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Abstract—The visual environment is extremely rich and complex,
producing information overload for the visual system. But the envi-
ronment also embodies structure in the form of redundancies and reg-
ularities that may serve to reduce complexity. How do perceivers
internalize this complex informational structure? We present new evi-
dence of visual learning that illustrates how observers learn how
objects and events covary in the visual world. This information serves
to guide visual processes such as object recognition and search. Our
first experiment demonstrates that search and object recognition are
facilitated by learned associations (covariation) between novel visual
shapes. Our second experiment shows that regularities in dynamic
visual environments can also be learned to guide search behavior. In
both experiments, learning occurred incidentally and the memory rep-
resentations were implicit. These experiments show how top-down
visual knowledge, acquired through implicit learning, constrains what
to expect and guides where to attend and look.

Top-down perceptual knowledge helps prescribe what visual
objects to expect and which objects demand more attention in a partic-
ular behavioral context. For example, the visual context of a scene (e.g.,
kitchen) facilitates recognition of objects (such as toaster or refrigera-
tor) relevant to that context (Biederman, Mezzanotte, & Rabinowitz,
1982; Palmer, 1975; but see Hollingworth & Henderson, 1998), while
irrelevant features and objects tend to receive less processing priority
(Rensink, O’Regan, & Clark, 1997). Imagine the outdoor scenery you
encounter every day on your way to work. The spatial layout of land-
marks in the environment tends to be stable over time and provides use-
ful cues for navigation. As you drive, you may notice that even moving
objects (such as other cars) move around in somewhat predictable
ways. If not for such predictability, how could one maintain sanity
while switching lanes toward the off-ramp on a highway commute?

These examples illustrate that the visual world is highly structured,
such that objects and events tend to covary in predictable, invariant ways
(Biederman, 1972). Knowledge of this structure may serve to reduce the
large amount of uncertainty and complexity that exists in the stimulus
input (Gibson, 1969, 1991) and can provide useful constraints on visu-
al processes such as object recognition or search. Given the richness of
visual structure in the environment (Garner, 1974), how do perceivers
utilize this information? It seems likely that environmental structure
must be represented within the brain in order to constrain perceptual
processing. Hence, it is important to consider how such visual structure
is learned by observers through interactions with the visual world.

We recently introduced a new paradigm to examine how useful top-
down knowledge is extracted from visual experience (Chun & Jiang,
1998). We showed that perceivers are sensitive to the context of visual
targets, so that implicit learning and memory of novel visual context

information can guide attentional deployment, facilitating visual
behaviors such as search. We described this process ascontextual
cuing.Subjects were asked to locate and identify a rotated-T target pre-
sented among rotated-L distractor objects. This is a serial search task
that requires attentional scrutiny of the display (Duncan & Humphreys,
1989; Treisman & Gelade, 1980; Wolfe, Cave, & Franzel, 1989).A role
for context influencing search was examined as follows. First, global
context was defined as the spatial layout of the distractor objects in the
visual search array. Second, we generated a set of these displays and
made them invariant by repeating them across blocks throughout the
experimental session. We refer to these asold contexts. Finally, targets
appeared in consistent locations within their invariant contexts. Hence,
the invariant configurations were predictive of the location of embed-
ded targets. The question was whether subjects would be sensitive to
this contextual information. If so, over time, search would be facilitat-
ed for targets appearing in old contexts, relative to targets appearing in
new contexts, randomly generated in each block to serve as a control.

In several experiments, search performance was faster for targets
appearing in old contexts than for targets appearing in new contexts
(Chun & Jiang, 1998). This benefit was termed contextual cuing
because visual context information served to cue spatial attention to
target locations. The context was encoded implicitly during visual
search; subjects were never instructed to encode the array, nor did any-
one report ever having tried to. The resulting memory representations
that guided attention were also implicit. An explicit recognition test
revealed that subjects could not consciously discriminate between old
and new contexts. Hence, memory and attention interact in important
ways, with perceptual processing being influenced by implicit memo-
ry traces of past perceptual interactions. In other words, visual learn-
ing allows for useful and specific top-down knowledge to be derived
and applied to subsequent acts of perception.

The goal of the present study was to show that visual learning
occurs for a wide variety of qualitatively different types of visual infor-
mation important for perception and behavior. Our previous study
(Chun & Jiang, 1998) focused on cuing of target location on the basis
of implicit learning of spatial layout. Spatial layout is an ecological
variable because landmarks and global structures, as well as their con-
figurations in the environment, tend to be stable over time. However,
visual learning mechanisms must be able to encode other types of visu-
al regularities and structure, too. Here, Experiment 1 tested whether
associations between novel objects can be learned to facilitate percep-
tual processing. Such object association learning would be fundamen-
tal for constructing perceptual schemas. Experiment 2 examined
whether dynamic regularities are encoded. Sensitivity to such regulari-
ties is important because observers interact with a dynamic visual envi-
ronment in which objects move about and change in a regular manner.

EXPERIMENT 1

Perceptual schemas specify how objects covary. For example,
ovens and refrigerators are typically found in kitchens, barns and
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chickens on farms, desks and computers in offices. This information is
acquired over a lifetime of visual experience, based on detection of
invariant covariation between related objects. Experiment 1 intro-
duced a new paradigm to examine how covariation between visual
objects may be learned and how these associations may support top-
down expectancies.

We asked subjects to search for novel target objects presented in
visual arrays of other novel distractors. We wished to examine whether
the shape of targets could be cued, or primed, by the set of distractor
shapes that covaried with the presentation of the target over the course
of visual experience (the experimental session). The question was, can
observers learn the association between novel target shapes and novel
distractor shapes? We also examined whether such learning can occur
without explicit instruction or intention.

Method

A sample search array is shown in Figure 1. The target of each trial
was defined as the single object whose shape was symmetric around
the vertical axis. This criterion allowed us to define a target for the
search task without specifying the actual shape of the target. Each dis-
tractor was symmetric around an axis that was oriented away from the
vertical axis.

Ninety-six different novel objects were generated. Sixteen of the
objects were symmetric around the vertical axis (0°) and were used as
targets. The remaining 80 objects were used as distractors. The dis-
tractors formed five groups of 16 different objects each; these five
groups were symmetric around the 30°, 60°, 90°, 120°, and 150° axis
of global orientation, respectively. The objects were colored white and
presented on a gray background. For each search trial, 11 items (1 tar-

get, 10 distractors) were randomly arrayed in an invisible 8 × 6 grid
that subtended 40° × 30° of visual angle. The 10 distractors formed a
distractor set, which consisted of five different distractor types
(shapes); each type was randomly replicated zero to two times to pro-
duce a total of 10 distractors on each trial. The location of the target
and the configuration of distractor items were randomized for every
trial, in contrast to the fixed target locations and configurations used in
previous studies of contextual cuing (Chun & Jiang, 1998).

The task was to search the display and detect the single object that
was symmetric around the vertical axis. Subjects were asked to do this
as quickly as possible, pressing the space bar immediately upon detec-
tion. Once they pressed the space bar, the screen of novel objects was
erased and replaced by an array of 11 letters (drawn from a random-
ized set of 25 alphabet letters, excluding I), each occupying the loca-
tion in which an object had been presented in the previous frame.
Subjects were required to type in the identity of the letter that occu-
pied the location that the target object had appeared in. This probe task
ensured that subjects correctly localized the target before pressing the
space bar. Subjects were told that the probe response was not speeded.
Immediate error feedback was provided in the form of auditory tones.

A 6 × 2 design was used. One factor was epoch. The experiment
included six epochs of trials, and each epoch comprised four blocks.
The epoch factor was crossed with two mapping conditions (consistent
vs. variable).1 In the consistent-mapping (i.e., old) condition, each of
the targets was paired with a distractor set, and this pairing was pre-
served throughout the experiment (repeated across blocks). In the
variable-mapping (i.e., new) condition, the pairings between target
and distractor sets were randomized from block to block. Each block
contained eight consistent-mapping and eight variable-mapping trials.
Eight of the 16 target objects were randomly assigned (separately for
each subject) to the consistent-mapping condition, and the other 8
were assigned to the variable-mapping condition. In addition, eight
distractor sets were assigned to each mapping condition.

Seventeen Yale University subjects with normal or corrected-to-
normal visual acuity participated in a 1-hr session for pay or course
credit. Subjects were simply instructed to perform the search task, and
there was no indication that they should try to encode or learn the dis-
plays in any manner.

Results and Discussion

One subject’s data were not included in the analysis because of low
accuracy (82%). For the other 16 subjects, reaction times (RTs) below
200 ms and above 5,000 ms were removed from the data. Less than
1.3% of the data was omitted as a result of this procedure. Mean accu-
racy averaged above 98% correct and did not differ between the con-
sistent- and variable-mapping conditions (all Fs < 1).

The mean RT data are shown in Figure 2. The main result was that
search performance was faster for the consistent-mapping condition
than for the variable-mapping condition,F(1, 15) = 10.98,p < .005.

Fig. 1. Schematic display of a search trial in Experiment 1. The target
was the single object that was symmetric around the vertical axis.
Immediately upon detection, subjects pressed a space bar, reaction
time was recorded, and the display was replaced with a probe array of
letters. Subjects entered the probe letter that appeared in the target
location, providing an accuracy measure of correct target localization.

1. This manipulation corresponds to the well-established distinction
between consistent and variable mapping, introduced by Schneider and Shiffrin
(1977; Shiffrin & Schneider, 1977). One difference is that our variable-
mapping condition did not involve a mapping reversal between target and dis-
tractor shapes. And although consistent mapping is proposed to facilitate
learning and performance, we do not claim that this will necessarily lead to
complete automaticity in our paradigm.
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This result shows that subjects learned the associations between dis-
tractor identities and target identities, so that sensitivity to the distrac-
tor context facilitated search performance. There was also a main
effect of epoch,F(5, 75) = 14.79,p < .001. Although the overall inter-
action between mapping condition and epoch was not significant, the
interaction was significant when restricted to the first two epochs,F(1,
15) = 7.74,p < .02. Thus, the difference between mapping conditions
reflects a learning effect that becomes significant after one epoch (four
repetitions of each pairing of a target and distractor set).

These results show that subjects encoded the context of targets and
used this information to guide object recognition and search. Did con-
scious recognition of the distractor shapes and awareness of the asso-
ciative target-distractor pairings drive this learning? To answer this
question, we looked at the results of an explicit recognition test admin-
istered at the end of the experiment. We informed the subjects that
some targets were paired with the same set of distractors throughout
the experiment. When asked if they had noticed this, 4 of the 16 sub-
jects reported that they had. None of the subjects reported trying to
memorize the object identities or associative pairings, however. In
addition, we administered a forced-choice discrimination test. This
test consisted of one block of trials that presented a randomly ordered
set of eight consistent-mapping displays and eight random-mapping
displays, one at a time. Instead of performing the search task, subjects
were asked to choose whether each display contained an “old” or
“new” identity association. All subjects performed at chance in this
task (M = 48%), and hit rates (M = 17%) and false positive rates (M =
19%) did not differ (p > .49). The 4 subjects who reported awareness
of the repeated pairings also performed at chance (M = 48%).

These findings demonstrate that observers implicitly learn covari-
ation between novel visual objects and are consistent with a previous
study that showed learning of co-occurrences between pairs of word
stimuli (Logan & Etherton, 1994). In our experiment, subjects were

sensitive to the context of target events, and learning of target-context
associations occurred when the identities of distractors in the context
covaried with the identity of the target. This learning facilitated search
performance, a process we call contextual cuing (Chun & Jiang,
1998). In contrast to our 1998 study, search facilitation in this experi-
ment occurred for targets appearing in unpredictable locations, sug-
gesting that context was cuing the identity of the targets.2 These results
point to a covariation learning mechanism that may be fundamental
for constructing perceptual schemas that guide top-down expectan-
cies. A multitude of such memory traces may be established through
the course of visual experience, and we hypothesize that these memo-
ry traces are specific and instance-based (Logan, 1988), allowing for
fine-tuned matching (Chun & Jiang, 1998). Top-down knowledge is
based on such memory traces for the set of objects a target object typ-
ically covaries with.

It is worth noting that visual learning occurred implicitly. Hence,
these results demonstrate a new form of implicit learning for encoding
covariation between novel visual objects. Existing work has demon-
strated implicit covariation learning between visual attributes and
other variables such as personality or target location (Lewicki, 1986a,
1986b). Going beyond these interesting findings, our results show
robust implicit learning of covariation between novel visual objects.
Such covariation learning forms a useful top-down mechanism for
visual perception. In the General Discussion, we elaborate on why
implicit learning is useful and important.

EXPERIMENT 2

A wide variety of behavioral situations suggest that it is crucial to
be able to predict how objects in the environment move and change
over time. For instance, safe driving relies on everyone’s ability to per-
ceive and predict the movement of other cars. Also, consider what a
football quarterback views when trying to find a receiver weaving
through a violent sea of other moving players. Predictability of how
objects move about, and sensitivity to this predictability, is critical in
these and a wide variety of additional contexts. Yet the ability to track
multiple moving objects is severely limited in capacity and requires
attention (He, Cavanagh, & Intrilligator, 1996; Pylyshyn & Storm,
1988; Yantis, 1992). Top-down knowledge of regularities in the
dynamic environment may help overcome the taxing demands of
tracking multiple objects.

Experiment 2 examined whether dynamic regularities can be
learned and how they may guide search behavior. We employed
dynamic visual displays to mimic the dynamic visual world. Subjects
performed visual search for a rotated-T target among L-shaped dis-
tractors. All of these search items moved independently around the
screen, under the constraint that they were not allowed to run into each
other or disappear off the screen. The animation sequences were sim-
ilar to those used in tracking studies (He et al., 1996; Pylyshyn &
Storm, 1988; Yantis, 1992).
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Fig. 2. Mean correct response time for target detection in the variable-
mapping and consistent-mapping conditions in Experiment 1, as a
function of epoch. The error bars represent the SEM(N = 16).

2. Note that perceptual schemas also specify the locations in which objects
can typically appear relative to each other (Biederman et al., 1982). We are cur-
rently investigating whether observers can learn both identity and location con-
straints. However, for present purposes, we focus on identity cuing to
generalize contextual cuing beyond configurational cuing of target location
(Chun & Jiang, 1998).
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Method

Figure 3 shows a schematic trial.3 Each trial consisted of an ani-
mation sequence of eight independently moving objects. One of these
items was designated as the target, a T shape pointing left or right, and
the subjects were instructed to locate the target and press a button cor-
responding to whether it was pointing left or right. The orientation of
the target remained constant as it moved. The rest of the items were L-
shape distractors, each rotated randomly in one of four directions. A
target was present on every trial. The white search items (each 1.4° ×
1.4° of visual angle in size) moved around a gray field that subtended
approximately 40° × 30° of visual angle. The motion sequences were
generated using apparent motion of 15 frames presented at a rate of 8
frames per second. All of the items moved at a constant frame-to-
frame velocity of about 14° of visual angle per second. The direction
of each item’s movement from frame to frame was constrained to
occur within ±30° of the present trajectory. Trajectories were allowed
to change more abruptly at the invisible boundaries of the window or
in collision paths with other items.

Each trial started with a small fixation dot appearing in the middle
of a computer screen. After a pause of 500 ms, the array of stimuli
appeared on the screen. The initial configuration of items was equated
for the two conditions to prevent cuing based on this initial array. Also,
the targets and distractors were indistinguishable from each other in
the first 360 ms of each trial to allow enough time for the motion
sequences to evolve in a unique manner. Hence, every item in the first
frame appeared as a cross, and over the course of four frames (the first
480 ms), each of the items slowly morphed into either a T target or an
L distractor. Subjects monitored each animation sequence for the tar-
get and pressed one of two response keys corresponding to the identi-
ty of the localized target. Error feedback was given in the form of
auditory tones. The target identity (left-facing or right-facing) and cor-
responding response were randomized for each trial so that they were
not correlated with any of the displays. The motion sequence stopped
after 2 s, and the final configuration of items remained on the screen
until a response was made. The prolonged presence of the last frame
did not affect our results because motion contextual cuing was estab-
lished for RTs under 2 s, while the items were still in motion.

As in Experiment 1, the two main variables were condition (con-
sistent vs. variable) and epoch (1–6). Each epoch contained three
blocks. The consistent set of stimuli consisted of randomly generated
motion sequences that were repeated throughout the entire experi-
ment, once per block. Embedded target trajectories were fully corre-
lated within each of these invariant global contexts of distractor
trajectories. The variable set of stimuli consisted of motion sequences
that were newly generated for each block and hence were not corre-
lated with the target trajectories. Because sensitivity to global invari-
ance would cue the target trajectory in the consistent condition, we
predicted faster search performance in that condition than in the con-
trol baseline condition (variable condition). Each block contained an
intermixed set of six different consistent-mapping trials and six differ-
ent variable-mapping trials. The target trajectories used in the
variable-mapping displays were repeated across blocks, controlling
for learning of target trajectory per se. Hence, the consistent and vari-
able conditions differed only by their distractor motion trajectories.

Twelve subjects participated. As before, subjects were simply
instructed to perform the search task as quickly and as accurately as
possible.

Results

Accuracy averaged above 95% correct and did not differ between
the consistent and variable conditions (all Fs < 1). Mean search per-
formance for targets was significantly faster in consistent displays
than in the variable condition,F(1, 11) = 9.99,p < .01. Figure 4 plots
search RTs for targets in the two conditions as a function of epoch.
The benefit for consistent displays was significant after just three rep-
etitions (122-ms difference in Epoch 2,p < .05, one-tailed t test). Thus,
the results indicate that subjects were sensitive to invariant regularities
in the complex, dynamic displays, and that these invariants guided
attention to embedded targets, facilitating search.

To rule out the possibility that improved search performance was
based on explicit recognition of the displays, we queried each subject
about the repetition manipulation and administered an explicit recog-
nition test, as in Experiment 1. Only 1 of the 12 subjects reported notic-
ing the repetition manipulation, and no one reported trying to encode
the displays explicitly. Moreover, explicit recognition accuracy was at
chance levels (overall accuracy = 49%, hit rate = 31%, false alarm rate
= 33%). Hence, as in Experiment 1, learning occurred without intent to
encode the displays, and the resulting implicit representations of con-
text facilitated search without supporting conscious recognition.
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Fig. 3. Sample animation sequence used in Experiment 2. Each trial
began with a fixed configuration of crosses (shown in light gray),
which evolved into target and distractor items by Frame 4 (shown in
black) of the animation sequence. This allowed enough time for the
motion sequences to emerge in a unique manner from a fixed starting
configuration held constant across conditions. Subjects performed
visual search for a rotated T among rotated Ls. All of the objects
moved independently around the screen following the schematic
motion trajectories illustrated by the arrows. A dynamic demonstration
of a sample trial is available on the World Wide Web at http://
pantheon.yale.edu/~yj23/DynamicSearchDemo.html.

3. A dynamic version of a sample trial is available on the World Wide Web
at http://pantheon.yale.edu/~yj23/DynamicSearchDemo.html.
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This is a remarkable, new form of implicit learning given that the
dynamic contexts were defined by complex motion trajectories of
multiple distractor events, and subjects were not informed of any con-
tingencies between targets and distractors. Previous work on implicit
procedural learning demonstrated benefits for making motor move-
ments to single target events (lights) that appeared in a fixed sequence
of different locations (Lewicki, Hill, & Bizot, 1988; Nissen & Bulle-
mer, 1987) or to single targets that moved around the screen (Frith &
Lang, 1979). These tasks involved both perceptual and motor compo-
nents.4 In contrast, our task minimizes contributions of motor-
response learning, while illustrating a new form of perceptual learning
that facilitates search performance on the basis of covariation between
multiple perceptual motion trajectories, including those of distractor
events. Put more simply, whereas the implicit-procedural-learning
studies are relevant for understanding how people become proficient
at playing the piano or typing on a keyboard, our demonstration illus-
trates how people use dynamic visual information to guide behaviors
such as driving or selecting targets (e.g., as in determining where to
pass the ball amidst a field of moving players in a team sport).

GENERAL DISCUSSION

Top-down knowledge places important constraints on visual pro-
cessing. This study illustrates how useful top-down knowledge is

extracted from the visual input. Specifically, observers are sensitive to
regularities and covariation that are invariant (repeated) over time. Per-
ceptual covariation learning is supported by implicit memory traces of
perceptual interactions that accumulate during the course of visual
experience (Chun & Jiang, 1998; Logan, 1988).

The ability to pick up and encode regularities in the visual environ-
ment is of great ecological significance. As Gibson (1969) has long
argued, this ability serves to reduce complexity and increase predictabil-
ity. In Experiment 1, object recognition and search were facilitated by
implicit learning of associations between novel distractor sets and novel
target shapes, much as an oven may cue the presence of a toaster in every-
day life. In Experiment 2, regularities in dynamic environments also cued
search, as a global field of moving basketball players constrains how to
move and where to pass the ball. In sum, useful top-down perceptual
knowledge is routinely derived from structured visual experience. Much
of this sophisticated learning appears to occur in an implicit manner.

The implicit nature of learning and memory is highly useful for visu-
al perception (Chun & Jiang, 1998). Implicit operations are durable
over time, are robust across interference, and perhaps most important,
exhibit high capacity (Reber, 1989; Seger, 1994), releasing limited-
capacity cognitive processes so that cognitive resources become avail-
able for other processes that may require conscious mediation. Indeed,
sophisticated, unconscious mechanisms are proposed to have a broad
and profound influence on perception and cognition (Berry & Dienes,
1993; Kihlstrom, 1987; Stadler & Frensch, 1998). For instance, Le-
wicki and his colleagues (Lewicki, 1986a, 1986b; Lewicki, Hill, &
Czyzewska, 1992) have argued that complex covariant information in
the environment is typically encoded in an implicit, unconscious man-
ner. Moreover, such implicit mechanisms are potentially available very
early in life to guide perceptual development (Gibson, 1969).

We propose that such implicit learning occurs whenever invariant
information in the environment is predictive and informative for a behav-
ioral task or situation. In other words, reinforcement occurs only for task-
relevant contextual cues that reduce uncertainty and facilitate behavior
(Ahissar et al., 1992; Gibson, 1969; Thorndike, 1911/1965). Hence,
learning was exhibited in our task because the visual contexts were cor-
related with target shape or motion trajectory. An alternative hypothesis
is that subjects were learning to search through repeated displays more
quickly because of low-level repetition priming (Bar & Biederman,
1998; Tulving & Schacter, 1990). This latter account predicts facilitation
from repetition (which primes early perceptual mechanisms), indepen-
dent of whether targets are correlated with invariant contexts. However,
note that target shapes and distractor sets were repeated the same num-
ber of times in the variable and consistent conditions in Experiment 1, yet
contextual cuing was obtained only when targets and contexts were
meaningfully correlated. These results indicate a role for associative
learning rather than low-level perceptual priming in contextual cuing.
Although such a direct comparison is not available in Experiment 2,
unpublished data from our lab indicate that no contextual cuing was
obtained when target trajectories were decorrelated from their otherwise
invariant contexts. Thus, contextual cuing is not produced by repetition
per se, but rather is driven by meaningful environmental covariation.5
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Fig. 4. Mean correct response time for target detection in the variable
and consistent conditions of Experiment 2, plotted as a function of
epoch. The error bars represent the SEM(N = 12).

4. Implicit-learning studies have examined separable contributions of per-
ceptual learning versus motor learning in serial RT tasks (Howard, Mutter, &
Howard, 1992; Mayr, 1996). However, these effects were still restricted to
learning of single-target sequences toward which a response was performed or
explicit awareness was engaged.

5. Low-level perceptual priming and procedural learning do contribute to
the overall level of performance, of course. This is indicated by the global
improvement in the baseline variable-mapping condition and is dissociable
from the covariation learning that produces contextual cuing (the additional
benefit for the consistent-mapping condition).
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In closing, the present results highlight the importance of implicit
learning and memory mechanisms in perception and cognition. Com-
plex covariation in the environment can be learned to guide behavior
because the informational structure in the environment helps reduce
uncertainty. Learning mechanisms bring such useful top-down knowl-
edge of the visual world into the mind, allowing perceivers to benefit
from visual experience.
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