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A major issue in elementary cognition and information processinghas been whether rapidsearch
of short-term memory or a visual display can terminate when a predesignated target is found
or whether it must proceed until all items are examined. This study summarizes past and recent
theoretical results on the ability of self-terminatingand exhaustive models topredict differences
in slopes between positive (target-present) and negative (target-absent) set-sizefunctions, as well
as position effects. The empirical literature is reviewed with regard to the presence of slope dif-
ferences and position effects. Theoretical investigations demonstrate that self-terminatingmodels
can readilypredict the results often associated with exhaustive -processing, but a verybroad class
of exhaustive models is incapable of predicting position effects and slope differences typically
associated with self-termination. Because position effects and slope differences are found through-
out the rapid search literature, we concludethat the exhaustiveprocessinghypothesis is not tenable
under common experimental conditions.

Since the earliest work in experimental psychology,
researchers havebeen attempting to uncover the architec-
tare of various simple mental processes through the mea-
surement of reaction time (RT; Cattell, 1886/1947;
Donders, 1868/1969; Wundt, 1894). In RT tasks, an ob-
server is presented with a stimulus, and the time that
elapses between its onset and the execution ofa response
is recorded. The changes in RT under different modes
of stimulation or different response requirements are as-
sumed to provide information about the component mental
processes and how these components are linked together.
Luce (1986), Posner (1978), Townsend and Ashby (1983),
and Welford (1980) provide reviews and somewhat dif-
fering perspectives on empirical and theoretical research
in which RT has been used to study mental processes.

This paper focuses on two simple paradigms used ex-
tensively to study simple mental processes: rapid visual
and memory search. In the search task, an observer is
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presented with a list of items, called the “search set.”
The search set is usuallycomposed of letters or numbers,
but pictures, words, and tones have also been used. The
observer is required to indicate whether a “target” item
is present in the search set by executing a positive (“yes”)
or negative (“no”) response. In memory search tasks,
the search set is presented to the observer prior to the tar-
get item. When the target is presented, the observer must
“search” the items held in memory to decide whether
or not the target has been seen before. In visual search
tasks, the search set is presented after the target. The ob-
server must “scan” the items of the visual display tode-
cide whether the target is present among them. Hybrid
or visual/memory search tasks are characterized by mul-
tiple targets; a list of items is held in memory tobe com-
pared with an array of items presented visually. In all
search tasks (memory, visual, and visual/memory), the
observer is required to respond positively if any match
is found between the items held inmemory and those pre-
sented visually, and negatively if no match is found.

The surface distinction between visual and memory
search consists in the number of items held in memory
and the number of items presented visually. The results
in both visual and memory search have been strikingly
similar, enough so that some investigators (e.g., Gilford
& Juola, 1976) have suggested that the locus of search
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is the same in the two paradigms, although other consider-
ations argue against that conclusion (Hockley, 1984;
Townsend, 1974; Townsend & Roos, 1973). In any case,
analogous modeling issues arise within both paradigms,
regardless of where the search occurs.

These paradigms were initially designed primarily to
distinguish between serial (one at a time) and parallel
(simultaneous) processing of several distinct stimuli (At-
kinson, Holmgren, & Juola, 1969; Estes & Wessel, 1966;
Murdock, 1971; Sternberg, 1966; Townsend & Roos,
1973). Apart from serial and parallel processing, other
aspects of the system were soon noted to be equally im-
portant in determining RT (Townsend, 1974), with the
capacity of the system being one of these. Partlybecause
of the contribution of these other characteristics of pro-
cessing, serial and limited capacity parallel models can
produce identical patterns of mean RT (Townsend, 1972).
Nevertheless, theoretical and empirical research subse-
quently developed a number of alternative designs that
offer considerable promise for discriminating between
serial and parallel models (C. W. Eriksen, Webb, & Four-
nier, 1990; Schweickert, 1978; Schweickert & Townsend,
1989; Townsend, 1990; Townsend & Ashby, 1983;
Townsend & Schweickert, 1989).

The major topic examined in this essay is that of self-
tenninating processing, in which rapid search can cease
as soon as the target is located, as opposed to exhaustive
processing, in which search always extends through the
entire available search set. As noted above, the issue of
serial or parallel processing is difficult to resolvewith the
use of search paradigms in which the main independent
variable is size of the memory or visual display set. For-
tunately, the present study shows that the issue of self-
terminating or exhaustive search is more impervious to
analogous model-mimicking difficulties within such par-
adigms. We generalize and implement theoretical results
of Townsend and Van Zandt (1990) to demonstrate that
the behavior of mean RT under changes in the size of the
search set canbe used to distinguish between the two ter-
mination strategies. Furthermore, because of the limited
range of predictable results by exhaustive models, our
work suggests that exhaustive processing per se may
rarely arise unless it is impelled by stringent conditions
of an experiment (e.g., prohibitive penalties for missing
a target). We will discuss our theoretical findings in the
context of the portion of the rapid search literature that
pertains to the self-terminating/exhaustive issue. We will
then demonstrate the problematic nature of the exhaus-
tive processing hypothesis by using data from two pub-
lished studies.

THEORETICAL AND
EMPIRICAL BACKGROUND

In Sternberg’s (1966) seminal memory-search study,
the size of the search set was varied, imposing different
capacity demands on the processor responsible for com-
parisons between the target item and the search set. On
half the trials, the search set contained a single target and

on the remainder of the trials, the search set contained
only distractors. Sternberg compared his data to the
predictions made by what has come to be known as the
standard serial model, as well as the class of unlimited-
capacity parallel models that assume independentprocess-
ing on the items in the search set (see Townsend, 1974,
or Townsend & Ashby, 1983). Sternberg’s 1966 Science
paper also was apparently the first toaddress directly the
issue of self-terminating and exhaustive processing by
varying the size of the search set.

The standard serial processing hypothesis assumes that
average processing times for all individual items are equal
and independentof search set size, positions of items, and
item identity. It predicts that the set-sizefunctions (plots
of mean RT as functions of the size of the search set) will
be linear and increasing. If search is self-terminating as
well, the positive set-size function will increase with a
slope equal to half that of the negative set-size function.
This is because the target will be found, on the average,
half-way through the search, and processing can then
terminate. If processing is exhaustive, however, then, as-
suming standard serial processing, there should be no dif-
ference between the slopes of the positive and negative
set-size functions. Even when a target is present, process-
ing will continue until all items in the search set are com-
pleted. A similar argument may be applied to the plots
of position effects (mean RT under different targetplace-
ments): if processing is serial and exhaustive, then target
placement within the search set should have no effect on
mean processing time and hence the position effects should
be flat.

The set-size functions for Sternberg’s (1966) experi-
ment were quite linearand increasing, consistent with the
standard serial predictions. These functions were not con-
sistent with the increasing but curvilinear (negatively ac-
celerated) set-size functions predicted by the exhaustive,
unlimited-capacity, independentparallel models. Neither
were they consistent with the flat mean RI predictions
for positive trials made by the same type of parallel models
when self-termination was assumed (e.g., Townsend,
1974). Furthermore, the positive and negative functions
were parallel, and the placement of the target had little
effect on the mean RTs. Comparing his data to the serial
and parallel processing hypotheses, Sternberg found in
favor of the standard serial, exhaustiveprocessing model
and continued to present its case in later papers (e.g.,
Sternberg, 1975).

An apparently cogent a priori argument against exhaus-
tive processing is the seeming contradiction inherent in
a limited-capacity processor, under time pressure, com-
pelled to perform unnecessary operations after its job is
finished. To justif~’why exhaustive processing might ac-
tually be beneficial in rapid search, Sternberg (1966) sug-
gested that for search to self-terminate, not only would
the system be required to make a comparison with each
item in the search set, but it would also need to make a
“stop/continue” decision after each comparison. If this
decision required any additional amount of processing
time, it might be more efficient to process the entire search
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set first, and then make a single “present” or “absent”
decision at the end.

Since Sternberg published his classic work in 1966,
some of the difficulties that can arise in testing hypothe-
ses about mental processes have become apparent. First,
it turned out that the classes of models that Sternberg tested
were not as general as might have been hoped. For ex-
ample, the standard serial model is one special case of
the much larger class of serial models in which the time
to processeach item is a random variable that may or may
not depend on set size, position, and so on. Second, the
serial/parallel test was confounded by the variations in
set size that changed the information processing load.
Consequently, the increasing RI curves were functions
not only of how processing capacity was distributedacross
the items in the search set (e.g., to one item at a time or
all the items at once—the serial/parallel issue), but also
of the more elemental variable of capacity itself (Town-
send, 1974). Mathematical theorizing has demonstrated
how each of these variables can contribute to mean RI
(Townsend & Ashby, 1983).

There are two additional empirical concerns. First,
other tasks, such as forced-choicediscrimination, should
be used when possible in conjunction with search para-
digms to provide converging evidence about the underlying
processes (e.g., C. W. Eriksen et al., 1990; Sternberg,
1975; Townsend, 1990). Second, the use of mean RI
alone may not always be sufficient; many studies have
benefited from the use of additional statistics such as the
RI variance and other dependent variables such as ac-
curacy (e.g., Schneider & Shiffrin, 1977; Townsend &
Ashby, 1983; Townsend & Evans, 1983).

These theoretical and empirical obstacles are notunique
to the rapid search paradigm, although it appears that
search tasks havebeen more widely used than many other
comparable paradigms inpsychology. Its utility has moved
beyond the serial/parallel question and into areas such as
attentional control (e.g., Reeves & Sperling, 1986) and
processes in early vision (e.g., A. Treisman & Gormi-
can, 1988). In retrospect, it seems somewhat frustrating
that so simple and useful a paradigm could not cleanly
resolve the serial/parallel issue. It turns out that the situ-
ation is more propitious with regard to the self-terminating
versus exhaustive processing question.

The first computer simulations and mathematicalevalu-
ations seemed to place the self-terminating/exhaustive
question in the “unidentifiable” category along with the
serial/parallel question. Theios, Smith, Haviland, Traup-
mann, and Moy (1973) developed a self-terminating
model that made predictions compatible with data that
previously were taken as evidence for exhaustive process-
ing. Townsend and Roos (1973) showed how a general
self-terminatingmodel could produce equal-sloped posi-
tive and negative set-size functions and simultaneously
produce position effects. Therefore, the equal-slope re-
sult could not falsify the self-terminating class of models,
because either type of stopping rule could have led to that
finding.

Further, Townsend (1974) demonstrated that exhaus-
tive processing models could predict a certain range of
position effects. Hence, the occurrence of position effects,
not found by Sternberg (1966) but emerging in other
studies, did not appear at the time, to be convincing evi-
dence for self-termination. Theoretical results on self-
terminating and exhaustive processing were extended by
Ashby (1976). However, none of these earlier studies de-
termined whether exhaustive modelscould predict strong
position effects; that is, position effects as strong as those
predictable by standard serial self-terminating models.
Moreover, little theoretical information was available con-
cerning the ability of general classes of exhaustive models
to predict significant slope differences between the posi-
tive and negative set-size functions.

We havefound that the self-terminating/exhaustive pro-
cessing issue can be resolved for both serial and many
parallel models (Townsend & Van Zandt, 1990). Exhaus-
tive processing modelsare unable to produce many com-
mon empirical results, because of the unrealistic capacity
of the system that would be required to produce them.
The present analysis is based on a theoretical approach
in which the opposing psychological issues are embed-
ded in general associated classesof mathematical models.
This approach allows the derived conclusions to span
many different specific models, each representing one of
the competing principles, rather than being limited to a
particular type of model. For instance, the exhaustive
serial class contains, but is not limited to, the standard
serial model or models based, say, on particular distri-
butions, such as the gamma family. Because of this ap-
proach, the classes of models covered by our results are
extremely large. If a very large class of models that em-
body a psychological principle, such as exhaustive pro-
cessing, is unable to produce a certain empirical result,
such as strong position effects, then the psychological
principle on which the models are based is effectively
falsified.

We examined the capacity requirements of these classes
of models by examining the processing time distributions
ofthe items in the search set. The processing timedistri-
butions of the items were permitted to vary according to
display position, the processing order or path of search
through the items, and the size of the search set. The way
that a processing time distribution changes with set size
reflects capacity effects on the processing channel. For
instance, the processing timeof an individual item might
slow down, remain constant, or get faster with increas-
ing load. Processes that slow down with increasing load
are limited-capacity processes. Unlimited-capacity pro-
cesses are unaffected by increases inprocessing load. Pro-
cesses that increase efficiency by getting faster with
increasing load are supercapacizy processes. The exhaus-
tive processing hypothesis was tested by evaluating these
capacity changes.

As an example ofhow we proceeded, consider the serial
class of models, which is very broad. The standard serial
model proposed by Sternberg (1966) and others is a quite
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constrained member of this class. To generalize the stan-
dard serial model, it is necessary to relax the restriction
that the processing times for all items be independently
and identically distributed. In this way, the mean process-
ing times can vary widely across all items in the search
set. The capacity of the system is reflected in the mean
processing times of individual nontarget or target items
as load increases. For instance, if the mean target pro-
cessing time decreases with increasing load, the target
comparison process must be of supercapacity. If the mean
nontarget processing time decreases with increasing load,
the nontarget process must also be of supercapacity.

There has never been much, if any, evidence that human
information processing in the usual kind of rapid search
experiments could be of supercapacity in a reliable way.
The very fact that RI goes up with load and that usually,
errors increase as well, argues for limited-capacity pro-
cessing. In the theoretical work reported here, it was
assumed that supercapacity systems are generally unrealis-
tic in the context of human information processing. We
find that exhaustive models that are able to predict strong
slope differences or position effects, whether serial or par-
allel, require consistent supercapacity processing ability.
This finding renders the exhaustive processing hypothe-
sis untenable for most empirical situations. The techni-
cal underpinnings of this work, including past results and
present generalizations, are presented in the Appendix.

It now seems appropriate to review the relevant em-
pirical literature relating to the exhaustive versus self-
terminating issue, equipped with stronger theoretical tools
than were available at the time of the initial studies. We
will use these tools to collate results across related para-
digms, examining mainly mean RI data, but attempting
to take other dependent variables into account where pos-
sible. In the discussion to follow, we will outline the the-
oretical and empirical foundations of our conclusion that
exhaustive processing is not feasible.

Several alternative methods of experimentation and
analysis can be used to tease apartsearch-strategy issues.
Forexample, RT variances can help distinguish between
self-terminating and exhaustive processing within certain
classes of models. This is because the variance of a self-
terminating search in such models may be greater than
the variance of an exhaustive search, due to the additional
variance of the stopping time in the self-terminating case
(Schneider & Shiffrin, 1977; Townsend & Ashby, 1983).
Varying the number oftargets presented in the search set
is also a valuable experimental manipulation (the “redun-
dant targets” design; see, e.g., Egeth, Folk, & Mullin,
1988; Van der Heijden, 1975; Wolford, Wessel, & Estes,
1968). Because the presence of multiple targets increases
the probability of finding one target early in the search
process, mean RI to detecta target should be faster when
the target is repeated within the search set if a self-
terminating strategy is being used. However, there is less
evidence based on these alternative measures, so they will
not be treated inas much detail. In much of the remainder

of the paper, we will review the evidence using strong
slope differences between the positive and negative set-
size functions and using position effects.

EVIDENCE FOR SELF-TERMINATING
AND AGAINST EXHAUSTIVE PROCESSING

The amount of research conducted with visual and
memory search tasks is impressive, with many more or
less minor variations in experimental procedures. We can-
not hope to cover every detail in this paper, but we will
attempt to broach those characteristics most important for
the self-terminating/exhaustive question. This review will
help to delineate the conditions under which slope differ-
ences and sizeable position effects occur, and, taken to-
gether with the theoretical results, suggest what kind of
studies best test the two hypotheses. Furthermore, the per-
tinent experimental aspects may be useful in the building
of future, more detailed models. Of course, the caveat
should be borne in mind that the more different the ex-
perimental designs, the more risky the comparisons be-
tween them.

Several factors have been shown to influence RT in
rapid search paradigms. Although these factors do not al-
ways bear directly on the issue of termination strategies,
they produce some of the most robust fmdings in this field.
Such factors include the obvious one of the presence of
a target within the search set. Negative responses are typi-
cally slower than positive responses (Atkinson et al.,
1969; Briggs & Blaha, 1969; Burrows & Okada, 1971;
Egeth, Jonides, & Wall, 1972; Pashler, 1987; Schneider
& Shiffrmn, 1977; Townsend & Roos, 1973; Yantis &
Jonides, 1984), although Sternberg’s (1966) original
memory search study indicated no statistical difference
between positive and negative RIs. The processing load
or set size is a major independent variable, as arethe phys-
ical parameters of the stimulus items (e.g., Egeth, Virzi,
& Garbart, 1984; Ellis & Chase, 1971; A. Treisman,
Sykes, & Gelade, 1977), the contextual or semantic
characteristics of the stimulus items (e.g., Jonides & Gleit-
man, 1972), the mapping of stimuli to responses (e.g.,
Shiffrin & Schneider, 1977), and the frequency of pre-
sentation of the individual positive and negative stimuli
(e.g., Krueger, 1970; Theios et al., 1973). The placement
of the target within the search set also influences RI, as
is evidenced by position effects (see, e.g., Baddeley &
Ecob, 1973).

Mean RI in rapid search tasks is often a linear, increas-
ing function of set size (Bracey, 1969; Clifton & Biren-
baum, 1970; Conner, 1972; Effis &Chase, 1971; Hockley,
1984; Sternberg, 1966). However, concave functions are
quite common (Briggs & Swanson, 1970; Corballis,
Kirby, & Miller, 1972; Kristofferson, 1972b; Simpson,
1972; Swanson & Briggs, 1969; M. Ireisman & Doc-
tor, 1987), and it has been argued (Briggs, 1974) that a
log function may provide a more adequate description of
the data than a linear function. This shape is consistent
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with independent, unlimited-capacity, exhaustive paral-
lel processing (e.g., Townsend & Ashby, 1983).

Shiffrin (1988) suggests that the differences in the shape
of the set-sizefunctions may be due in part to differences
in accuracy at different loads. The finding that error rates
and RTs both increase with increasing load is common
(Briggs & Johnsen, 1972; Corballis et al., 1972;
Schneider& Shiffrin, 1977). If observers were to attempt
to equalize their error rates across different set sizes by
decreasing errors for largeloads, the RTs for those loads
would become slower, and therefore the set-size functions
could become more linear and less concave. To stretch
this hypothesis somewhat, if error rates are responsible
for the linearity or nonlinearity of the set-size functions,
perhaps an observer’s position on the speed-accuracy
tradeoff function could be shifted to produce slope dif-
ferences as well. For example, a model could be devised
in which errors increase for positive trials faster than for
negative trials, in turn producing a decrease in positive
RIs resulting in two-to-one slope ratios. We have been
able to find no evidence for such performance shifts.
Indeed, in some cases, a faster increase of errors for
positive trials accompanies equal slopes (e.g., Klein &
Farrell, 1989).

An alternative explanation for curvilinear set-size func-
tions was provided by Theios (1975). He showed that RI
functions are linear only for set sizes smaller than six
items. He suggested that these linear functions were an
indication of the scanning of short-term memory. With
set sizes of six or larger, Theios suggested that some of
the items have to be retrieved from long-term memory,
resulting ina ceiling or limit on the scanning time. Thus
a mix between a relatively fast serial scan of short-term
memory and a slower, but constant retrieval time from
long-term memory results in a negatively accelerated in-
creasing RT function (see Atkinson & Juola, 1974, for
data with large set sizes and negatively accelerated in-
creasing RI functions).

Most of our theoretical results do not depend on the
linearity of the set-size functions. Regardless ofthe shape
of these functions, the capacity of the system that pro-
duced them is evident in the increases in RI arising from
increases in set size. We may compare the change in posi-
tive and negative RIs when the set-size function increases
in a linear way just as we may when one or both of the
set-size functions is nonlinear.

Slope Effects
Many studies of visualand memory search report equal-

sloped set-size functions, either linear (e.g., Atkinson
et al., 1969; Klatzky & Smith, 1972; Kristofferson,
1972b; Sternberg, 1966) or curvilinear (e.g., Swanson
& Briggs, 1969; Townsend & Roos, 1973). An equal
number of studies have reported significant slope differ-
ences under several experimental manipulations (e.g.,
Clifton & Birenbaum, 1970; Klatzky & Atkinson, 1970;
A. Treisman & Gormican, 1988). Slope differences occur
most frequently in visual search, often appearing under
conditions where targets and nontargets.are different from

each other in some salient physical or contextual way
(Jonides & Gleitman, 1972; A. Ireisman et al., 1977),
and also when stimulus duration is restricted (Klein & Far-
rell, 1989). In memory search, slope differences often ap-
pear in conjunction with steeper set-size functions (see
Sternberg, 1975), suggesting that the differences arise
from a more difficult comparison process. In agreement
with this interpretation, slope differences become more
prominent when the load and hence the complexity of the
task is increased in visual/memory search (Schneider &
Shiffrin, 1977). Some varieties ofdisplay presentationalso
induce slope differences in memory search, as does the
amount of practice with stimuli consistently mapped to
the target set (Kristofferson, 1972a). Memory search most
often yields parallel set-size functions, whereas visual
search is more likely to yield significant slope differences.
Although this might suggest that the processes operating
in each paradigm are different, this aspect is not crucial
for our discussion.

Several alternatives to the search and comparison con-
structs have been suggested, the most notable of which
are those models that assume “direct access” to the items
in memory search sets (Baddeley & Ecob, 1973; Corballis
et al., 1972). Presentation of the target item gives rise
to an internal representation that has some “trace
strength.” The observer responds positively or negatively,
depending on the magnitude of this trace strength. More
theoretical research on direct access models is needed in
this context, but it appears that the direct access hypothe-
sis may be difficult to testagainst parallel process models
(see also Theios & Muise, 1977). Let us agree for present
purposes to refer to search as an effortful process that
includes serial and parallel models that possess either lim-
ited or unlimited capacity at the level of the individual
item. As noted, unlimited capacity implies that the aver-
age individual processing time does not increase as the
load is increased, and limited-capacity processing implies
that the average individual processing time may increase
as the input load grows.

The argument that effortful search takes place is most
easily made when the set-size function increases with
increasing load. When the set-size function is flat, other
alternatives such as direct access must be considered.
Nevertheless, it must be rememberedthat self-terminating,
unlimited-capacity parallel search can readily predict flat
set-size functions on positive trials. In any event, whether
processing consists of self-terminating parallel search or
direct access, flat positive set-size functions occur with
consistent mapping procedures (discussed below), and in
visual search they are often associated with perceptual
pop-out. When such effects occur, it is sometimes pro-
posed that no effort or capacity, and therefore no search
in the present sense, is required. Because of the ability
of unlimited-capacity, self-terminating parallel models to
predict flat postive set-size functions, it may again be dif-
ficult todistinguish the former from something like, say,
an automatic direct access, high-strength process. Some
additional evidence, perhaps physiological, may support
the idea of a truly “effortless” activity, as suggested be-
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low. The important point here is that if the data include
both positive and negative RTs, the query as to the ex-
haustive versus self-terminating issues may legitimately
be raised. Certainly, few would oppose the concept that
automatic or direct access processes have little resem-
blance to effortful, capacity-consuming exhaustive pro-
cesses. Of course, where negative set-size data are not
gathered, the issue may be moot. However, it is of in-
terest to take note where flat positive set-size functions
and pop-out effects are most likely to be exhibited.

Consistent mapping. Rapid search paradigms can use
either a consistent or a varied mapping procedure. With
consistent mapping, stimuli that appear as targets on some
trials never appear as nontargets on others. That is, a por-
tion of the stimulus set always requires a positive re-
sponse, and the remaining portion is always used as
nontargets. After enough exposure to the stimulus set, ob-
servers’ positive RTs are relatively fast and invariant
across set size. It is not surprising, then, that search per-
formance under consistent mapping is extremely sensi-
tive to the amount of practice that the observers receive
(Kristofferson, l972a; Schneider & Shiffrin, 1977).
Varied mapping procedures show no such decrease in
positive slope, although the overall RTs decrease
(Schneider & Shiffrin, 1977).

Strayer and Kramer (1990) examined consistent and
varied mapping procedures by using a dual-task paradigm
and event-related potentials (ERPs). They found that sec-
ondary task performance was unaffected by the load of
a primary consistent mapping memory search task, al-
though performance on the secondary task was deleteri-
ously affected by increasing load in a primary varied
mapping memory task. They also found that the ampli-
tude ofthe P300 was systematically influenced by the load
in variedmapping but not inconsistent mapping memory
search. The P300 is that component of the ERP commonly
associated with attention-demanding tasks. This suggests
that performance on positive trials in the consistent map-
ping memory search task requires little effort and may
not require a comparison between the target and the ac-
companying distractors. Nevertheless, it is still possible
that such physiological effects (or absence thereof) might
be associated with an unlimited-capacity and self-
terminating parallel process.

Perceptual pop-out. In visual search, targets that differ
from nontargets in some salient physical way often “pop
out,” and the presence of the nontargets apparently has
no effect on the observer’s ability to perceive the target.
Targets that differ from nontargets incolor (Carter, 1982;
Egeth et al., 1984; Green & Anderson, 1956; A. Ireisman
et al., 1977), or by some other obvious physical property
such as size or form (Beck, 1967; Ellis & Chase, 1971;
Julesz, 1981; Navon, 1977; A. Ireisman & Gormican,
1988), produce flat positive set-sizefunctions, as long as
the display can be processed ina single glance (e.g., Pash-
ler, 1987). It has been hypothesized that in these cases
there is no search as such taking place (Julesz, 1981).
Rather, items are preattentively segregatedby their values
on a particular feature dimension. If a single target differs

from the distractors on that dimension, it should be read-
ily discriminable from the background of distractors.

Pop-out effects may also occur inconditions where the
target differs from the nontargets in context or semantic
content such as letters versus digits. Sperling, Budiansky,
Spivak, and Johnson (1971) demonstrated that scanning
rates for the presence of a numeral among letters, as cal-
culated from the number of correct responses with dif-
ferent rates of display presentation, were independent of
the number of letters to be scanned. Jonides and Gleit-
man (1972) also showed that search time for the charac-
ter “0” was independent of the number of digit (letter)
distractors in the display, if “0” was defined to be a let-
ter (digit). Although Duncan (1983) and Krueger (1984)
convincingly demonstrated that this effect arises from the
featural differences between letters and digits, Biederman
and his colleagues (e.g., Biederman, Rabinowitz, &
Glass, 1974) have confirmed that in search through
scenes, context and semantic content are important fac-
tors. Although the exhaustive versus self-terminating is-
sue is usually not the main focus of attention in such
studies, from one point of view, the pop-out effect with
its implications for unlimited capacity parallel or effort-
less direct access may be the ultimate in self-terminating
behavior.

Increasing set-size functions and slope differences.
We will now confine our attention to cases in which the
set-size function is increasing, under the hypothesis that
increases in RT reflect the influence of a search. That is,
we assume that each item in the search set has devoted
to it some amount of attentional resource; the compari-
sonprocess is effortful. Strayer and Kramer’s (1990) dem-
onstration, just discussed, suggests that varied mapping
memory search requires a systematic processing of non-
targets. Although in memory search it has been debated
whether a search per se is occurring (Shulman, 1990;
Stadler & Logan, 1989), the search construct is much
employed (e.g., Fisk & Ackerman, 1988; Johnson & Car-
not, 1990; Wijers, Mulder, Okita, & Mulder, 1989).

In visual search, the capacity-demanding search as-
sumption has not been much debated; when it was, con-
sistent mapping was involved (Logan, 1976). To provide
converging evidence for a comparison processin the spirit
of Strayer and Kramer’s (1990) study, Madden and Al-
len (1989) used a dual-task paradigm with visual search.
They too found that performance of the secondary task
suffered as load increased in the primary visual search
task. Thus, varied mapping visual and memory search de-
mand attention, and this attention is somehow devoted to
processing the items in the search set. In turn, this pro-
cess takes time.

We mentioned earlier that parallel set-size functions
most often appear in the context of memory search,
whereas slope differences most often appear in visual
search. We also mentioned that memory and visual search
differ beyond the obvious discrepancies between mem-
ory load and display size. Perhaps they differ in terms
of self-terminating or exhaustive search strategies. Re-
call, however, that slope differences do arise in memory
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search (Clifton & Birenbaum, 1970; Klatzky & Atkin-
son, 1970), just as parallel set-size functions have been
observed in visual search (Atkinson et al., 1969; Town-
send & Roos, 1973). Any theory devised to explain the
parallel functions in memory or visual search must be flex-
ible enough to also accommodate the studies in which
slope differences arise. If the conditions under which slope
differences are observed are clear, such theorizing may
be simplified.

Some slope differences may arise simply as a function
of the physical natureof the display. Forexample, a visual
display may be presented so that an observer is encouraged
to search in a particular order, such as left-to-right or top-
to-bottom, and hence promote a self-terminating search.
Hockley (1984) presented vertical displays of letters in
such a way that the topmost letter appeared in the same
position as the fixation point. When such displays were
used in a visual search task, two-to-one slope ratios were
found. However, when Hockley used the same displays
in a memory search task, the set-size functions were par-
allel. Townsend and Roos (1973), using horizontal dis-
plays, explicitly instructed their subjects to “scan” the
display from left to right. The observation of position ef-
fects assured that the subjects were indeed scanning from
left to right, but they observed no significant slope dif-
ferences for either the visual or the memory search task.

Some of the most interesting data on slope differences
come from mixed visual/memory search experiments,
where interactions of memory load with display size can
be observed. Nickerson (1966) performed the first of these
studies. He presented observers witha memory set of one,
two, or four letters, followed by a visual display of one,
two, or four letters. When the memory load consisted of
a single letter, no slope differences were observed when
RIs were plotted as a function of display size. With mem-
ory loads of two and four, the slope of the positive func-
tion became half that of the negative function.

Burrows and Murdock (1969) conducted a similar
study, in which the memory load varied from one to three
digits, and the display size varied from three to six. Un-
like Nickerson’s (1966) findings, two-to-one slope ratios
were apparent for all memory loads. This difference is
most likely due to the different amounts of practice that
the observers received in the two experiments. Nickerson’s
subjects may haveperformed as fewas 128 trials, whereas
Burrows and Murdock’s subjects performed 2,880.

Slope differences have since been replicated many times
in visual/memory search (see, e.g., Briggs & Johnsen,
1972; Fisk & Ackerman, 1988; Schneider & Shiffrin,
1977). Shiffrin (1988) has suggested that differences in
slope appear when the load is increased or when the task
becomesmore complex. This is consistent with Sternberg’s
(1975) arguments, and his observation that two-to-one
slope ratios in memory search usually occur in conjunc-
tion with increased slopes.

A common suggestion has been that when set-size func-
tions are parallel, search is exhaustive, and that slope dif-
ferences arise when processing shifts to the more efficient
terminating strategy (e.g., Houck & Hoffman, 1986). The

idea is that self-termination makes its appearance after
sufficient practice or when the processing load is exces-
sive. An alternative hypothesis is that self-terminating pro-
cesses are the rule, and that they are less visible under
some conditions. This is exactly what our theoretical find-
ings suggest to us, as will be seen below.

Slope Predictions
We have demonstrated that large classes of serial and

parallel exhaustive models cannot produce slope differ-
ences without supercapacity processing or without pre-
dicting empirical results never before observed. Forserial
models, even the most general limited- or unlimited-
capacity serial exhaustive models cannot predict a nega-
tive topositive slope ratio of greater than n to n — 1, where
n represents the set size (see Proposition 1, Appendix).
Since, for n > 2, nI(n —1) is closer to 1 than the 2:1 ra-
tio associated with the standard serial self-terminating
model, the conclusion is very strong indeed. For instance,
if n = 6, any ratio greater than 6/5 = 1.2 falsifies serial
exhaustive models. In light of that result, reliableempir-
ical findings of a ratio of 2:1 or greater offer extremely
solid evidence against serial exhaustive processing. The
results from a number of both visual and memory search
experiments, and most of the results from visual/mem-
ory search experiments, bolster this evidence.

For parallel models, we showed that a fairly large class
of parallel exhaustive models are incapable of predicting
a slope ratio greater than one (see Propositions 3 and 4,
Appendix). Proposition 3 states that for unlimited-capacity
models, any positive to negative slope ratio greater than
one forces the positive RTs to be slower than the nega-
tive RTs. The reverse is empirically true; positive RTs
are almost always faster than or equal to negative RTs.
Proposition 4 hypothesizes that the negative process is of
unlimited capacity and the positive and negative process-
ing times are equal for n = 1, though they may differ
for larger n. In this case, any slope differences imply that
the targetprocess is of supercapacity. These theorems are
confined to independent channels, and the conclusions
with regard to limited-capacity parallel systems are some-
what weaker (Townsend & Van Zandt, 1990, pp. 484-485).
Nevertheless, they suffice to rule many exhaustive paral-
lel models for a sizeable number of experiments, includ-
ing those obeying the important classical standard serial
self-terminating prediction of the 2:1 ratio.

Because slope differences are not exclusive to any one
experimental paradigm, the system that produces them
must be flexible enough to produce equal-sloped set-size
functions as well. Self-terminating models can handily
produce the wide range of slope differences we have dis-
cussed here. Exhaustive models, as we have demonstrated,
cannot. We now turn to an examination ofposition effects
in rapid search, and we will see that the prospects for the
exhaustive processing hypothesis grow even more dire.

Position Effects
When position effects appear, they can take several

forms. RI has been observed to increase with target place-
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ment, as a primacy effect (Atkinson et al., 1969; Harris,
Shaw, & Altom, 1985; Hockley, 1984; Klatzky & At-
kinson, 1970; Klatzky, Juola, & Atkinson, 1971; Klatzky
& Smith, 1972; Townsend & Roos, 1973), and to decrease
with target placement, as a recency effect (Clifton & Bi-
renbaum, 1970; Corballis, 1967; Form & Cunningham,
1973). Simultaneous primacy and recency effects have
also been observed, producing concave position effects
(Burrows & Okada, 1971; Corballis et al., 1972).

The experimental conditions under which position ef-
fects appear are easier to identify than those that produce
significant slope differences. Positioneffects generally ap-
pear when a specific processing order of the stimuli is
fostered by the presentation conditions: when the items
in the search set are temporally distinct inmemory search
(e.g., Clifton & Birenbaum, 1970; Forrin & Cunningham,
1973), or when the observer is induced either by the na-
ture of the display or by the experimenter’s instructions
to process the search set in a certain order (Harris et al.,
1985; Hockley, 1984; Townsend & Roos, 1973). The
term processing order is not meant to imply serial pro-
cessing, but rather the ordering of finishing times for the
items in the display.

Neisser (1964) conducted a seminal visual search study
in which observers were required to scan lists of 25 six-
letter strings for a target letter. He found very strong linear
position effects. Undeniably, the observer was terminat-
ing the search soon after the target was recognized. Be-
cause the list was so long, exhaustive processing was
clearly inappropriate; mean RIs ranged upward of 20 sec
when the target occurred late in the list. Most visual and
memory search studies since then have been done with
much smaller search sets and a greater emphasis on speed.

Two experiments, one performed by Atkinson et al.
(1969) and the other by Townsend and Roos (1973), dem-
onstrate that position effects can be very sensitive to the
instructions given to the observer. Townsend and Roos
presented observers with horizontal arrays of letters vary-
ing in length from one to five that were centered on the
presentation screen. In both visual and memory search,
observers were instructed to scan the displays from left
to right. They found strong primacy (left-to-right) position
effects in the visual search task, and moderate primacy
effects in the memory search task. Atkinson et al. pre-
sented observers with horizontal arrays of letters varying
in length from one to five, but did not instruct them to
scan in any order. The array was always centered on the
screen, as in the Townsend and Roos study. AlthoughRI
was affected by targetplacement, no significant interaction
of target placement on RI was observed; no evidence of
any processingorder was observed in recency or primacy
effects, as was seen in the Townsend and Roos data.

There is one other difference between the Atkinson
et al. (1969) study and the Townsend and Roos (1973)
study, besides the experimenters’ instructions, that could
have contributed to the attenuation of position effects. The
visual angles of the displays used by Atkinson et al. were
half those of the displays used by Townsend and Roos
(2.2°vs. 5.5°for the largest display sizes, respectively).

Display durations for both studies were 400 msec, which
may have allowed the observers to make eye movements
during presentation, which in turn could havecontributed
to the Townsend and Roos position effects. However,
Klein and Farrell (1989) have demonstratedthat the con-
tribution of eye movements to search performance is prob-
ably minimal. They compared performance in a standard
visual search task with performance where eye position
was monitored and trials with eye movements were dis-
carded. There was no difference in the patterns of mean
RTs between the two conditions. Thus, the instructions
to the observer, rather than the width of the display, were
the most likely source of the position effects in the Town-
send and Roos (1973) study.

When the shapeof the display is such that it might eas-
ily invoke a certain processing order upon the display
items, such as left to right for horizontal arrays or top
to bottom for vertical arrays, the position of the target
may have a strong effect on RT. A processing order may
also be induced by the position of a fixation point rela-
tive to the display items, and the resulting direction that
the eye movements take over the array (e.g., Rayner &
Fisher, 1987). A fixation point placed at an end of array
may cause items at that end to be processed before the
items farthest from fixation.

Harris et al. (1985) also conducted a visual search study
in which observers were presented with horizontal arrays
of 10 letters, and instructed to scan from left to right. Such
a scanning process was encouraged by presenting the dis-
plays so that the leftmost letter of the display appeared
to the right of the fixation point. Scanning could not pos-
sibly have occurred through overt eye movements, how-
ever, because the displays were only presented for
175 msec. With this procedure, dramatic position effects
were obtained. Hockley (1984) conducted a visual and -

memory search study (mentioned earlier) in which ob-
servers were presented with vertical arrays of letters
varying in length from three to six. The displays were
presented in such a way that the topmost itemwas located
in the same position as the fixation point. He found strong
primacy (top-to-bottom) effects in the visual search task,
but no effect oftarget position in the memory search task.
His observers were not provided with instructions to pro-
cess from top to bottom, although the position of the ar-
ray in relation to the fixation point probably induced such
a processing order.

The primacy effects found in these studies support the
hypothesis that finishing times of display items canbe in-
duced to occur in a preferred order, either by the relative
placement of fixation points, or by the instructions from
the experimenter. Although these studies have been
primarily visual search paradigms, memory search para-
digms, in which the order of the scanning or comparison
process is much less certain, also show position effects.
These position effects are quite strong when the search
set is displayed sequentially, as was done in most early
memory search studies (Corballis, 1967; Form & Cun-
ningham, 1973; Klatzky & Atkinson, 1970), particularly
when the time that elapses between the presentation of
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the last item of the search set and the presentation of the
target is short (Clifton & Birenbaum, 1970). Consistent
with our previous discussion, a sequential display presen-
tation imposes an order on the items in the search set
through the temporal separation between them.

Position Effect Predictions
Strong position effects, then, are pervasive in both

visual and memory search. As noted above, we know that
exhaustive models are capable of producing some degree
of positional variation (see, e.g., Ashby, 1976; Town-
send, 1974). It was therefore of interest to learn whether
the effects predicted by a standard serial exhaustive model
with a single processing path could be predicted by any
exhaustive model. By a single processing path, we mean
that the serial scan always processes the various positions
in exactly the same order on each trial, as, for example,
from left to right. We term this prediction strong posi-
tion effects, and a mathematical definition is provided in
the Appendix.

Serial exhaustive models cannot predict strong position
effects without also assuming highly supercapacity pro-
cessing (see Proposition 2, Appendix). With regard to par-
allel models, the theorems from Townsend and Van Zandt
(1990) were not so general as the serial results. Only in-
dependent exponential models were shown to be unable
to predict strong position effects (see Proposition 5, Ap-
pendix). The slope of the effects that this model canpro-
duce is very limited, and for large set sizes showing no
slope differences between linear set-size functions, the po-
sition effect function must be flat (see Proposition 8, Ap-
pendix). Our review of the rapid search literature, taken
together with our theoretical findings, suggests that ex-
haustive search strategies are rarely used. We now turn
to a briefconsideration of other experimental designs and
the use of the variance statistic.

Redundant Targets and Reaction Time Variance
A search or detection paradigm in which the observer

is presented with the same target more than once within
the search set, or with targets that require the same (posi-
tive) response, has been called the redundant targets para-
digm (Baddeley & Ecob, 1973; Biederman & Checkosky,
1970; Bjork & Estes, 1971; Estes, 1972; Estes & Tay-
lor, 1964; Snodgrass & Townsend, 1980; Van der Heij-
den, La Heij, & Boer, 1983; Van der Heijden & Menck-
enberg, 1974; Wolford et al., 1968). Mean RI is found
to decrease as the number of redundant targets increases;
this is termed a redundancy gain. These results are in-
consistent with a standard serial, exhaustive processing
hypothesis that postulates equal processing times for all
items regardless of their status as target or nontarget.

If it is assumed that targets are processed faster than
nontargets, however, these results in isolation could pos-
sibly be accommodated by an exhaustive processing
model, in some of the paradigms. In some studies, the
set size is fixed and the number of targets placed among
the distractors on positive trials is varied (e.g., Wolford

et al., 1968). Here, if positive matchesare faster than mis-
matches, one expects mean RI to decrease with the num-
ber of targets. However, in some studies, the set size is
varied, and displayson every positive trial are composed
of the set of all targets (see, e.g., Egeth et al., 1988). De-
creasing mean RI as the positive set size is varied can-
not be explained by fast matches without also assuming
supercapacity processing.

The hypothesis that redundancy gain may be an artifact
due to an observer’s “positional preferences,” rather than
any termination strategy, has also been examined (Bieder-
man & Checkosky, 1970; Mullin, Egeth, & Mordkoff,
1988; Van der Heijden et al., 1983). If an observer at-
tends preferentially to a given position within the display,
the time to respond to a target in that display could be
considerably faster when redundant targets are present be-
cause of the increased probability that a target will be lo-
cated in the preferred position. Note that the effect of a
positional preference on RI is still suggestive of a ter-
minating process; the search is over sooner if the target
falls in a preferred position (i.e., it is processed first).

Further evidence concerning the terminating rule can
be found by examining the RI variance as a function of
increasing load. The time to respond to the presence or
absence of a target within the search set is a function of
the number of comparisons to be made between the tar-
get and the items in the search set. Likewise, the vari-
ance of the response time is a function of the variance
of the comparison times, and in addition, the point at
which the process stops. Exhaustive processing strategies
have no extra variancecomponent representing when the
target was found, or the search terminated, since the stop-
ping point is the same, regardless of the presence or ab-
sence of a target. Terminating strategies, on the other
hand, can show increasing positive RI variance relative
to negative RI variance with increased load, because of
the increased number of possible stopping points in the
search. Most theoretical work on this topic has so far been
done on the standard serial model (Schneider & Shiffrin,
1977; Townsend & Ashby, 1983). Parallel models that
perfectly mimic the standard serial model, such as the ca-
pacity reallocation model (e.g., Townsend, 1974), also
obviously make the same variance prediction.

However, it appears on the basis of informal calcula-
tions that some self-terminating parallel models may not
predict such a strong divergence of the positive and nega-
tive variances. Also, in principle, exhaustive models can
predict some difference in variances between positive and
negative search because the distribution of the positive
match can differ from that for negative matches. It does
seem unlikely that this factor would permit a very large
divergence of variance functions. More theoretical work
on these questions is needed.

Although RI variances are rarely reported, Schneider
and Shiffrin (1977) presented variance data that were con-
sistent with a terminating process. Usingvaried-mapping
and consistent-mapping visual search tasks, they demon-
strated that the RI variances of the positive process in-
creased more rapidly than the RI variances of the nega-
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tive process in the varied-mapping task, whereas the
consistent-mapping task showed no such differences be-
tween positive and negative RT variances. Besides pro-
viding support for the self-terminating hypothesis, these
results also support the notion that consistent-mapping
tasks do not require the completion of a comparison pro-
cess, whereas varied-mapping tasks require an attention-
demanding search.

Summary of Empirical Review
We have discussed a wide range of empirical findings

in rapid search tasks. First, slope differences between
positive and negative set-size functions pervade the visual,
memory, and visual/memory search literature. These
slope differences commonly appear as two-to-one slope
ratios of the negative to positive function. These results
alone provide strong support against the existence of an
exhaustive search. Second, position effects are also widely
observed, usually as shorter mean RTs when a target falls
in the extreme positions (spatial or temporal) of the search
set. Although some exhaustive processingmodels can pro-
ducea limited range ofposition effects, these findings are
generally not supportive of such a search strategy. The
observations that redundant targets within the search set
often produce decreased mean RTs, and that positive RT
variance appears to increase with load more rapidly than
negative RI variance, serve to make the case even more
problematic for the exhaustive processing notion. How-
ever, despite the fact that most studies show one or more
findings insupportable of exhaustive processing, it is in-
teresting to attempt to fit an exhaustive model that per-
mits considerable generality in its assumptions about rates
of processing to actual data. This task is carried out in
the following section.

AN EMPIRICAL APPLICATION

To make clear the preceding argument, we now present
a concrete application of our results. What follows is an
examination of two studies, one that shows significant
slope differences and one that does not. We chose the
studies by Hocldey (1984) and Townsend and Roos (1973)
for our demonstration, because both studies examined
visual and memory search and both studies used varied-
mapping paradigms. The Townsend and Roos study
showed no significant slope differences for either visual
or memory search, but showed sizable position effects for
both. From the previous discussion, we must predict that
no serial exhaustive model can fit these data. The Hock-
ley study exhibited effects consistent with standard serial
self-terminating processing for visual search (which
should implicate poor fits for exhaustive models) and ef-
fects consistent with standard serial exhaustive process-
ing for memory search.

By the previously stated theoretical results, serial ex-
haustive models are qualitatively ruled out by either the
slope ratios or position effects in all but Hockley’s (1984)
memory search experiment. Parallel, limited-capacity

models could possibly fit. We will examine the conditions
that must hold for a parallel, independent exponential, ex-
haustive processing model to be able to fit these four sets
of data (Townsend & Roos, 1973, and Hockley, 1984,
visual and memory search). We will use the conditions
stated in Proposition 6 (see the Appendix), which do not
make any assumptions about the capacity of the system
and thus enhance the capability of this model to fit these
data. The reader is referred to Townsend and Ashby
(1983) for more details on notation and general model-
ing principles applied here, although the present results
are new.

Let n represent the size of the search set, and let v~(n)
be the processing rate for the target in position i. Also
let v(n) be the processing rate for every nontarget. We
will assume for simplicity’s sake that the position effect
functions are not significantly different from linear. The
positive set-size functions have slope s, and for each load
n, the position effect function has slope p (n).

It can be shown that the requirements that must be met
to insure the existence of the rates v~(n)are first that

sn — i~—iIp(n)t> , (1)
\ 2 / v(n)

and second that

(2)

Inequality 1 reflects the condition that must hold to en-
sure the existence of rates vi(n) that can produce the ob-
served position effects. Inequality 2 reflects the condition
that must hold to ensure the existence of any rate v~(n)
that can produce the observed mean processing time. Note
that if Inequality 1 is satisfied, Inequality 2 must be also.
If both of these inequalities hold, it makes sense to solve
for vi(n) and fit the model. If not, there is no need to con-
tinue; no rate greater than zero exists that can produce
the pattern of mean RTs.

To fit the model to the Hockley (1984) and Townsend
and Roos (1973) data, we first calculated regression lines
through the set-size and position effect functions (inter-
polating the position effects for Hockley ‘s data from the
graphs given in his paper). The data were generally linear,
and this gave clean estimates of the slopes of these func-
tions. Fromthese slope estimates, we then calculated the
negativerates for each load and the values needed for one
to check the inequalities above. The regression equations
for the set-size functions and position effects are given
inTable 1 for the Hockley (1984) and Townsend and Roos
(1973) data.

Tables 2 and 3 show the calculations used to test Ine-
qualities 1 and 2. The calculations for Hockley’s (1984)
experiments are shown in Table 2, and the calculations
for Townsend and Roos’s (1973) experiments are shown
in Table 3. The first column of each table is the set size
n. The second column of each table is the mean process-
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Visual set-size functions RT(n) = 58,5n + 431
RT”(n) = 111.7n + 330

Position effect functions RT~(i)— 12.5i + 583 RTl(i) = 28.4i + 579
RT~(i)= 26.0i + 595 RT(i) = 45.li + 555
RT~(i)= 49.Oi + 559 RT~(i)= 24.3i + 609
RT~(i)— 50.6i + 616 RT1(i) = 14.7i + 647

Note—RT~(n) and RT-(n) indicate the positive and negative set-size functions, respectively. RT(i)
indicates the position effects for a search set ofj items.

ing time for the n— 1 nontarget items. The third column
gives the critical values for Inequality 2; the values in this
column must be greater than the values in the second
column, to assure the existence of target processing rates
that will produce the observed set-size function. The
fourth column gives the critical values for Inequality 1;
the values in this column must be greater than the values
in the second column to assurethe existence of target pro-
cessing rates that will produce the observed position
effects. Values that preserve the inequalities—that is, con-
ditions in which positive target processing rates exist—
are underlined.

The parallel exhaustive model fared extremely poorly
with Hockley’s (1984) data, even though the memory
study produced seemingly classic serial exhaustive results.
This is because the positive slope is less than the nega-
tive slope: a slope ratio of 48.9/41.5 1.18. Even though
this ratio is extremely close to one, it is sufficient to pre-
vent the existence of any positive processing rates that
can produce the mean processing time. Given that even
the weak Inequality 2 associated with mean reaction times
is falsified, the strong Inequality 1 associated with posi-
tion effects is violated a fortiori. Hockley’s visual search
study, witha pronounced two-to-one slope ratio and strong
position effects, violated both conditions at all data points.

The parallel exhaustive model fared quite a bit better
with the Townsend and Roos (1973) data. For the mem-
ory search experiment, Inequality 1 was violated for all
position effect functions, but weak Inequality 2 held for
all but the largest memory load. For the visual search ex-
periment, the only violation was for Inequality 1 at the
search set of size three. The exhaustive model did much
better for the visual search study because the positive set-
size function actually increased more rapidly than the
negativeset-size function. Even so, there are no positive
rates that canaccount for the position effects at the search
set of size three.

Notice that none of the preceding computations limited
the capacity of the parallel exhaustive system. In most

Table 1
Regression Lines for Set-Size Functions and Position Effects

for the Visual and Memory Search Experiments
of Hocldey (1984) and Townsend and Roos (1973)

Hockley (1984) Townsend and Roos (1973)

Memory set-size functions RT(n) = 41.Sn + 488 RT’(n) = 26.5n + 599
RT (n) 48.9n + 535 RT (n) = 23.8n + 544

Position effect functions RT~(i)= 14.5i + 579 RT(i) = 36.2i + 545
RT~(i)= —15.Oi + 579 RT;(i) — 46.8i + 540
RT1(i) — 6.5i + 673 RT~(i)= l8.9i + 601
RT~(i)= —4.4i + 752 RT1(i) = 13.9i + 604

RT’(n) = 22.8n + 578
RT(n) = 15.3n + 654

Table 2
Testing the Conditions Under Which Positive Processing

Rates Exist to Produce the Observed RT Patterns in
Hockley’s (1984) Visual and Memory Search Study

fl
~,“(1Ii) n—i

Sn Sfl —

v-(n) 2

Memory Search
S = 41.5

3 120.0 124.5* 110.0
4 172.1 166.0 143.5
5 223.0 207.5 194.5
6 273.4 249.0 238.0

Visual Search
S = 58.5

3 274.2 175.5 163.0
4 393.2 234.0 195.0
5 509.6 292.5 224.5
6 624.6 351.0 224.5

*Points for which rates exist.

Table 3
Testing the Conditions Under Which Positive Processing

Rates Exist to Produce the Observed RT Patterns in
Townsend and Roos’s (1973) Visual and Memory Search Study

~:‘ :(1I~) n—i
n sn sn — Ip(n)l

v(n) 2

Memory Search
S = 23.8

2
3
4
5

35.3
65.0
93.3

120.9

47,6*
71.4*
95.2*

119.0

29.5
24.6
66.9
91.2

2
3
4
5

20.4
37.6
53.9
69.8

Visual Search
S = 22.8

45.6*
68.4*
91.2*

114.0*

31.4*
23.3
547*
84.6*

*points for which rates exist.
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cases, eventhe most supercapacity systemcould not have
produced the observed RT patterns; a targetprocess with
an infinite ratecould not havebeenfast enough. A limited-
capacity parallel exhaustive model could have produced
the Townsend and Roos (1973) visual search results at
the level of the set-size functions. It could not have simul-
taneously produced the observed position effects. The
most striking result from this application is that for Hock-
ley’s (1984) memory search study, with parallel set-size
functions and relatively flat position effects, the parallel
exhaustive model was unable to account for the data. If
the model could have fit one set of data, it should have
been that one. The sensitivity of the model toa 1.18 slope
ratio demonstrates conclusively that the exhaustive search
hypothesis cannot be generally valid.

SUMMARY AND DISCUSSION

Work by Theios et al. (1973) and Townsend (1974) has
shown that self-terminating models (both serial and par-
allel) canpredict arbitrary slope ratios between the nega-
tive and positive set-size functions. Thesemodels can also
predict arbitrary position effects, ranging from strong to
flat. Therefore, self-terminating models can accommodate
all of the diverse rapid search findings observed over the
past 25 years. We have observed that, under conditions
where effortful search could be implicated, the findings
of slope differences and position effects were notpeculiar
to either the memory or the visual search paradigm. Al-
though slope differences are more commonly observed
in visual search, they are sometimes observed in mem-
ory search. Parallel set-size functions are also common
toboth. Position effects occur in most experiments; only
rarely are they not observed.

Unequal slopes and position effects are not impossible
in principle in exhaustive processing, if there are ratedif-
ferences between the match and mismatch processes.
However, our recent mathematical investigations have
proven that both parallel and serial exhaustive predictions
for slope ratios are very constrained. Similarly, strong
position effects cannot be attained by either class of ex-
haustive processes. Thus, exhaustive processes cannot
produce the differences between positive and negative set-
size functions, or the varied range of position effects that
predominate in the experimental search studies reviewed
here. This result was emphasized in a failed attempt to
fit an exhaustive model todata from two published search
studies. The findings that mean RT often decreases with
the number of redundant targets and that positive RI vari-
ances appear to increase relative to negative variances
further contribute to the evidence against exhaustive
processing.

For reasons of parsimony, we argue that self-terminating
processes are responsible for most of the previously re-
counted effects. Various experimental procedures could
have the effect of changing the rate at which individual
comparisons, especially among matches and mismatches,
are made, and so account for the range of findings that

we have presented. The experimental arrangements that
appear to encourage slope ratios of two to one or greater,
or sizeable position effects, may be interpreted as simply
allowing the self-terminating process to exhibit itself
through visible means. When set-size function slopes are
equal, or position functions are flat, the underlying self-
terminating system may just not be so obvious.

An alternative viewpoint is that observers could be ter-
minating search in the studies in which significant slope
or position effects occur, and they could be searching ex-
haustively in those without such effects. Proctor and Healy
(1987) presented evidence that could have suggested that,
in a same-different matching task, an observer’s process-
ing strategy changes depending on the task demands.
When observers were required to respond “same” only
when the items in the two arrays were physically the same
and in the same positions (the order-relevant task), posi-
tion effects were different from those observed when the
position of the stimulus items was irrelevant (the order-
irrelevant task). It seemed plausible that observers were
switching between exhaustive (in the order-irrelevant) and
terminating (in the order-relevant) comparison strategies.

More recently, Proctor, Healy, and Van Zandt (1991)
clarified these findings. They conducted a series of ex-
periments with the order-relevant and order-irrelevant
matching tasks, in which the probability of the location
of a mismatching item varied across display positions, and
the spacing between the display items was varied. These
manipulations were designed to encourage specific com-
parison strategies. Surprisingly, the RI pattern remained
unchanged over conditions, suggesting that any differ-
ences between the order-relevant and order-irrelevant
tasks were due to the different response requirements in
the two tasks. Because the observers seemed unable to
use information about the display conditions to optimize
their performance, these results suggest that observers
may have less control overcentral comparison strategies
than previously thought.

Eriksen and his colleagues have demonstrated further
that strategic control is possibly very limited. Even if the
necessity of “search” is eliminated by presenting the tar-
get in the same position on each trial or by cuing, some
processing of nontarget items is unavoidable (Colegate,
Hoffman, & C. W. Eriksen, 1973; C. W. Eriksen & Col-
lins, 1969; C. W. Eriksen & Hoffman, 1972; C. W. Erilc-
sen & Rohrbaugh, 1970), and there is a lower limit on
the smallest number of display items that canbe processed
(B. A. Eriksen & C. W. Eriksen, 1974; C. W. Eriksen,
Hamlin, & Daye, 1973). Even when the target is spatially
separated from the nontargets, the presence of the non-
targets affects detection performance (Banks & Prinz-
metal, 1976; Gatti & Egeth, 1978).

The fact that some needless nontarget processing must
occur around the area of the target suggests that termina-
tion may not be flawless; indeed, this finding could help
determine why self-terminating processes occasionally
look somewhat like exhaustive processes. Interestingly,
the only model we haveexamined able to predict a wider
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degree of slope differences and position effects, the “be-
fore versus after” model, assumes that processing rates
can speed up after the target is located (Townsend & Van
Zandt, 1990). But then the model is evolving toward self-
termination!

In theory, observers might possibly be induced to per-
form a purely exhaustive scan. Exorbitant penalties for
false-’ ‘negative” responses would guarantee exhaustive
processing. They would also guarantee very slow response
times. It is not our intent to detract from the plasticity
of the human information processing system. The impor-
tance of “top-down” influences in the search task has been
demonstrated many times (Gilford & Juola, 1976; Jones
& Anderson, 1982; Klatzky & Atkinson, 1970; Klatzky
et al., 1971; Klatzky & Smith, 1972; Krueger, 1970).
With simple stimuli and speed stress, it simply is more
parsimonious to consider processes that are terminating
to some degree, either concluding abruptly or gradually
decelerating after the detection of a target. Furthermore,
certain parts of our earlier presentation suggested that such
aspects as instructions and display characteristics could
influence position and slope effects.

We cannot ignore that RI and error rates are corre-
lated variables. It has been convenient to assume that per-
formance in the search task is error free, or that errors
are minimal and constant. There are now powerful self-
terminating models that can accurately predict both reac-
tion time and error data and in fact can handle the usual
ranges of position effects and slope differences (Broad-
bent, 1987; Ratcliff, 1978). It might be interesting to build
and test comparable exhaustive models that predict slope
differences and position effects mainly through variable
error rates, although this may seem theoretically point-
less. The appeal of Ratcliff’s and Broadbent’s models is
that they can elegantly account for search data and the
speed-accuracy tradeoff through the use of psychologi-
cally intuitive parameters. Post hoc manipulation of the
speed—accuracy tradeoff function does not contribute
much to this particular issue.

Finally, questions of a more general nature arise. One
of the hallmarks of the information processing approach
has beento view cognitive architecture as being composed
of distinct subsystems, which interact inconverting input
to final output. The strictest example of this approach is
to view many processing tasks as a series of nonoverlap-
ping and independent subprocesses. If one accepts at least
a general version of this scenario as a working postulate,
one may still ask about which aspects of the data are
(uniquely?) associated with the individual subprocesses.
Whether search is parallel, serial, or something else, it is
critical whether the various aspectsof the data are due to
a search/comparison mechanism or to other subprocesses.

Such questions have recently been raised by Stadler and
Logan (1989) and by Shulman (1990). Stadler and Lo-
gan show that certain structural factors affect RIs in an
experiment in which search is unnecessary. These fac-
tors could, according to their thesis, be producing some
of the major effects associated with memory search ex-
periments in which the same search set is used over a

block of trials. In similarity with our argument concern-
ing consistent mapping, these effects need not arise from
a process devoted to the comparisons per se. Shulman
(1990) emphasizes the probable complexity of the over-
all information processing system involved in visual
search. He points out the difficulty in proving that atten-
tional mechanisms and effects reside in certain processing
“boxes” as well as the dangers in simple dichotomiessuch
as “self-terminating” or “exhaustive.” It is proposed that
other, neglected psychophysical procedures be employed
to aid in analysis of attentional processes.

Both these articles raise important issues that have to
be confronted by cognitive and perceptual psychologists.
They do not, in our opinion, yet constitute strong evidence
against the dual postulates that information is transported
among functionally distinct (if in some cases overlapping
and dependent) subprocesses. Although search or com-
parisons in memory and visual search tasks may not oc-
cur ina single functional subsystem, that is not to say that
the termination strategy differs. We hold that, in rapid
search performance, processing ends soon after the de-
tection of a target, and that unnecessary processing ofall
nontargets does not occur in the absence of external in-
ducements by the experimenter.
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APPENDIX

Theoretical details and proofs of new and recent results (e.g.,
generalizations of previous theorems) are presented explicitly
here for the following reasons: (1) self-containment oftreatment;
(2) availability for examination of new results as well as those
in publications not accessible to some readers; (3) explicit for-
mulas may be employed by others for further modeling; (4) sug-
gestions by reviewers.

Serial Processes
Suppose that a rapid search experiment is performed, in which

all items, targets and nontargets, are placed in each position in
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the search set with equal probability. On any given trial, there
is an equal probability that a positive or negative search set will
be presented, and on positive trials only one target is presented.
For a search set of size n, there are n! possible orders in which
search setpositions could be processed. LetP~(j)be the prob-
ability that orderj is selected for n items, wherej = 1, 2
n!. Allow the random variablebetween the target and the search
set to vary with position in the search set and with the process-
ing path, as well as with load and the identity (positive or nega-
tive) of the item. This comparison time is represented by the
random variable T1~(n)for a target in position i on processing
pathj. Similarly, T

1
(n) is the random variable for the nontarget

processing time.
Two important assumptions are that (1) the probability oftak-

ing any particular processing path does not dependon the pres-
ence or absence of a target; and (2) given aparticular processing
path and position, the negative processing time distribution is
invariant over the presence or absence of a target and its place-
ment. We have not investigated the consequences of violating
Assumption 1. Assumption 2 may be weakened in such a way
that the models begin to approximate (actually, evolve into) self-
terminating models, but then they are no longerexhaustive pro-
cesses. For the serial exhaustive model, total processing time
(for ease ofdiscourse we will call this RT) for anegative trial is

E[RT(n)] = P~,(j)E[RT(n)I processing path j]

=

E~’=I~ P~(j)E[Tj(n)]

= ~~
1
E[T.(n)] = nE[T.(n)1

Mean RT for a positive trial is

E[RT(n )1

= ~‘i~P,(j)E[RT~(n) processing path jj

= ~ P~(j)(lIn)~~
1
E[RT~(n) I processing path j,

target in position i]

= ~‘i
1
P~(j)(lIn) ~ (E[T~.j(n)]+

= E[ T~.(n)] + (n—1)E[TT (n)],

where, according to convention, the subscripted dots indicate
that the associated indices have been “averaged over.” Thus,
the expectations E[T~. (n)] and EITT . (nIl are the average pro-
cessing times for a target and nontarget, respectively, over po-
sition and processing path in asearch setof size n. For brevity,
we will now write these expectations as E[T(n)] andE[T(n)].
We are now in a position to state the following propositions,
applicable to the domain outlined above.

PROPOSITION 1. For the general exhaustive serial nwdel out-
lined above, in which mdividualprocessingtimes can vary with
position, processingpath, load, and identity, then the ratio of
negative to positive slopes of the set-size functions cannot ex-
ceed n / (n—i) for any positive integer value of n. That is,

E[RT(n)j—E[RT(n1)} n

E[RT~(n)]— E[RT~(n—i)} n—l

PROOF. Refer to Townsend and Van Zandt (1990, pp. 478-479).
In this proof, the assumption (stated above) that the positioning
of the target by the experimenter is random is needed. All search
studies cited here obey this provision, unless stated otherwise.

PROPOSITION 2. Under the same constraints as Proposition 1,
this class of exhaustive serial models must be of supercapacity
to encompass strong position effects.

PRooF. Strong position effects are of the same nature and mag-
nitude as thoseproduced by serial self-terminating models with
fixed search path. To say that aserial exhaustive model can pro-
duce strong position effects is equivalent to stipulating that, for
all n j,

E[RT~(n)I target in position j] = ~ EtT1TJ + E[T~]

= E[RT(j)]

= jE[T(j)].

The last two expressions are not indexed by the set size n pre-
cisely because, in the standard serial self-terminating model, the
jth position will alwaysbe reached inj steps. Furthermore, each
step will take the same amount oftime andbe independent from
n and the presence of a target.

Now, set E[RT(n)Itarget in position jI equal tojE[T(j)I
and average over target placements:

E[RT(n)] = (1/n) ~ E[RT(n) I target in position j]

Also,

E[RT(n+ 1)]

= E[T~(n)]+ (n—l)E[T(n)]

= (1/n)~~1jE[T(j)].

= (l/(n+ 1)) ~‘1~ E[RT~(n+1) target in position]]

= (lI(n+1))~~i’jE[T(j)I

= (n/(n+l))E[RT(n)] + E[T(n+l)].

This implies that

(n+l)(n—l)E[T(n+l)] + (n+l)E[T~(n+l)]

= n(n—1)E[T(n)] + nE[T(n)I.

Substitute aE[T(n)I for E[T(n+l)] and
1

3E[T(n)] for
E[T~(n+1)] in the equation above. Ifa or ~3is less than one,
the corresponding process must be supercapacity. Collecting
terms, we see that

(n—l)[a(n+ l)—n]E[T(n)] + [/3(n+ i)—nIE[T(n)1 = 0.

For the sum to equal zero, one of the coefficients involving a
or j3 must be negative. This means that either a <n / (n+ 1),
or ~3<n / (n + 1). Therefore, one of the processes must be
supercapacity.

Parallel Processes
The examination ofparallel models will proceed by expressing

themean processing times in terms ofthe distribution functions
of T(n) and T~(n).All proofs will be constructed by observ-
ing the change in processing time from set size n = 1 to n =

2. Thefinishing time distribution for the random variable T(n)
will be written as G (t,n), and likewise the distribution for T(n)
will be written G(t,n). Becausethe items are processed indepen-
dently and in parallel, order and position considerations have
been abandoned. Although thedistributions may still be assumed
to depend on position, this assumption is not necessary for the
results we present here.
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Before proceeding, note that the mean RTs can now be ex-
pressed as

and

E[RT(n)] = ~[l—G(t,n)”]dt

E[RT(n)] = ~[l —G (t,n)G(t,n)”~]dt

when search is exhaustive. The changes in RT from n = 1 to
n = 2 are then

and

~E(RT) = ~[G(t, l)—G(t,2)
2
]dt

z~E(RT)= ~[G~(t, l)—G~(t,2)G(t,2)]dt.

PROPOsITIoN 3. Ifboth the target and thenontarget processes
are of unlimited capacity, a slope ratio greater than one can
occur only if positive responses are slower than negative

responses.

PROOF. We proceed as in Townsend and Van Zandt (1990)
but with greater generality. If both processes are of unlimited
capacity, the distribution functions are independent of n. That
is, G(t,l) = G(t,2) = G(t) and G(t,l) = G(t,2) = G~(t).
So, the changes in RT become

and

L~E(RT1= ~
0
G(t)[l—G(t)]dt

~E(RT~) = ~
0
G(t)[l—G(t)]dt.

PRooF. Refer to Townsend and Van Zandt (1990), pages
485-486.

Although Townsend and Van Zandt’s (1990) results concern-
ing limited capacity processes were not as strong as we would
have liked, we now state new and stronger results aboutexhaus-
tive parallel processes in whichthe finishing times for each item
are exponentially distributed. We will again allow the target
distribution to depend on the target’s position. Let T

1
* be the

random variable representing the total completion time on aposi-
tive trial in which the target item was located in position i in
the searchset; that is, the sum of processing times for n — 1 non-
targets and the target in position i. Let n represent the size of
the search set, and let v(n) be the processing rate for the target
in position i. Also let v(n) be the processing rate for every non-
target. Note that the nontarget distributions are independent of
position.

Suppose that a rapid searchexperiment is performed in which
it is observed that the negative set-size function has slope r, the
positive set-size function has slope s, and for a given load n,
it is observed that the position effect function has slope p(n).
The quantity sn is the mean of E[T~]over all f—an observed
point on the positive set-size function. We will assume for sim-
plicity’s sake that both the set-size functions and the position
effect functions are linear. Tofit the observed pattern of slopes
and position effects, the mean processing times EETJ1, j = 1,
2 n must satisfy the following system of equations for all n:

E[Tfl — E[T~]= p(n)

— E[Tfl = p(n)

Set ~E[RT1 = aiXE[RT~],or

~G(t)[l—G(t)]dt = a~G~(t)[l—G(t)Idt.

Because G (r), G ~(t), and [1 — G (t)] are all positive, G ~(t) must
be less than G (t) for a> 1. This means that unless a = 1,
E[RT(n)] < E[RT~(n)].

PRoPOSITION 4. Ifthe nontarget process is of unlimited ca-
pacity and all processingtimes are equalwhen n = 1, the tar-
get process must be of supercapacity to produce a slope ratio
greater than 1.

PROOF. Again the procedure is based on Townsend and Van
Zandt but with a more general result. Because the nontargetpro-
cess is of unlimited capacity, G (t, 1) = G (t,2) = G(t). For
all processing times to be equal at n = 1, G ~(t,1) = G (t, 1) =

G(t). The changes in RT are now

and

~E(RTi = ~
0
[G(t)~G(t)~]dt

.~E(RT~)= ~0tG(t)—G(t)G(r,2)Idt.

Set ~EERT1 = a~E[RT],or

S’EG(t)—G(t)2ldt
= a ~[G(t)—G(t)G(t,2)]dt.

0 0

Both G(t) — G(t)
2 and G(t) — G(t) G (t, 2) are positive. There-

fore, if a > 1, then G(t,2) > G(t) = G(t, 1). This means
that the mean target processing time is speeding up as the load
increases; the target process must be of supercapacity.

PROPOSITION 5. An independent exponential, parallel exhaus-
tive model that presumes linear negative set-sizefunctions cannot
produce strong position effects.

E[T~I — E[T7~.
1

]= p(n)

(l/n)[E(T~)+ E(T~)+ ... + E(T~)] = sn,

assuming that the target is placed in any one of the n possible
locations with equal probability. Thefirst n—i equations in this
system merely reflect the conditions on the mean processing
times necessary for the position effect function to be linear with
slope p(n), where p(n) may be positive or negative. That is,
moving the target from position ito position i +1 must add the
quantity p(n) to the processing time. The last equation reflects
the condition that the mean processing time across all target
placements must equal the appropriate point on thepositive set-
size function. This system has the solution

/2i—n—1
E[T

1
]=~ 2 p(n)+sn.

Recall that the slope of the negative set-size function is r. The
negative rate v(n) can be found through the equation

1
(1/i)

v(n) =
nr

This relation between the negative slope and the negative rate
assumes a linear negative set-size function, andparallel, indepen-
dent exponential, exhaustive processing (Townsend & Roos,
1973).

PROPOSITION 6. For an independent exponential, exhaustive
process which produces linear set-size and position functions,
the slopes of these functions must satisfy the following condi-
tions for all n:

jn—l\ __________

sn — l~JIp(n)I> -

v(n)
(1)
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(i/i)
Sn> -

v (n)

The slopes r, s, and p(n) are as defined above. If Condition 1
is not satisfied, no positive rates v,~(n)exist to produce theposi-
tion effects. IfCondition 2 is not satisfied, no positive rates v7(n)
exist to produce the set-size effects.

PROOF. The expression for E(Tt) imposes these bounds; as
v~(n)goes to infinity, or as the target processbecomes infinitely
fast, the processing time for apositive trial with n items tends to
the processing time for anegative trial with n —1 items. That is,

lim ~~kl/i,~~,,E(T
1
) = -

vlkn, v (n)

This can be shown formally, by writing out the expression for
E(T~)in terms of exponential mean fmishing times, but for now
it should be intuitive that this relation must hold: E(T~)must
be at least as long as the time to process the n — 1 nontargets
in the display. Therefore

(2i—n—i _________

p(n)+sn> -

\ 2 v(n)

The absolute value of (2i —n —1) / 2 is largest when i =

and i = n. If p(n) is positive, E(T~) is smallest when i = 1:

n—i
E(T

1~
)= sn — —~j—p(n).

Ifp(n) is negative, E(T~)is smallest when i =

n—i
E(T~)= sn + -~-~— p(n).

Because the inequality must hold for all i, regardless of p(n),
it can be seen that

In—i)
sn — i— p(n)i>

v(n)

from which it follows that

(i/i)
sn> -

v (n)

The first inequality reflects the condition that must hold to en-
sure the existence of rates v~(n)that can produce the observed
position effects. The second inequality reflects thecondition that
must hold to ensure the existence ofany rate v~(n)that can pro-
duce the observed mean processing time. Ifeither of these ine-
qualities is violated for a particular n or i, the mean positive
RT must be faster than the time to process the n — 1 nontargets,
and so no positive rate greater than zero exists that can produce
the pattern of mean RTs.

We can use Conditions 1 and 2 to explore therange of slope
differences and position effects that this exhaustive model can
produce. First, express sn (the mean positive processing time
for a given load n) as am, where a is some positive constant
and r is the slope of the negative set-size function. That is, let

the positive processing time be proportional to the negative pro-
ceSsing time. Ifa < 1, thepositive set-size function increases
less rapidly than the negative set-size function. If a = 1, the

(2) set-size functions are parallel.

PRoPOSITIoN 7. An independent exponential, parallel exhaus-
tive model with linear set-sizefunctions and position effects can
produce no slope ratio greater than 3:2.

PROOF. From the expression for v(n) given above, Condi-
tion 2 can be rewritten as

am>

a>
~

1
(1/i)

Thus, the smallest value that a can assume is 2/3, and then only
when theload is two. This means a maximum positive to nega-
tive sloperatio of 3:2. As n growslarger, a is further constrained
and eventually cannot be less than one.

PRoPOSITIoN 8. In thepreceding independentexponential, par-
allel exhaustive model, the slope of the position effect function
is constrained to be between — 4/3 and 4/3. As the set size in-
creases, the range of possible slopes decreases, and the posi-
tion effects must become flatfor large n; similarly, the set-size
functions must become parallel.

PROOF. Without loss of generality, assume that the negative
slope r equals one. This assumption only involves a transfor-
mation of the time scale. Substituting am = an for sn, Condi-
tion 1 can be rewritten as

(n—l)
an - Ip(n)I > [~(l/i)/nI’

2

which can be simplified to yield

2n ________a — > Ip(n)I.
n—i

(2) Ifa = 1, the set-size functions are parallel. Ifa < 1, theposi-
tive slope is less than the negative slope. The absolute value
ofp (n) can be largest when n = 2 and a = 1. In this case, the
slopeof the position effect function must be between —4/3 and
4/3. As n grows larger, however, the range ofp(n) decreases,
until p (n) finally becomes bounded by 2(a —1); if a = 1, the
position effect functions must become flat.

Notice that if a < 1 for large n, the inequality is violated
because Ip(n)I must be nonnegative. Hence, for large n, the
occurrence of slope differences prohibits the existence of ex-
haustive processing rates that can accommodate either position
effects or the slope differences between the set-size functions.

and

(1) or
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