)D

-5 -50.510 20 30 ~.50 -.26 -.02 .22 .57
dB re 86.6 dB spL Log ft.l.
SOUND LIGHT
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Appendix;s. The numerical values of the theoretical and obtained
conditional response probability L based on logarithmic

scale,

S Jz X, Xo x3 Xy, xsf Xg Xﬁ
Theoretical
Yl Obtained :
P 0.89 0.86 0,80 0.8% 0.79 0.69 0,72
Theoretical _
P 0.99 0.98 0.93 0.88 0.86 0.59 0.33
Y2 Obtained
P 0.85 0.800.,81 0.73 0.64 0,51 0,48
Theoretical
P 0.98 o0.9% 0,79 0.71 0.68 0.34 0,14
Y3 Obtained
P - 0,71 0,73 0.68 0.52 0.48 0.,29 0,37
Theoretical
P 0.91 0,81 0,57 0.53 0.43 0.14 0,04
Yh Obtained
P 0.51 0.69 0,59 0.34 0,25 0.34 0,28
Theoretical _
o) 0.76 0.60 0,30 0.24 0,21 0,05 0,01
Y_ Obtained 4 .
Z D 0.k2 0,42 0.39 0.230 0,20 0.22 0,09
Theoretical '
D 0.52 0.35 0,13 0.09 0,07 0,01 0,00
Yé Obtained ‘
o) 0.29 0.1% 0,36 0,18 0,06 0,07 0.03
Theoretical
) 0.28 0.15 0,04 0.02 0,01 0,00 0,00
Obtained

P 0.6 o0.,21 0,18 0,18 0,10 0,02 0,01




- (97) -

Appendix § The numerical values of the theoretical and obtained
conditional response probability of L based on loga-

rithmic scale, '

S AG X; X x3 X), x5 xs _ x7
Theoretical
) 0.97 0.9 0,91 0.89 0,88 0,75 0.62
Yl Obtained
) 0.95 1,00 0,94 0.91 0.72 0.87 0.81
Theoretical
P 0,94 0,91 0,83 0.79 0.78 0.61 0,46
Y2 Obtained
P 0.98 0.91 0,94 0.82 0.58 0.72 0.56
Theoretical
p 0.84 0,78 0.64 0.59 0.57 0.37 0.2k
b4 Obtained -
3 P 0.90 0,82 0.86 0.58 0.51 0.32 0.28
Theoretical
) 0.79 0,71 0,56 0.51 0,49 0,30 0318
Y),, Obtained
) 0.80 0.73 0.77 0.48 0,53 0.,23 0,27
Theoretical
p 0,66 0,57 0,40 0.35 0.33 0.18 0.09
Y_ Obtained
7 D 0.58 0.57 0.36 0.10 0.15 0.25 0,0k
Theoretical ‘
) 0.50 0O.41 0.26 0.22 0,20 0.09 0.,0L
Yé Obtained
p 0.56 0.26 0,31 0,12 0,17 0.09 0,06
Theoretical

0.35 0.25 0.15 0.12 0,11 0,04 0,01

P
Y7 Obtained
P 0.30 0.17 0.19 0,08 0,07 0.07 0.15

R L R L AN
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Appendix 5., The numerical values of the theoretical and obtained

conditional response probability L based on logarithmic

scale,
S'RW L X X X X X X
Theoretical :
P 0.99 0.99 0.99 0.99 0,99 0,98 0.98
Y. Obtained
1 P 1,00 1,00 1.00 0.98 1.00 0.98 0.85
Theoretical )
! p 0.98 0,97 0.96 0.95 0.95 0,93 0,91
Y_ Obtained
2 P 0.9% 1,00 1.00 0.90 0.89 1.00 0.5k
Theoretical .
D 0.81 0,78 0.73 0.71 0,70 0,63 0,56
Y Obtained
3 P 0.75 0.78 0.80 0.93 0.38 0.45 0.37
Theoretical _
P 0.69 0.65 0.58 0,56 0,55 O,47 0.4l
'Yh Obtained
P 0.60 o.48 o0.60 0,18 0.31 0,27 0.21
Theoretical
P 0.38 0,34 0.28 0,26 0.25 0,19 0,15
Y5 Obtained
) 0.52 0.21 0,19 0,59 0.27 0,21 0.13
Theoretical
) 0.14% 0,11 0,08 0,07 0,07 0.05 0.03
Yé Obtained :
P 0.16 0,31 0,07 0,05 0,15 0,0t 0.08
Theoretical
) 0.03 0,02 0,01 0,01 0,01 0,00 0,00
Y# Obtained

P 0.02 0,02 0,00 0,07 0.05 0,00 0.00
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Appendtx,s., The numerical values of the theoretical and obtained
conditional response probsbility of I basedron

logarithmic scale.

S AK xl X x3 Xh x5 Xs x7
Theoretical
P .00 1,00 0,99 0,99 0,09 0,00 0,00
Yi Obtained
P 1.00 1,00 1,00 0,52 0,02 0,06 0,00
Theoretical
P 1.00 0,99 0,99 0,97 0.03 0,00 0,00 -
Y2 Obtained
P 1,00 1,00 1.00 0.85 0,02 0,00 0,00
Theoretical
P 1.00 0,99 0,99 0,95 0,02 0,00 0,00
Y. Obtained
3 P 1,00 1,00 1.00 0.68 0.00 0.02 0.00
Theoretical
P 1,00 0,99 0.98 0.92 0,01 0,00 0,00
Yh Obtained
P .00 1900 1,00 0.9 0,00 0.00 0,00
Theoretical 4
P 1.00 0,99 0,97 0.89 0,00 0,00 0,00
Y5 Obtained
P 0.98 1.00- 0,93 0.37 0,00 0,00 0,02
Theoretical
P 1,00 0,99 0.,94% 0.77 0.00 0,00 0,00
Yé Obtained , B
P 0.96 1,00 0.90 0.67 0,00 0.00 0,00
Theoretical
p 1.00 0,99 0.86 0.60 0,00 0,00 0.00
Y_ Obtained

P 0.98 0.98 1.00 0.84 0,00 0.00 0.00
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Appendix 5. The numerical values of the theoretical and obtained
conditional response probability of L based on log-

arithmic scale,

s op X, % X3 X X X X
Theoretical
o) 0.99 0,99 0,99 0,99 0.99 0,98 0,75
Yl Obtained
b 0.97 1,00 1,00 1,00 1,00 1,00 0,97
Theoretical
P 0.99 0.99 0,97 0,96 0.96 0,80 0.24
Y Obtaihed
2 D 0.85 0.97 .094 0,93 0.89 0.9 0,68
Theoretical v
D 0.99 0.99 0,9 0.86 0,84 0,56 0,08
23 Obtained
P 0.79 0.81 0.81 0.81 0.77 0.78 0.67
Theoretical
b 0.99 0,96 0,76 0,68 0,65 0,83 0.02
Yh Obtained
P 0.l9 o0.4k2 0.50 o.,k2 0.37 0.22 0,16
Theoretilcal
D 0.93 0.62 0,22 0,15 0,13 0,02 0,00
YS Obtained
ho) 0.15 0,10 0,19 0,10 0,16 0,06 0.03
Theoretical o
) 0.78 0.35 0.07 0.0k 0.03 0,00 0,00
Y6 Obtained . )
P 0.12 0.12 0,04 o,04 0,03 0.04 0,00
Theoretical

0.27 0,03 0,00 0,00 0,00 0,00 0,00

D
Y7 Obtained
D 0.08 0,00 0,03 0.03 0,00 0,00 0.03
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Appendix 6. The obtained n 1in magnitude estimation

experiment for sound and 1ight dimensions.

Ss Dimension n
Sound 0.0546
Jz
Light 1.0992
Sound 0.0776

CTght [ 1.3979"

‘ Sound 1 0.0656
RW |
LTght 05924
Sound 0.2170
AK ’
LTght T-I7TS
Sound 0.1039
0P

[ight | 0.4047

3 R RYI
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Appendix 7. The numerical values of the theoretical and obtained
conditional response probability of L based on power

function scale.

Theoretical
P 0.99 0.99 0.97 0.9% 0,93 0,43 0,01
Y Obtained
1 D 0.890 0.86 0.80 0.84% 0.79 0.69 0.72
Theoretical
D 0.97 0.9% 0,83 0.67 0,65 0,10 0,00
Y2 Obtalned
D 0.99 0.98 0.92 0.85 0,83 0,22 0,00
Theoretical
) 0.97 0.9% 0,83 0.67 0,65 0,10 0,00
Y3 Obtained
D 0.71L 0.73 0.68 0,52 0,48 0.29 0.37
Theoretical
) 0.91 0.8% 0,59 o.,k4t o,41 0,11 0.00
Yh Obtained
) 0.51 0,69 0,59 0,3% 0,25 0,34+ 0,28
Theoretical
P 0.75 0,64 0,34 0,21 0,19 0,00 0,00
Y5 Obtained
b 0.42 0,42 0,39 0.23 0,20 0.22 0,09
Theoretical —
D 0,49 0,36 0,13 0,06 0,05 0,00 0,00
Yé Obtained
o) 0.29 0,14 0.3 0,18 0,06 0.07 0.03
Theoretical
P 0.23 0.1 0,03 0.01 0,01 0.00 0.00
Y_  Obtained

T P 0.16 0.21 0,18 0.18 0.00 0.02 0.0l
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Appendix 7., The numerical values of the theoretical and obtained
conditional response probability of L based on power

function scale.

§ Ac X, X X3 X, X X X
Theoretical
P 0.93 0,93 0.91 0.91 0,90 0,86 0,79
Yl Obtained
P 0,95 1.00 0.9% 0.91 0.73 0.87 0.81
Theoretical
) 0.87 0.86 0.8: 0.83 0.83 0.76 0.66
Y2 Obtained
) 0,98 0,91 o0.,9% 0.82 0.58 0,72 0,56
Theoretical
p 0.69 0.68 0.64 0,63 0.63 0.53 O.h2
Y Obtained
3  p 0.90 0.82 0.8 0.58 0.51 0,32 0.28
Theoretical 0,60 0.59 0,55 0,54 0,53 O.44 0,33
P
Yh Obtained
o} 0.80 0,73 0.77 0.48 0,53 0,23 0,27
Theoretical '
P o.41 0,39 0,36 0.35 0.3% 0,26 0,17
Y5 Obtained
P 0.58 0.57 0.3 0.10 0.15 0,25 0.0h4
Theoretical
) 0,22 0.21 0,18 0.17 0,17 0,12 0,07
Y6 Obtained
P 0.56 0.25 0.31 0,12 0,17 0,09 0,06
Theoretical
D 0.08 0,08 0.07 0.06 0.06 0,03 0,02
Y., Obtained

7 D 0.30 0.17 0.19 0.08 0.07 0.07 0.15
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Appendix; 7. The numeriéél values of the theoretical and obtained
conditlonal response prdbability of L based on power

function scale,

S RW xl x2 Xé Xy, x5 xg Xﬁ
Theoretical
P o8 0,98 0,98 0,98 0.98 0.9¢ 0.96
Yi Obtained
ho) 1,00 1.,00:11,00 0,98 1,00 0,98 0.85
Theoretical
P 0,95 o.,94 0,93 0,93 0.93 0,9 0,88
Yé Obtalned
P 0,94 1.00 1,00 0.90 0089 1,00 0,54
Theoreticsal
’ P 0.75 0.74 0,71 0,70 0.69 0.63 0,57
Y, Obfaimed
ol 9.7 0.78 0.80 0,93 0.38 0,45 0,37
Theoretical
o) 0.63 0.6L 0.58 0.56 0,56 0,49 0,43
Y& Obtained
1) 0.60 0.48 0,60 0.18 0.31 0.27 0.21
Theoretical
"“"""E" 0030 0.33 0029 0028 0028 0023 00.18
Y5 Obtained
jo) 0.52 0.21 0.19 0.59 0.27 0.21 0.13
Theoretical
P 0.1 0,10 0,09 0,08 0.08 0,06 0,04
Yg Obtained
P 0.16 0.31 0,07 0.05 0.15 0.04 0,08
Theoretical
P 0.02 0,01 0,01 0,01 0,01 0,00 0,00
Y7 Obtained

P 0.02 0,02 0,00 0,07 0.05 0,00 0,00
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Appendix 7, The numerical values of the theoretical and obtained
conditional response probability of L based on power

function scale,

5 A 2 X X X X X X
Theoretical
) 0.99 0.99 0,99 0,99 0,08 0,00 0,00
Y, Obtained
P 1,00. 1,00 1,00 0,52 0,02 0,06 0.00
Theoretlcal :
]3 0099 0099 0099 0098 0005 0000 0.00
Y2 Obtalined
P i.00 1,00 1,00 0.85. 0,02 0,00 0,00
Theoretical
hs) 0.99 0.99 0,99 0,97 0,03 0,00 0,00
Y3 Obtained
P 1,00 1,00 1,00 0.68 0,00 0.02 0,00
Theoretical
P 0.99 0,99 0,98 0.95 0,01 0,00 0.00
Yh Obtained
o) 1,00 1,00 1,00 0,90 0.00 0,00 0,00
Theoretical
) 0.99 0,99 0,96 0,91 0,00 0,00 0.00
Y5 Obtained
ho) 0.98 1.00 0,93 0,37 0.00 0,00 0,02
Theoretical
P 0.99 o0.9% 0,8 o0.64 0,00 0,00 0,00
Yé Obtained
P 0,96 1,00 0,9 0,67 0,00 0,00 0,00
Theoretical
, P 0.81 o.,49 0,21 0.10 0,00 0,00 0.00
Y Obtained

7 D 0.98 0.98 1.00 0.84 0.00 0,00 0.00
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Appendix 7. The numerical values of the theoretical and obtained
conditional response probability of L based on power

function scale,

Theoretical
P 0.99 0,99 0.99 0,99 0,98 0.90 0.13
Yl Obtained
o) 0.97 1.00 1,00 1,00 1,00 1,00 0,97
Theoretical
P 0,99 0.99 0,96 0.93 0.92 0.67 0,02
Y2 Obtained
p 0.85 0,97 0.9 0.93 0.89 0,90 0,68
Theoretical
) 0.99 0,98 0,89 0.84 0,82 0,48 0,00
Y3 Obtained
P 0.79 0.81 0.,8. 0.81L 0,77 0.78 0.67
Theoretical
D 0,97 0.85 0.52 0.42 0.38 0,10 0.00
Yh Obtained
b 0.49 o.42 0.50 0.42 0.37 0.22 0,26
Theoretical
P 0.87 0.62 0.24 0.17 0,15 0,02 0,00
Y5 Obtained
P 0.15 0,10 0,19 0.10 0,16 0,06 0,03
Theoretical
P 0.63 0,31 0,06 0.04 0,03 0,00 0,00
Y6 Obtained
P 0.12 0,12 0,04 o,04 0,03 0,0k 0,00
Theoretical
P 0.05 0,00 0,00 0.00 0,00 0,00 0,00

Y, Obtained
7 P 0,08 0,00 0,03 0,03 0,00 0,00 0,03
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