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The visual system can calculate summary statistics over time. For example, the multiple frames of a
movie showing a dynamically changing disk can be collapsed to form a single representation of that
disk’s mean size. Summary representations of dynamic information may engage online updating
processes that establish a running average of the mean by continuously adjusting the persisting
representation of the average in tandem with the arrival of incoming information. Alternatively, summary
representations may involve subsampling strategies that reflect limitations in the degree to which the
visual system can integrate information over time. Observers watched movies of a disk that changed size
smoothly at different rates and then reported the disk’s average size by adjusting the diameter of a
response disk. Critically, the movie varied in duration. Size estimates depended on the duration of the
movie. They were constant and fairly accurate for movie durations up to approximately 600 ms, at which
point accuracy decreased with increasing duration to imprecise levels by about 1,000 ms. Summary
statistics established over time are unlikely to be updated continuously and may instead be restricted by
subsampling processes, such as limited temporal windows of integration.
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The complexity and quantity of information present in the
natural world far exceeds the processing abilities of our perceptual
and cognitive systems, and yet our perception of the world seems
complete (Luck & Vogel, 1997; Nakayama, 1990; Noë, 2002;
Raymond, Shapiro, & Arnell, 1992; Rensink, O’Regan, & Clark,
1997). This suggests that the system is equipped with a variety of
mechanisms that abstract the large amount of available informa-
tion in a manner that preserves behaviorally relevant data but that
also minimizes computational load. One such collection of mech-
anisms is called summary statistics, which refer to the set of
processes that generate representations based on the statistical
regularities that are often shared among groups of similar items (in
contrast to representations of individual items; Alvarez, 2011;
Ariely, 2001; Chong & Treisman, 2003, 2005a, 2005b; Corbett &
Oriet, 2011; Parkes, Lund, Angelucci, Solomon, & Morgan, 2001).
A summary of the people in a crowd, for example, may reflect the
mean spatial location or mean emotional expression of all mem-
bers of the group (Alvarez & Oliva, 2008; Haberman, Harp, &
Whitney, 2009; Haberman & Whitney, 2007, 2009). These simpler
summary representations can in turn be used in the control of
behavior to avoid, say, the most densely populated region of space
or events causing reactions of fear.

Summary statistics are proposed to serve a foundational role in
early visual processing as well as in later visual awareness (e.g.,
Ackermann & Landy, 2014; Alvarez, 2011; Whitney, 2009). Many
phenomena from crowding to visual search to gist perception are
thought to derive from summary representations that abstract a
large amount of visual information early within the stream of
perceptual processing (e.g., Balas, Nakano, & Rosenholtz, 2009;
Haberman & Whitney, 2011; Rosenholtz, 2011). These coarse
representations, which are thought to develop within the first 9
months of life (Zosh, Halberda, & Feigenson, 2011), may be the
key to understanding how we establish a subjectively rich impres-
sion of the surrounding environment (Noë, 2002; Noë, Pessoa, &
Thompson, 2000).

The study of summary statistics began with evidence that hu-
mans can form a summary of mean size for a large set of different-
sized circles. Observers were asked to compare the perceived mean
size of the set of circles to the diameter of a subsequently presented
probe circle (Ariely, 2001). The set never included a circle that
matched the mean size of the set exactly, yet observers could
report whether the size of the probe was smaller or larger than the
mean size of the group for diameter differences as small as 4–6%.
Critically, when observers were asked to report which of two probe
circles had been a member of the set, performance plummeted
to chance levels. These results indicate that observers were able to
compute the mean size of a set of stimuli quite accurately, even
when they failed to either identify or remember the sizes of
individual stimuli from the set (see also Brady & Alvarez, 2011;
Corbett & Oriet, 2011; Demeyere, Rzeskiewicz, Humphreys, &
Humphreys, 2008). The inability to remember the properties of
individual items within a set is one property that distinguishes
summary statistics from object perception.

Most studies of visual summary representations have used static
arrays of spatially distributed items. Although vision is fundamen-
tally spatial, natural visual environments are dynamic. Adding to
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the breadth and scope of conditions over which statistical summa-
ries are formed is the finding that they are computed across time as
well as space (e.g., speed: Emmanouil & Treisman, 2008; Wata-
maniuk & Duchon, 1992; direction of motion: Dakin & Watt,
1997; Williams & Sekuler, 1984; Watamaniuk, Sekuler, & Wil-
liams, 1989; size using discrete displays: Corbett & Oriet, 2011;
Im & Chong, 2009; Morgan, Watamaniuk, & McKee, 2000; Weiss
& Anderson, 1969). Notably, Albrecht and Scholl (2010) tested
whether the visual system can extract a representation of mean
diameter for a single test disk that continuously contracted and
expanded over several preset “anchor point” diameters (or inflec-
tions). The sizes of the anchor points remained constant while the
rate at which the disk transformed varied. Estimates were affected
by the speed at which the disk changed, suggesting that observers
were establishing a mean of disk size based its rate of change
rather than on a simplified mean that included only the sizes of the
anchor points.

The sampling procedures used to form spatial and temporal
ensemble representations are currently unknown but are necessary
to inform whether summary statistical performance is the accom-
plishment of a new set of mechanisms used by the visual system or
more simply the output of known cognitive mechanisms (Myczek
& Simons, 2008). In the spatial domain, debate persists over
whether all items, most items, or only a small subset of items, are
incorporated into the average (Ariely, 2008; Chong, Joo, Emman-
ouil, & Treisman, 2008; Dakin, 2001; Myczek & Simons, 2008).
The fact that observers’ performance at recognizing any one indi-
vidual item from a set of stimuli over which they established a
summary statistic is often at chance (Ariely, 2001; Chong &
Treisman, 2003, 2005a, 2005b) has suggested to some that all
items are incorporated into the summary and that details of indi-
vidual items are lost (Ariely, 2001). In addition, estimates of mean
size become more accurate as the number of items increase (Robi-
taille & Harris, 2011) and are little affected by the specific type of
distribution from which the stimuli are sampled, as long as they
have the same mean (Chong & Treisman, 2003). Evidence of this
sort suggests that the whole array is averaged. However, simula-
tions by Myczek and Simons (2008) demonstrated that averaging
over a subsample of only a few items from a large set was
sufficient to yield performance levels similar to those observed by
Ariely (2001) and Chong and Treisman (2003, 2005a, 2005b).

The dominant view of summary statistics, namely that they
create a rich representation of our perceptual world by occurring
quickly and automatically in a capacity-free manner (e.g., Alvarez,
2011; Chong & Treisman, 2003, 2005a, 2005b; Parkes et al., 2001;
Robitaille & Harris, 2011; Rosenholtz, 2011, but cf. Attarha &
Moore, 2015a; Brand, Oriet, & Tottenham, 2012; Jacoby, Kamke,
& Mattingley, 2013; Marchant, Simons, & de Fockert, 2013;
Whiting & Oriet, 2011) implies that they can be established via
continuous updating mechanisms that unfold online. Albrecht and
Scholl (2010) confirmed that observers can compute a weighted
mean of size and ruled out the possibility that observers simply
subsampled salient transitions (i.e., averaged the smallest and
largest disk sizes). Here we ask whether those summary represen-
tations are established by a continuous online-updating strategy,
where all of the information is incorporated into the summary
representation, or instead by some alternate subsampling strategy
that incorporates only a subset of the presented information into
the summary representation. A mechanism-based understanding of

summary statistics allows the opportunity to adapt established
models of image and scene processing in a manner that may
improve their explanatory power. This is necessary for a compre-
hensive account of human vision to the extent that summary
statistics are a fundamental aspect of seeing.

First, consider online updating processes that average informa-
tion continuously. Imagine that an observer was asked to average
the following set of numbers shown under sequential presentation:
1, 3, 5, 7, 9. At any given moment, the system holds a summary
representation of the first item seen. As new information is en-
countered, the new information is immediately averaged with the
summary representation, thereby updating it to include the new
state of the item. An observer would have an average representa-
tion of 2 after seeing the first two numbers in the sequence (1 and
3). When the third number was encountered (5), its value would be
integrated with the persisting value (2) to form a weighted mean of
3 [((2persisting mean

� 2# items for persisting mean) � (5current mean
� 1# items

for current mean))/3# items for current and persisting means]. This value would
in turn become the persisting representation and the process would
repeat with the next new item presented until the last item in the set
was reached. The same strategy would apply to larger sets of
numbers as well. For instance, the pattern of the above set could
have continued to 19 for a total of 10 sequentially presented
values. For an ideal observer using this method, there should be no
difference between the estimated and full-set averages because all
items in the set are sampled and weighted accordingly. Although
estimates from human observers reflect some level of imperfec-
tion, the noise should remain relatively constant across set duration
(e.g., an estimate of 5 � noise for the shorter set; an estimate of 10
� noise for the longer set). This follows because there are only two
values to average at any given time: the estimate of the current
item seen and the estimated running average. In summary, online
updating processes involve incorporating every new stimulus into
a continuously updated summary representation.

In contrast to the continuous updating strategy, summary statis-
tics may be calculated through a variety of candidate subsampling
procedures. Although there are many possible types of strategies
that may be used in this context, for illustration purposes we will
discuss one in which a limited temporal window of integration
establishes the summary representation. Referring back to our
number sequence of 1, 3, 5, 7, 9, an observer who has a temporal
window of several hundreds of milliseconds, which would include
the most recent, say, three numbers, may represent the three values
preceding response (5, 7, 9) for an estimated mean of 7. Although
the mean of the full set would be 5, the difference between the full
set mean and the estimated mean would be relatively small (2 in
this example). Using the same temporal window for a larger set of
numbers would produce more imprecise estimates of the mean.
Now consider the larger set described above where the pattern
continues to 19. Averaging the last three values here (15, 17, 19)
would produce an estimated mean of 17 when the full set mean
was 10. The difference of 7, between the real and estimated values,
is roughly three times more imprecise for the larger set than the
smaller set. These examples illustrate the two key properties of the
subsampling hypothesis that ultimately determine performance on
a given trial; estimates are based on the total length of the set and
the length of the temporal window over which items are sampled.
The procedure produces reasonably precise estimates for short
sequences but imprecise estimates for long sequences. This fol-
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lows because larger sets have a lower ratio of sampled to un-
sampled items (relative to smaller sets), and increasing the dura-
tion of the temporal window to increase this ratio may be not be
possible beyond a certain point.

Current Study

We used a modified version of Albrecht and Scholl’s (2010)
task to examine the limits of dynamic averaging. Observers saw a
movie of a disk that changed size by smoothly expanding or
contracting at different rates over time. The movie varied in
duration between 200–1200 ms and observers reported the disk’s
average size after each trial. If averaging mechanisms are updated
online continuously, then the error (i.e., absolute value of the
difference between the estimated and actual size values) should be
relatively constant across durations. Alternatively, if averages are
based on some subsampling strategy, such as one based on a
temporal window of integration, then beyond durations for which
the temporal window is insufficient for a precise estimate of the
mean, error should increase with increasing duration.

Experiments 1 and 2

Method

Observers. An N� power analysis, which calculates the num-
ber of observers necessary to have at least 80% power (Cohen,
1988), was used to determine the minimum number of observers
needed in the experiments. Effect size estimates for this analysis
were based on a pilot run of the first experiment (N � 3). The
analysis indicated that 18 observers were necessary to detect
effects in this design if they were there. Two different groups of 18
undergraduate volunteers from the University of Iowa participated
in Experiments 1 (10 male/eight female, age range 18–26) and 2
(seven male/11 female, age range: 18–50 years), respectively.
They received course credit in compensation for their time. All
observers were naïve as to the purpose of the study and all reported
normal visual acuity and color vision. The experiments were
conducted in accordance with the University of Iowa Internal
Review Board approved policies and procedures.

Equipment. Stimuli were displayed on a CRT monitor (19-
inch ViewSonic G90fB) controlled by a Macintosh Pro (Mac OS
X) with a 512 MB NVIDIA GeForce 8800 GT graphics card
(1024 �768 pixels, viewing distance of 61.5 cm, refresh rate of
100 Hz). Stimuli were generated using the Psychophysics Toolbox
Version 3.0.8 (Brainard, 1997; Pelli, 1997) for MATLAB (Version
7.5, Mathworks, MA). Observers sat in a height-adjustable chair in
a dark room and used an adjustable chin rest to maintain a constant
viewing distance from the monitor.

Stimuli. Displays began with a central fixation cross (129.13
cd/m2; 0.25° � 0.25°) which was replaced by a black test disk that
either expanded or contracted in size for 200–1200 ms. The test
disk was replaced by a blue (2.51 cd/m2) response disk that varied
in initial size from 0.16° to 6.32°, and that observers manipulated
via key presses to match the perceived average size of the test disk
over the presentation period. Following the response, the response
disk was replaced with a red (9.87 cd/m2) feedback disk showing
the actual average size of the target disk.

Four full-length 1200 ms movies were defined (Figure 1A).
Movies contained a disk that either expanded (transformed from
the smallest disk size of 0.63° to the largest disk size of 5.69°) or
contracted (transformed from 5.69° to 0.63°) in steps of .06°. To
prevent observers from simply reporting the midpoint (3.16°)
between the smallest and largest disks they saw, the speed at which
the test disk changed was manipulated by varying the frame
duration between the two halves of the movie. Half of the disk’s
transition in size occurred quickly in either the first or last 1/6th of
the movie whereas the other half of the disk’s transition occurred
slowly in the remaining 5/6 of the movie (see Figure 1A; Albrecht
& Scholl, 2010). Depending on which half the longer duration was
applied, averaging could be biased toward either the smaller or
larger disk sizes. For expanding small-bias conditions, the test disk
changed from small (0.63°) to medium (3.16°) in 1,000 ms and
from medium to large (5.69°) in 200 ms. For expanding large-bias
conditions, the reverse was true; the test disk changed from small
to medium in 200 ms and from medium to large in 1,000 ms. On
contracting small-bias conditions, the test disk changed from large
to medium in 200 ms and from medium to small in 1,000 ms.
Finally, for contracting large-bias conditions, the test disk changed
from large to medium in 1,000 ms and from medium to small in
200 ms.

These four full-length 1,200 ms movies, with the above speci-
fied disk sizes and frame durations, were divided equally into
sixths in order to manipulate presentation duration. Each sixth
corresponded to a duration of 200 ms. Dividing the movies in this
way and manipulating the number of 200 ms segments shown
produced 6 different movie durations (200, 400, 600, 800, 1,000,
and 1,200 ms) for each of the four movie types. Specifically, the
200 ms movie duration always presented the disk starting at the
final sixth of each full-length movie and ending in the last frame.
In similar fashion, the 400 ms duration presented the final two-
sixths of the movie, the 600 ms duration presented the final
three-sixths, the 800 ms duration presented the final four-sixths,
the 1,000 ms duration presented the final five-sixths, and the 1,200
ms duration presented the full-length movie from beginning to end.

Procedure and task. Observers completed one 60-min ses-
sion that consisted of a practice block of six trials, followed by 10
experimental blocks of 48 trials each. Practice trials were excluded
from all analyses.

Trial events are illustrated in Figure 1A. Each trial began with
a centrally located fixation cross on a midgray background for
1,000 ms, which was followed by a 200–1,200 ms movie of the
black test disk changing size. Immediately following the movie,
the test disk was replaced by the blue response disk, and observers
reported the test disk’s average size over the course of the movie
by adjusting the diameter of the blue response disk using the “F”
and “J” keys which made the response disk 0.03° smaller or larger,
respectively. Observers were encouraged to take their time in their
adjustments and to press the spacebar to submit their final answer.
Following their response, a red feedback disk indicating the true
average of the test disk was presented superimposed in front of the
response disk for 1,000 ms if it was smaller in diameter or behind
the response disk if it was larger in diameter. The next trial
automatically began 1,000 ms after the offset of feedback.

Design. Movie duration (200, 400, 600, 800, 1000, 1200),
expansion direction (expanding, contracting), and size bias (small,
large), were all randomly mixed within blocks of trials and ap-
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peared equally often. There were a total of 480 observations per
subject (20 in each of the 24 conditions). The variable of interest
was movie duration.

Experiments 1 and 2 differed only in that Experiment 2 held
constant the total trial duration across movie-duration conditions
whereas Experiment 1 did not. Specifically, for Experiment 1, the
length of a given trial equaled the length of the movie duration.
This means that responses were entered relative to the start of the
trial, causing the response to be confounded with movie duration.
Here, less amount of time passed before a response could be made
on shorter relative to longer movie durations. Experiment 2
equated total trial duration across all conditions. A blank screen
followed all shorter movies until their trial lengths matched that of
the longest condition (i.e., 1,200 ms). Of course, in Experiment 2,
therefore, the response was entered relative to the end of the trial.
In this case, the blank period of time preceding response was
longer for shorter movies than for longer movies. If both designs
yield the same pattern of responses, we can discount concerns
regarding these two linked confounds. All aspects of the stimuli
and procedure across Experiments 1 and 2 were otherwise the
same.

Method of data analysis. The dependent measure was the
absolute difference in diameter between the response disk entered
by the subject and the feedback disk. Data were converted from

pixel values to developmental venous anomalies, and then square
root transformed when violations of normality were found. The
underlying assumptions of all statistical tests were confirmed and
corrections were made if needed. A one-sample Kolmogorov–
Smirnov test and Mauchly’s test (Mauchly, 1940) tested for vio-
lations of normality and sphericity, respectively. The Greenhouse-
Geisser epsilon was used for all sphericity violations (Jennings &
Wood, 1976). Dunn-Šidák planned comparisons were used after
significance of the final model was verified. An alpha level of .05
determined statistical significance.

Results and Discussion

Figure 1B shows the mean absolute difference in degrees of
visual angle between estimated and actual disk averages as a
function of movie duration for Experiments 1 (black line) and 2
(gray line). The general pattern of performance is one of constant,
fairly accurate, estimates for movie durations up to 600 ms, at
which point accuracy decreases with increasing duration to rela-
tively low levels by about 1,000 ms.

Inferential statistics confirmed this general descriptive pattern.
We performed a univariate repeated-measures analysis of variance
(ANOVA) with movie duration as the factor for Experiments 1 and
2 (Experiment 1: Kolmogorov–Smirnov p � .700; Mauchly’s p �

Figure 1. A: Trial events for Experiment 1. B: Absolute difference in developmental venous anomalies (DVA)
between estimated and actual disk averages as a function of condition in Experiment 1 (black line) and
Experiment 2 (gray line). Movie duration is presented in descending order along the abscissa to match Figure
1A. Error bars are within-subject standard errors (Cousineau, 2005; Morey, 2008).
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.006, Greenhouse-Geisser ε � .576. Experiment 2: Kolmogorov–
Smirnov p � .167; Mauchly’s p � .001, Greenhouse-Geisser ε �
.329). There was a main effect of movie duration across both
experiments—Experiment 1: F(2.88, 48.93) � 20.67, p � .001,
p�2 � 0.549, MSE � 0.029; Experiment 2: F(1.64, 27.93) � 9.06,
p � .002, p�2 � .348, MSE � .079. The 200 ms, 400 ms, and 600
ms movie durations were statistically equal (Experiment 1: M200 �
0.20°, M400 � 0.19°, M600 � 0.22°, Dunn-Šidák, all p � .999;
Experiment 2: M200 � 0.25°, M400 � 0.19°, M600 � 0.25°,
Dunn-Šidák, all p � .740). The point at which neighboring seg-
ments differed was between the 600 ms and 800 ms movie dura-
tions (Experiment 1: M600 � 0.22°, M800 � 0.31°, Dunn-Šidák,
p � .011; Experiment 2: M600 � 0.25°, M800 � 0.34°, Dunn-Šidák
p � .013). Finally, no statistical differences were found between
the 1,000 ms and 1,200 ms movie durations (Experiment 1:
M1000 � 0.45°, M1200 � 0.52°, Dunn-Šidák, p � .846; Experiment
2: M1000 � 0.48°, M1200 � 0.52°, Dunn-Šidák p � .999).

Experiments 1 and 2 produced the same pattern of results. We
performed a mixed ANOVA with movie duration as the within-
subjects factor and experiment as the between-subjects factor (all
Kolmogorov–Smirnov p � .355). No interaction was observed
suggesting that the results were not caused by trial length, F(2.34,
79.66) � 0.13, p � .909, p�2 � .004, MSE � 0.043.

We included two supplemental analyses on the combined data
of Experiments 1 and 2. The first is a comparison of estimates for
the large and small bias conditions to confirm that observers were
incorporating the rate of change into their estimates rather than
simply reporting an average of the largest and smallest disk sizes
seen (the midpoint). Estimates were collapsed over the duration
and expansion variables and then subtracted from the midpoint
value of 3.16°. Positive values indicate that the reported estimated
mean was greater than the midpoint while negative values indicate
it was less than the midpoint. As expected, we find that the
estimates in large bias conditions were 0.57° larger than the
midpoint and estimates in small bias conditions were 	0.41°
smaller. A reliable difference was found between these two bias
conditions, which suggests that observers were not relying on an
averaging strategy that excluded the rate of change, t(35) � 19.20,
p � .001 (see also Albrecht & Scholl, 2010). The second supple-
mental analysis was to demonstrate a recency effect wherein
estimates were biased more heavily when the greatest rate of
change occurred in the final sixth of the full-length movie than in
the first. This analysis compared the large and small bias condi-
tions at 1,200 ms for both expand and contract trials. An interac-
tion between bias and expansion was found, F(1, 35) � 14.87, p �
.001, p�2 � .298. Specifically, estimates were overestimated from
the real mean by 1.31° in the small bias expand condition relative
to 0.5° in large bias expand, t(35) � 13.17, p � .001. Moreover,
estimates were underestimated from the real mean by 0.9° in the
large bias contract condition relative to 0.3 in the small bias
contract condition, t(35) � 17.67, p � .001. These data are
consistent with the view that the sizes of the most recently seen
disks had a notable influence on mean estimates.

In summary, error was not constant across the movie durations
and instead increased with increasing duration. This result is
inconsistent with the updating hypothesis and consistent with the
subsampling hypothesis.

Discussion of Variability Across Movie Duration

Typically accompanying the presentation of a range of stimuli
over different lengths of time is an unintentional manipulation of
variability. In general, variability of the stimuli is minimized
during shorter periods of time and maximized during longer peri-
ods. The covariance of variability and duration may be problematic
to understanding how summary statistics unfold over time. For
example, in the spatial domain, Marchant, Simons, and de Fockert
(2013) found that mean estimates are inversely related to stimulus
heterogeneity (insofar as the heterogeneity exceeds a critical
range; Utochkin & Tiurina, 2014). If the variance of the stimuli is
very high, the accuracy of the mean estimates will be lower than
if the stimuli had been similar.

It is possible that stimulus variability influences summary sta-
tistics in the temporal domain as well, perhaps causing average
estimates to be more precise for shorter movie durations (relative
to longer durations) not because of the shorter duration itself but
because the variability of the stimuli was also minimized. Our
specific set of stimuli, however, allows variability of the disk sizes
to be assessed separately from movie duration. The way in which
the stimuli were manipulated creates conditions with equal vari-
ability but unequal duration. For example, variability in the 200 ms
duration for the Large Bias Contract and Small Bias Expand
conditions is identical to the variability in the 1,000 ms duration
for the Large Bias Expand and Small Bias Contract conditions and
yet, despite this equal variance, mean estimates were far more
accurate for the shorter movie durations. Moreover, there were
also situations in which duration was held constant but variability
differed. In the 200 ms movies of the Large Bias Contract and
Small Bias Expand conditions, variability was approximately 19�
greater than in the 200 ms movies of the Large Bias Expand and
Small Bias Contract conditions. Still, performance was equally
precise across these four conditions despite the unequal variance.
For these reasons, we maintain that the degree of variability across
the different movie conditions is not sufficient to explain the
pattern of results observed herein.

General Discussion

An emphasis in the literature is that a global representation of
the environment, established through summary ensembles, occurs
quickly, automatically, and precedes all limited-capacity bottle-
necks that limit perception, attention, and memory (Chong &
Treisman, 2005a, p. 899; see also Alvarez & Oliva, 2008; Chong
& Treisman, 2003, 2005b; Demeyere, Rzeskiewicz, Humphreys,
& Humphreys, 2008; Oriet & Brand, 2013, but cf., Attarha &
Moore, 2015b). An implication of this view applied to temporal
summary statistics suggests that they can be formed through con-
tinuous online updating processes. In the current study, we exam-
ined how summary representations are extracted over the course of
visual processing. Replicating Albrecht and Scholl (2010), we
found that summary statistics can be established across time. We
further demonstrated that averages were precise for information
that lasted 600 ms or less but increasingly inaccurate for informa-
tion beyond this time frame. This general pattern of results re-
mained the same when total trial duration was held constant across
the shorter- and full-length movie conditions. These data are
consistent with the view that averaging processes are limited in
temporal scope, and inconsistent with the view that temporal
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averaging is continuous. Information presented beyond the sam-
pling ability of the observer may therefore be of little perceptual
use.

Potential Subsampling Algorithms

It is clear that there is a limit to the amount of information that
can be temporally integrated into a summary representation: ob-
servers do not base their averages on all or most of the samples
shown by establishing a continuous running estimate of the mean.
This limitation may arise from one particular subsampling strategy
or a combination of multiple strategies. One potential strategy is
that sampling occurs over limited temporal windows of integra-
tion. This hypothesis states that summary representations over time
are restricted by the duration of the temporal window of integra-
tion and by the total duration of the whole set of items presented.
As a result, summary representations should become increasingly
inaccurate for durations that exceed the duration of the temporal
window, insofar as the information sampled within the window
cannot produce a reliable estimate of the mean. The pattern of
results observed in Experiments 1 and 2 may be consistent with a
temporal window that favors items presented within the last 600
ms of items seen. Information occurring beyond this period of time
may make only minimal contributions to the mean estimate or be
lost entirely. The results may also be consistent with the applica-
tion of multiple temporal windows that operate over noncontigu-
ous time points throughout the dynamic stream of information.
Although salient periods within the dynamic stream, such as the
beginning, end, and points of transition, may be weighted more so
than intermediary periods, the current set of results suggest that
recency effects are particularly relevant. Averaging over multiple
noncontiguous temporal windows is consistent with previous stud-
ies showing that samples taken over the course of several seconds
can still be incorporated into a representation of the mean (Al-
brecht & Scholl, 2010; Corbett & Oriet, 2011). As it currently
stands, though, the data in this study cannot determine whether
temporal windows are applied at multiple time points or at a single
time point over the most recently presented items.

In addition to temporal window subsampling, other factors
likely contribute to the observed pattern of results. For example,
Bayesian processes may influence average estimates such that
after the mean representation for a given trial is established,
feedback from long-term and working memory subsequently mod-
ulates those representations toward the experiment-wide average
(e.g., Bauer, 2009; Duffy, Huttenlocher, Hedges, & Crawford,
2010; Weiss & Anderson, 1969). Other factors may also be im-
portant. For example, the number of items presented and the
duration of the movies may have exerted differential and opposing
effects on accuracy. Just as larger set sizes may improve accuracy
by reducing noise (Alvarez, 2011; Robitaille & Harris, 2011),
longer durations that exceeded the temporal limit of integration
may decrease accuracy. The relative contribution of each of these
effects to estimating the mean may explain some of the variance in
why averaging performance changes as a function of time. The
long-term effect of these factors also raises the question of whether
performance would improve or asymptote at durations longer than
those studied in this paper. This could be a valuable direction of
study for future work.

Future Directions

The results of the current study bring an important issue to the
forefront: To stay internally consistent, one cannot maintain that
summary statistics are truly exhaustive and capacity free yet also
maintain that their representation relies on subsampling strategies
that require heavy involvement of limited cognitive resources such
as memory. Future work should computationally model the various
possible types of subsampling procedures in order to find the
candidate algorithm(s) that are most consistent with the pattern of
results reported here. One particularly fruitful approach to model-
ing developed by van den Berg, Awh, and Ma (2014) factorially
combines the levels of various factors that may be involved in a
given process. In the context of statistical averaging, one key
factor is determining the number of samples used to establish an
estimate of the mean of a set. Previously proposed levels of this
factor include two samples from the full set (Myczek & Simons,
2008), four samples (Gorea, Belkoura, & Solomon, 2014; Luck &
Vogel, 1997), the square root of the total number of items pre-
sented (Dakin, 2001), or all items (Chong, Joo, Emmanouil, &
Treisman, 2008). Another relevant factor is determining whether
the temporal samples are noncontiguous occurring over multiple
discrete periods of time or continuous over a single period. Finally,
a third factor may be the degree of bias, particularly whether there
are primacy, recency, Bayesian effects at the trial and experiment
levels, or no biases at all. The levels of these various factors can be
factorially combined to produce a large sample of potential model
types, the unique combinations of most of which have not been
tested. As discussed by van den Berg et al. (2014) factorial model
comparison has several advantages over previous work that test
single models in isolation. By considering a relatively exhaustive
set of models we can eliminate a large number of poorly fitted
models efficiently, identify the most useful levels of each factor,
flexibly consider interactions between factor levels, and offer
testable predictions. Modeling in this way is likely to resolve
apparent conflicts in the literature and provide a thorough charac-
terization of how the system forms statistical representations.
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