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Abstract

It iswidely held that there is a distinction between attentive and
automatic cognitive processing. In research on attention using
visual searchtasks, the detection performanceof human subjects
in consistent mapping paradigms is generally regarded as indi-
cating a shift, with practice, from seria, attentional, controlled
processing to parallel, automatic processing, while detection
performance in varied mapping paradigms is taken to indicate
that processing remains under attentional control. This paper
proposesa priority learning mechanism to model the effects of
practice and the development of automaticity, in visual search
tasks. A connectionist simulation model implementsthis learn-
ing algorithm. Five prominent features of visual search practice
effectsaresimulated. Theseare: 1) in consistent mapping tasks,
practice reduces processing time, particularly the slope of reac-
tion times as a function of the number of comparisons; 2) in
varied mapping tasks, there is no change in the slope of the
reaction time function; 3) both the consistent and varied effects
can occur concurrently; 4) reversing the target and distractor
sets produces strong interference effects; and 5) the benefits of
practice are afunction of the degree of consistency.

I ntroduction

Human performance changes dramatically as practice devel-
ops, leading to improved performance and a decrease in de-
mands made on attentive resources. Many frameworks have
discussed this transition (see [Shiffrin & Schneider 1977]).
However, there is no generally accepted model of how per-
formance changes with practice. Moreover, athough theo-
retical frameworks have been proposed, they have generally
not provided a detailed computational account of hypothesized
processing.

In this paper, we present a computational model of practice
effects in visual search tasks (see discussion below), which
have played an important role in research on attentional pro-
cesses. Theterm attentionisgenerally used to indicate aspects
of human cognitive processing that the subject can control,
and that involve capacity or resource limitations. Attentional
processing is taken to be a slow, serial activity, with the focus
of attention limited to being one thing at a time. However,
with practice in consistent tasks, automatic processes develop
allowing parallel processing that isfaster and not as limited by
attentional resources'.

The distinction between controlled and automatic processes
has been the focus of much research in the field, particularly
in visual search tasks. In such tasks, stimuli are presented
visually to the subject, who is required to detect the presence
of members of a set of target stimuli (the memory set). Non-
target stimuli are termed distractors. In consistent mapping
paradigms, a target stimulus will never appear as a distractor
on any trial —for example, the subject has to search the display
for thememory set digits(e.g., thedigits{8452}) onall trids,
with the remaining digits appearing as distractors. In varied
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mapping paradigms, targets on one trial may be distractors on
another trial (e.g., the targets that the subject has to search for
on a particular trial have been selected in the experiment by
randomly sampling four of theten digits, with the non-sel ected
items being potential distractors; since a new sample is taken
every trial, individua digitschange roles as targets/distractors
over trials).

A reliable finding from varied mapping studies is
that reaction time increases roughly linearly with mem-
ory set size ([Kristofferson 1972a)). Consistent map-
ping studies have found that, with practice, search
becomes much faster and memory set size has less
impact on reaction times than in the varied map-
ping condition ([Neisser 1963, Neisser, Novick & Lazar 1963,
Kristofferson 1972b, Schneider & Shiffrin 1977]).

Thesefindingshaveled tothe hypothesisthat, in varied map-
ping, each item in the display is serially compared with items
in the memory set, with each comparison taking on the order
of 50 msec. In contrast, practice in the consistent mapping
condition leads to a switch from serial, attentional, to parallel,
automatic processing ([ Shiffrin 1988]).

Our focus in this paper is on priority learning, which we
propose as amechanism that model sthe effects of practice, and
the development of automaticity, in visual search tasks. We
review specific experimental resultsthat have been obtainedin
studies involving visual search tasks, and present simulations
indicating how priority learning can provide an account of the
observed practice and automaticity effects.

An architecture for attentional effectsin visual
search tasks

This section describes briefly the larger architecture for at-
tentional processing within which the priority learning model
is embedded. The modular architecture (Figure 1) combines
standard connectioni st components such as connectionist units
in amulti-layer organization (see [Rumelhart et al. 1986], for
example) with control elements that modulate the flow of
information between modules. The control involves a gat-
ing unit (Unit 1 in the figure) that provides a scalar mul-
tiplication of a module’s output vector. The gating unit
receives input from priority units within the module, and
from an external attentional control that coordinates activ-
ity between modules. This architecture parallels certain
aspects of neurophysiology, and is detailed elsewhere (see
[Schneider & Detweiler 1987,  Shedden & Schneider 1991,
Schneider & Oliver, forthcoming]).

Figure 1 illustratesthe overall model of avisual search task.
“Visual” modules V1 and V2 represent areas of cortical visual
processing, each corresponding to the small area of the visual
field in which one stimulus appears. Each module consists
of an input layer (Iabeled | in the figure) and an output layer
(labeled O). Theinput layer projects viaweighted connections
to the output layer, which projects to a module at the next
level of processing (Level 2). Each module also has a layer



Gupta & Schneider, Attention, Automaticity, and Priority Learning 2

——> Stimulusvector flow
Excitatory control flow 4{ Inhibitory control flow

TLEVEL 2

/]m‘\ Compar ator

Module V2
T

ModuleV1

\7ﬁ O
o

il Ao | D A
=

LEVEL 1
Input Input

I
[External Attentional Control |

Figurel1: Architecture of themodel. Stimuli from earlier stages
of visual processing enter theinput layers| of visual modulesV1 and
V2 and propagate forward to the output layers O (Level 1 of pro-
cessing). Theoutput layer vectorsare sequentially transmitted (under
external attentional control) to a comparator module (not shown),
where they are serialy compared with memory set items. Stimuli
in the input layers of V1 and V2 also evoke a priority level activa-
tion over the layer of priority units P, which also receive feedback
from the comparator module. The priority levels provide the basis
for a transition from serial transmission and comparison of stimuli
(attentive processing) to parallel, automatic processing (see text).

of priority units (labeled P), which receives input from the
modul€'s input layer.

Unit 1 within each module “gates’ the forward propagation
of activation from the output layer. When thisgatingisin ef-
fect, no vector transmissionfromthe outputlayer of themodule
takes place, although the activation of the output layer is un-
changed (e.g., as in the inhibition of the axon initial segment,
but not the soma, of aneuron —see [Douglas & Martin 1990]).
However, the external attentional control can (by exciting Unit
2, which inhibits Unit 1) inhibit Unit 1, which will release
Unit 1's gating effect and lead to onward transmission of the
vector in the output layer of that module. The attentional con-
trol thus provides for the sequential transmission of vectors
from the visual modules, which models the shifting of atten-
tion from one area of the visual field to another, i.e., from one
displayed stimulus to another, in the visual search task (see
[Detweiler & Schneider, forthcoming]).

When the output layer vector of each module propagates
forward in turn, it is compared serially with memory set items
ina*“comparator” module (not shownin Figure 1)2. If avisual
stimulus matches a memory set item, then the output vector
of that visual module also propagates forward to a “motor”
module at Level 2, initiating the motor sequence necessary to
produce the detection response.

This paper describes the priority learning aspects of the
model, whereby learning altersthe activity of the priority units

2This comparison can be performed by summing the transmitted vector
with each memory set item into alayer of connectionist units. The sum of the
squared activation of each unit in the receiving layer then providesa measure
of the correlation, or similarity between thetwo vectors. If activationis above
a criterion level, there is a match of the stimulus with a memory set item,
otherwise no match. See [Shedden & Schneider 1991] for details.

and allows automatic transmission of the output in the absence
of attentional control.

Priority learning

A sensory system that includes parallel input at early stages
with serial processing at later stages would benefit from
a filtering system that prioritizes inputs for limited se-
rial processing. Early visual input processing is parallel
([Ericksen & Spencer 1969]). Withapriority filtering scheme,
a serial processing system can processes stimuli in their or-
der of importance following the rating of stimuli based on a
parallel low level interpretation of stimuli ([Norman 1969]).
This alows the most important stimulus to be processed
first. Humans appear to have such a priority filtering scheme
(['Yantis & Johnson 1990Q]).

Our computational implementation of priority filtering isin
the form of a connectionist network that associatively maps
each input vector to a scalar priority. For example, in visual
search, each letter would evoke a uniqueinput vector of length
50 in a module (see Figure 1). Each input vector would asso-
ciatively evoke ascalar value specifying the priority (onascale
of 0through 10, represented by activation of the priority units)
for that input vector. Input vectors evoking a high priority
are transmitted to higher levels whereas low priority vectors
are gated off, blocking the transmission. Many modules in
the visual system can receive input simultaneously, with the
respective input vectors each evoking a priority level, in par-
alel. If only one module containsa high priority target, it will
"pop out" of the display ([Triesman 1988]). This occurs by
having the priority unitsinhibit the gating units, thus allowing
the output vector to be transmitted automatically to the next
level of processing®.

The priority units must be trained to associate input vec-
tors to the appropriate priority levels. This is accom-
plished in the current model via feedback from the com-
parator stage. We assume that processing at the compari-
son stage results in higher output for more important stimuli
([Schneider & Detweiler 1987]). A scalar transform of this
output signal is fed back to al modules at the earlier stage.
Thisbecomes thetarget level for the priority units of the trans-
mitting module. Shortly after a vector is transmitted out of a
module under External Attentional Control, the priority units
are re-trained to approximate the feedback signal via associa
tive learning.

The net result of priority learning is that if the stimulus
in a visual module turns out to be a target, then the priority
learning network is re-trained to evoke a higher priority than
wascurrently evoked; if thestimulusturnsout to beadistractor,
thenthe priority learning network isre-trained to evoke al ower
priority than was currently evoked.

The predicted effects of the learning of prioritiesare as fol-
lows. In a consistent mapping task over time, stimuli that
enter modules V1 and V2 and correspond to targets will evoke
increasingly high priorities in those modules, while stimuli

SFigure1 showstheexcitatory connectionsfrom thepriority unitsto Unit 2,
which inhibitsUnit 1. If the priority level evoked by astimulusis abovesome
threshold, Unit 2 caninhibit Unit 1 sufficiently torel easeits gating effect onthe
output layer, resulting in an “automatic” transmission from the visual module
to the motor module. In this case, the motor response is triggered without
any sequential scanning of modules under attentional control, or comparison
of the stimulus in a module with memory set items. For simplicity, we have
omitted discussion of control signals from the priority units to the external
attentional control. Thesearedescribedin [Schneider & Detweiler 1987], and
provide a mechanism for external attentional control to entirely ignoreavery
low priority stimulus, i.e., to fail to initiate transmission from that module to
the comparator.
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corresponding to distractors will have increasingly low priori-
ties. Oncetheprioritiesevoked by atarget stimulusin modules
V1 or V2 have crossed threshold level r, the presentation of
that stimulusin either of those modules will lead to automatic
transmission from the output layer of that modul e to the motor
module, without sequential scanning of the modules, or serial
comparison of their “contents’” with memory set items. For
distractor stimuli, low evoked priorities result in their being
ignored by the attentional control. Thus, serial, attentional
comparison is supplanted by parallel, automatic processing,
resulting in reduced reaction timesfor the detection of targets,
and intheindependence of reaction time from memory set size.

In avaried mapping task, however, since a particular stim-
ulus is sometimes a target and sometimes a distractor, there
is no gradual increase/decrease of priorities for different sets
of stimuli. Instead, the priority levels of stimuli will tend to
fluctuate around the default priority level. That is, the evoked
priority levels of presented stimuli do not cross threshold, and
so there is no automatic over-ride of attentional processing,
and no “ignoring” of stimuli. The production of the detection
response has to continue to be through serial attentional com-
parison. Accordingly, there will be no decrease in reaction

times, or in their linear relationship with memory set size*.

I mplementation of priority learning

We ran simulations of the priority learning component of the
architecture outlined above, using a single two-layer connec-
tionist network incorporating the input layer and priority layer
of one visual module shown in Figure 1. Our aim was to
examine whether a priority learning scheme would provide a
basis for the practice effects observed in consistent mapping
and varied mapping paradigms.

Stimuli entering the network’s input layer (Input, corre-
sponding to layer | in Figure 1) are vectors of length 50, with
each element being in the range +1.0; that is, the input layer
consists of 50 units. The priority layer (Priority, correspond-
ing to layer P in Figure 1) consists of 10 units®. A stimulusin
Input is transmitted in feed-forward fashion to Priority. Net
input to each priority unit is computed as the weighted sum
of inputs from all the input units. The priority level evoked
by a stimulusis computed by a simple count of the number of
priority unitsin Priority that have positive net input. Thus if
all ten priority units have negative net input, the priority level
iscomputed as O; if n priority unitshave positive net input, the
priority level is n, with the highest possible priority being 10.
Bias to the priority unitsis distributed linearly over the range
+0.40, so that five priority units have a positive bias, and five
a negative bias. In the absence of input to the priority units
from Input, therefore, the evoked priority level has the default
valueof 5.

When astimulusis presented to the network, apriority vector
isevoked at the priority layer. The network is then re-trained
to evoke, for the current stimulus, either a higher priority level
than currently evoked (if the current stimulus is designated
a target), or a lower priority level than currently evoked (if
the current stimulus is designated a distractor)®. This will be
referred to as the incrementing and decrementing of priority,
respectively. The simulations described here have employed

4Atkinson & Juola ([Atkinson & Juola1973]) have presented a similar
model of recency learning, in which stimuli of intermediate familiarity require
attentional scanning while novel stimuli do not.

5Although our simulations have used alayer of 10 priority units, it should
be possible to achieve the same effects with asingle priority unit.

6The higher or lower priority levels correspond to modulation of priority
layer activations by feedback from the comparator module.

the Widrow-Hoff learning algorithm ([Widrow & Hoff 1960Q]).
One epoch consisted of presentation of the entire set of stimuli,
with appropriate incrementing/decrementing of priority after
presentation of each stimulus.

Simulationsof priority learning

Simulation 1: Consistent mapping. In consistent map-
ping studies with human subjects, the rate of search has been
shown to become much faster with practice ([Neisser 1963]).
Studies with well-practiced human subjects have exhib-
ited reaction times that varied relatively little with mem-
ory set size ([Schneider & Shiffrin 1977, Experiment 2],
[Neisser, Novick & Lazar 1963)).

In our simulations of consistent mapping, the training set
for a module consisted of 16 random vectors, which were
partitionedinto two disjoint setsof 8 stimuli each, one set being
designated targets, and the other distractors. During priority
learning, the evoked priorities were consistently incremented
or decremented for the two sets of stimuli respectively.

Theresults of the consi stent mapping simulationsare shown
in Figure 2a. The slopes show the evoked mean priority level
of targets and distractors, as a function of training (epochs).
Withincreased epochs of training, target stimuli cometo evoke
increasingly high priorities, while distractor stimuli have in-
creasingly low priorities. As discussed in the section on pri-
ority learning, a visual module in which a stimulus evokes a
priority level of greater than some threshold = will automati-
cally transmit the vector in its output layer.

Figure 2b showsreaction timesfor targetsin consi stent map-
ping experiments with human subjects, who were trained over
aperiod of 36 days ([Kristofferson 1972b]). Memory set sizes
of one, two and four were used. For each set size, therewas a
decrease in reaction time over the training period, which isin-
terpreted as being largely dueto speeding up of non-attentional
components such as the motor response component of thetask,
which isalso the case in varied mapping tasks ([ Shiffrin 1988,
page 748]). Figure 2b aso illustrates the non-linear set size
functions characteristic of consistent mapping.

The priority levels of targets in our simulations of consis-
tent mapping give rise to similar reaction times. On each
epoch, search time S for a target was simulated as follows.
If the priority level evoked by the stimulus was greater than
athreshold level T, then the stimulus would evoke automatic
detection, taking “automatic response time” A. If the priority
level was below threshold, then the target would have to be
compared serially withmemory set items, with each such com-
parison taking a constant “comparison time” C. We assumed
non-terminating search, so that the number of comparisonsre-
quired is equal to memory set size m. Total reaction time for
a target was therefore calculated as (i) a base time B, repre-
senting non-attentional factors, plus (ii) search time S which
was either (a) automatic detection time A (if the priority level
was greater than ), or (b) controlled response time equal to
comparison time C times memory set size m (if the priority
level was less than 7).

The time per comparison C was taken to be 50 msec, and
the time for an automatic response, 40 msec. We used priority
threshold = = 8.0. We used abase reaction timeB of 290 msec,
which decayed to about 230 msec over 200 epochs of training,
simulating the speed-up of non-attentional components of re-
action times’. Figure 2¢ shows the simulated reaction times,

"These figures were derived from the human subject data by subtracting
thetime for one attentional comparison (50 msec) from total reaction time for
memory set size one (a) at Days 1-6 (approximately 340 msec), and (b) at
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Figure 2: Priority learning ssmulation results. (a) Priority levelsin consistent mapping simulation (Simulation 1). (b) Human subject
reaction times for target stimuli in a consistent mapping task, after M. Kristofferson, “When Item Recognition and Visual Search Functions are
Similar”, Perception and Psychophysics, 12, p.381. (c) Simulated reaction times for targets, averaged over five consistent mapping simulation

runs(Simulation 1). (d) Priority levelsin varied mapping simulation (Simulation 2). (€) Human subject reaction timesfor all stimuli inavaried
mapping task, after M. Kristofferson, “ Effects of Practice on Character Classification”, Canadian Journal of Psychology 26, p.57. (f) Simulated

reaction times for al stimuli, in varied mapping simulation (Simulation 2). (g) Priority levels with reversal of targets/distractors in consistent
mapping (Simulation 4). (h) Detection accuracy with reversal of targets/distractorsin consistent mapping (Simulation 4). (i) Priority levels of
stimuli with varying degreesof consistency (Simulation 5).
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for memory set sizes of one, two and four. Levels of practice
are shown in terms of average reaction time over blocks of
50 epochs, corresponding to the average reaction times over
blocks of daysin Figure 2b.

As in the human data (Figure 2b), the simulation results
(Figure 2c) show a downward shift (with practice) of reaction
times for each memory set size; thisis the combined result of
decreasing base response times as well as of developing auto-
matic responses. Moreover, the reaction times for different set
sizes at a particular level of practice exhibit the non-linearity
expected in a consistent mapping task. Overall, the simulation

results appear to model the human data quite well8.

Simulation 2: Varied mapping. Varied mapping studies
with human subjects have found that search time continues
to be alinear function of memory set size, even after practice
([Kristofferson 19724]). Inour simulationsof varied mapping,
the training set for a module consisted of 16 random vectors.
The priority level for each stimuluswas incremented or decre-
mented at random, modeling the effect of stimuli not being
treated consistently either as targets or distractors.

Results from the varied mapping simulations are shown in
Figure 2d, which plotsthe mean evoked priority of all stimuli.
Themean priority levelsfluctuate around the “ default” priority
level of 5, even with extended practice, as a result of the non-
consistent treatment of stimuli. Note that in the simulation
results shown, there is an initial random increase in mean
priority; in other simulations, there was an initial decrease in
priorities. Butin all cases, the mean priority settled around the
valueof 5.

Human reaction times from a varied mapping task
([Kristofferson 1972a]) are shown in Figure 2e (all stimuli),
which shows that detection times remain linear with memory
set size, even with extended practice. The priority levels of
stimuli in our varied mapping simulation give rise to similar
reaction times, calculated in the same way as for consistent
mapping (Figure 2f). Asin the human subject data, practice
does not change the linearity of set size functions. The reason
for this is that, since few stimuli achieve threshold priority
levels, serial comparison remains the only basis for target de-
tection. Automatic detection does not develop, and therefore
search functionsremain linear with set size. Thus our simula-
tion provides a good match with the observed varied mapping

results®.

Simulation 3: Consistent & Varied mapping combined.
Schneider and Fisk conducted an experiment in which subjects
were asked to carry out a consistent mapping task and a var-
ied mapping task simultaneously ([Schneider & Fisk 19824]).
The findings were that both tasks could be accomplished si-
multaneously about as well as when each task was carried out
alone.

Days 31-36 (approximately 280 msec). This decreasein base time, from 290
msec to 230 msec, wasfitted by an exponential function with constant 0.9985,
asafirst approximation.

80ur model predictsthat reaction time functionswill becomeperfectly flat
at some point. This doesoccur in our simulations, by approx. 400 epochs of
training.

9Note that the behavior of the slopes of simulated reaction times fit the
human data quite well, which was the major focus of interest in this paper.
By contrast, the changesin intercept (i.e., base reaction time) in simulations
do not fit the human data well. This is because simulation of the base time
practice effect did not include an asymptote effect and hence overestimated
the decrease in base time. With humans, decreases in base time seem to
asymptote at approximately 200 msec. Adding an additional parameter to the
model would allow agoodfit of both the constant slopeand decliningintercept
effect in varied mapping.

We ran simulationsinwhich 32 stimuli were partitionedinto
two sets of 16 stimuli each. One set of 16 stimuli represented
a consistent mapping task: 8 of the stimuli were treated as
targets, and the other 8 as distractors. The other set of 16
stimuli represented a varied mapping task, and the stimuli
were treated randomly as targets and distractors. One epoch
involved presentation of all 32 stimuli, and represented the
simultaneous performance of both the consistent and varied
mapping tasks on different sets of stimuli.

The priority levels of consistently mapped stimuli (which
were consistently either targets or distractors) separated as in
the consistent mapping task alone. The average evoked prior-
ity of the varied mapping stimuli remained close to the default
priority level of 5, as in the varied mapping task alone. Thus
the priority levels of both the consistent and varied mapping
stimuli were similar to those in each of the tasks performed
independently, indicating that practice effects in the combined
consistent and varied mapping task can be modeled in terms
of priority learning under the same assumptions as for the
independent tasks, in conformity with the findings of the ex-
periment described above.

Simulation4: Target/distractor reversal in consistent map-
ping. Implicit in the priority learning scheme we have pre-
sented isthe hypothesisthat, in consistent mapping, with prac-
tice, target stimuli come to “attract attention” to themselves.
Shiffrin and Schneider empirically verified the prediction that
if the set relationshipsarereversed after theprioritieshave been
established, subjects’ performance deteriorates below that of
novice subjects. For example, ininitial practice, targets might
be {A B C}, with {X Y Z} asdistractors. After reversal, {X
Y Z} would be the targets, and {A B C} the distractors. This
reversal isexpected to produce deterioration because the stim-
uli that were previoudly targets attract attention away from the
previous distractors that become the new target stimuli.

In the experiments, subjects practiced a consistent mapping
task ([Shiffrin & Schneider 1977, Experiment 1]). Once per-
formance had stabilized (2100 trials), targets and distractors
were interchanged. On reversal, detection accuracy dropped
to below the level it had been at the beginning of the original
consistent mapping task (approximately 50 percent), and 900
trials were needed for accuracy to return to the novice level
with targets and distractors reversed. Subsequently, gradual
re-learning occurred, and accuracy reached the previously es-
tablished level.

We simulated this reversal in a consistent mapping task. A
consistent mapping simulation was run with a set of target
stimuli and a set of distractor stimuli for 1000 epochs. At
the end of 1000 epochs, the targets and distractors were re-
versed, i.e, the priorities of the former distractors were now
consistently incremented, and those of the former targets were
now consistently decremented. The simulationwas runin this
reversed condition for a further 1000 epochs.

Figure 2g showsthat the mean priority levels of the original
targets/distractorsincrease/decrease over the first 1000 epochs
of consistent mapping training. When targets and distractors
arereversed at epoch 1001, the priority levels of former targets
start dropping sharply, and those of former distractors start
increasing sharply.

We computed an accuracy measure asfollows: agiven stim-
ulus presentation was considered to have evoked an accurate
response either if (i) the stimulus was a target, and evoked
a priority of above threshold, or (ii) it was a distractor, and
evoked a priority of below threshold. The threshold priority
level used was 9.50. Figure 2h shows the variation of this
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accuracy measure. At the start of initial consistent mapping
training, accuracy was approximately 50 percent, and thisim-
proved steadily, asymptoting by about 500 epochs of training.
When targets and distractors were reversed at epoch 1001,
accuracy dropped sharply, to below the level at the start of
the simulation, and it required approximately 100 epochs of
training to reach that level (50 percent). Beyond this point,
re-learning occurred gradually, and by epoch 1500, accuracy
had returned to the previous maximum. Thus the simulation
model s the human data fairly well.

Simulation 5: Degree of consistency. Schneider and Fisk
found that consistency has a graded rather than an al-or-
none effect. In one experiment, subjects searched for one
letter (i.e., memory set size 1) in frames containing four letters
([Schneider & Fisk 1982b, Experiment 1]). Subjects were re-
quired to indicate the frame position in which the target had
appeared, at the end of each trial. The degree of consistency of
appearance of letters astargets or distractorsvaried. Thus one
letter had the consistency ratio 10:0, meaning that it appeared
asatargetin 10 trials per block of trials, and never asadistrac-
tor. Three other letters had the consistency ratios 10:5, 10:10
and 10:20, respectively. Five other letters each had degree of
consistency 9:61.

Throughout the experiment, detection accuracy was highest
for the 10:0 | etter, followed closely by the 10:5 condition. De-
tection accuracy was lowest for the 10:20 and 9:61 conditions,
which did not differ substantially from each other. The 10:10
letter showed intermediate detection accuracy.

In our simulation, our training set consisted of five stimuli,
whichwe designated A, B, C, D and E. One epoch consisted of
the appearance of each of theletters A, B, Cand D 10 timesas
atarget, and O, 5, 10 and 20 times, respectively, asa distractor;
thus these letters corresponded to the consistency ratios 10:0,
10:5, 10:10 and 10:20, respectively. The E stimulus appeared
9times as a target and 61 times as a distractor, corresponding
to the consistency condition 9:61. The simulation involved
presentation of this training set to a network representing the
priority learning component of a single module. By approxi-
mately 70 epochs of training, the priority levels of the A, B, C,
D and E stimuli had settled to 10, 8, 5, 2 and 0O, respectively
(Figure 2i).

Although we have not constructed simulations correspond-
ing to the overall architecture that would be required for asim-
ulation of the experiment described above, the priority learning
results from the simulation with a single modul e suggest accu-
racy would be a graded function of the degree of consistency.
The overall model would incorporate four modules V1, V2,
V3 and V4, corresponding to the visual fields in which each
of the four lettersin a frame appear. The process of training
would lead to each of the modules having the priority levels
described above, which developed for a single module. A
winner-take-all network between modules would lead to pro-
cessing of stimuli in their order of priority, so that attention
would be preferentially attracted to a higher-priority item even
when it is not the target. Consequently, accuracy would be
greater for higher-priority items.

Conclusions
This paper has examined the viability of proposed “priority
learning” mechanisms as the basis of a computational model
of a number of the phenomena observed in visual search tasks
performed by human subjects. The simulation resultsthat have
been presented are consistent with a fairly broad set of exper-
imental findings. We therefore conclude that priority learning

provides a fairly good account of practice and automaticity
effectsin visual search tasks.
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