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Abstract
Visual statistical summary processing enables people to extract the average feature of a set of items rapidly and accurately.
Previous studies have demonstrated independent mechanisms for summarizing low (e.g. color, orientation) and high-level (facial
identity, emotion) visual information. However, no study to date has conclusively determined whether there are feature-specific
summarization mechanisms for low-level features or whether there are low-level, feature agnostic summarization mechanisms.
To address this issue, we asked participants to report either the average orientation or the average size from a set of lines where
both features varied. Participants completed these tasks either in single-task or mixed-task conditions; in the latter, successful
performance required extraction of both summaries concurrently. If there were feature-specific summarization mechanisms that
could operate in parallel, then errors inmean size andmean orientation tasks should be independent, in both single andmixed task
conditions. On the other hand, a central domain-general mechanism for low-level summarization would imply a correlation
between errors for both features and greater error in the mixed than single task trials. In Experiment 1, we found that there was no
correlation between the mean size and mean orientation errors and performance was similar across single and mixed-task
conditions, suggesting that there may be independent summarization mechanisms for size and orientation features. To further
test the feature-specificity account, in Experiment 2 and 3 (with mask), wemanipulated the display duration to determine whether
there were any differences in the summarization of earlier (orientation) vs. later (size) features. While these experiments repli-
cated the pattern of results observed in Experiment 1, at shorter display durations, no differences emerged across features. We
argue that our data is consistent with independent, multi-level feature-specific statistical summary mechanisms for low-level
visual features.
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People can extract average information from object sets by
visual statistical summary processing (also called ensemble
perception) (for a review, see Alvarez, 2011; Whitney &
Yamanashi Leib, 2018). Complementing the foveal high-
resolution representation, ensemble perception allows viewers
to experience the world in a holistic and detail-rich manner
(Cohen, Dennett & Kanwisher, 2016). Previous research has
shown that viewers can efficiently summarize various low-
level features such as orientation (Dakin, 2001; Parkes,
Lund, Angelucci, Solomon & Morgan, 2001), brightness
(Bauer, 2009), size (Ariely, 2001; Yıldırım, Öğreden &

Boduroglu, 2018), color (Maule, Witzel & Franklin, 2014),
position (Alvarez & Oliva, 2008), as well as higher-level fea-
tures like facial identity (de Fockert &Wolfenstein, 2009) and
facial emotion (Haberman & Whitney, 2007). Viewers do not
only extract summaries of static visual displays, they can also
summarize sequentially presented visual (Albrecht & Scholl,
2010; Hubert-Wallander & Boynton, 2015) and auditory in-
formation (Albrecht, Scholl, & Chun, 2012; Piazza, Sweeny,
Wessel, Silver & Whitney, 2013). In addition, viewers can
represent variance (Morgan, Chubb & Solomon, 2008;
Khayat & Hochstein, 2018; Semizer & Boduroglu, 2013)
and numerosity information (Utochkin & Vostrikov, 2017),
as statistical summary information. Despite demonstrations
of statistical summarizing across various domains, interesting-
ly, there is no consensus on the mechanisms underlying this
ability (e.g. Dubé & Sekuler, 2015; Whitney & Yamanashi
Leib, 2018). While Haberman and colleagues suggested sep-
arate summarization mechanisms for higher level (e.g. facial
identity) vs. lower level (e.g. size) features, their findings were
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inconclusive regarding the mechanisms supporting summari-
zation of lower level features (Haberman, Brady & Alvarez,
2015). Specifically these findings ruled out a central domain-
general summarization mechanism; nevertheless, they did not
directly address the possibility of multiple, feature-specific
summarization mechanisms. Actually, three separate findings,
discussed in detail below, are suggestive of multiple feature
specific summarization mechanisms. One, there are individual
differences data that emphasize the independence of errors for
the visual and spatial summarization tasks (Uner, Mutlutürk &
Boduroglu, 2014). Two, there are findings showing that se-
quentially presented items are weighed differently when
viewers are trying to estimate mean orientation versus size
information (Hubert-Wallander & Boynton, 2015). Finally,
there is evidence showing that there are no costs to summa-
rizing concurrently, separate feature distributions of spatially
segregated sets (e.g. Attarha & Moore, 2015).

Across three experiments, we specifically investigated
whether there are multiple, domain-specific feature-based
perceptual summarization mechanisms for low-level fea-
tures. To do this, we took an experimental approach
complemented by correlational analyses. Past research
has shown that complementing behavioral experiments
with an individual differences/correlational approach can
be useful in identifying dissociations between constructs
or mechanisms (e.g. Awh, Barton & Vogel, 2007; for
reviews see Vogel & Awh, 2008; Wilmer 2008; Tulver,
2019). In all three experiments, we asked participants to
extract the mean length (size) and/or mean orientation of a
set of lines and report either one of these features. We
compared error across blocks in which we manipulated
whether participants had to extract the summary of one
feature (single-task block) or of both features (mixed-task
block); we also computed the correlations between mean
length and mean orientation errors. As we explain in detail
below, we predicted that if there are independently func-
tioning domain-specific summarization mechanisms for
low-level features, then they should be able to work in
parallel, resulting in efficient concurrent summarization
of different features and independence of errors across fea-
ture domains.

Domain-general vs. domain-specific
mechanisms

Haberman, Brady and Alvarez (2015) proposed two possible
mechanisms for how viewers extract visual summary infor-
mation. One possibility is that there is a central, domain-
general summary processor in the visual system that is respon-
sible for averaging all types of information. The alternative
possibility is that there are multi-level, domain-specific mech-
anisms for summarizing different visual properties, possibly at

different cortical levels (Whitney, Haberman & Sweeny,
2014). While the former view would require a significant cor-
relation between the errors in summarizing different types of
information, the latter mechanism would allow for indepen-
dence of errors.

To determine whether there is a domain-general or domain-
specific visual summarizing mechanism, Haberman, Brady
and Alvarez (2015) compared summarizing performance
using an individual differences approach across various visual
properties. In their first experiment, they found that there was
no correlation between orientation averaging and facial aver-
aging tasks suggesting that statistical summary representa-
tions of high-level and low-level features may be governed
by separate mechanisms. Subsequent experiments compared
performance across various high-level (e.g. facial identity and
facial emotion) and low-level (e.g. orientation and color) vi-
sual features.When viewers completed either two low-level or
two high-level tasks, then there was a significant correlation in
performance on the two tasks. On the other hand, when one
task was from a low-level and the other one was from a high-
level domain, there was no correlation between the two tasks.
Thus, they concluded that statistical summary processing is
not a uniform process, and that there are at least two separate
and independent domain-specific summarizing mechanisms,
one for low-level and another one for high-level visual infor-
mation, specifically.

These findings were in line with claims made by Whitney,
Haberman and Sweeny (2014) who argued that there might be
multilevel processing mechanisms in the ventral and dorsal
pathways for summarizing information rather than a single
cortical area responsible for summarizing all types of visual
properties. They argued that orientation, color, and brightness
features might be summarized in the early cortical stages,
while motion, position information, size and shape features
might be summarized by separate mechanisms in the dorsal
and ventral pathways, respectively. In addition, they argued
that complex higher-level face and biological motion summa-
ries might be processed later, after the convergence of ventral
and dorsal pathways. Hubert-Wallander & Boynton (2015)
provided some empirical support for these claims based on
their comparison of how observers summarized sequentially
presented sets. In separate experiments, observers reported the
mean location or mean size of dots, the average motion direc-
tion of moving dot fields, or the mean facial expression. The
differences in the temporal summarization profiles (i.e. the
differential weighing of first as opposed to last items in the
sequence in the reported mean summary) lead them to con-
clude that there may be distinct mechanisms involved in the
summarization of location-based versus non-location based
features.

Recent findings from our lab also supports the possibility
that there may be separate mechanisms to summarize spatial
(location-based) and visual information (Uner, Mutlutürk &
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Boduroglu, 2014) 1. In two separate tasks, we asked partici-
pants to report the mean position of a set of colored squares
(i.e. centroid) and the mean length of a set of randomly ori-
ented lines. In both tasks, participants adjusted a probe to
determine their response (i.e. drag to the centroid or extend
the probe’s length), allowing us to compute error in a contin-
uous scale. We found that there was no relationship between
error on the spatial centroid task and the visual length task
(r=.16, p=.16).

In sum, the empirical research to date, has provided some
evidence that there may be separate mechanisms responsible
for the summarization of lower and higher-level complex vi-
sual features; some preliminary evidence suggests that this
separation might extend to visual and spatial domains.
However, except for the Hubert-Wallander & Boynton
(2015) study, in the other studies, viewers summarized certain
dimensions across separate tasks/blocks (e.g. Haberman et al.,
2015; Uner et al., 2014). Then, researchers computed the cor-
relation between the errors for different summarization tasks.
For instance, Haberman et al. (2015), presented participants
with four features/items in each display and asked them to
summarize either higher level (e.g. facial identity and emo-
tional expression), lower level (e.g. Gabor orientation and
color of dots) or mixed (e.g. facial identity and Gabor orien-
tation) feature pairs. While they found clear evidence for in-
dependence between higher level and lower level errors in
summarization, they also found moderate significant correla-
tions (ranging between .54-.73) between errors when tasks
required the summarizing of two lower level features (for
details see Table 1 in Haberman et al., 2015). It was not clear
whether the correlation between lower level features emerged
due to there being a low-level, domain general pooling mech-
anism or was due to an artifact of shared perceptual noise.

To address this issue, one possibility may be to utilize de-
signs in which participants would need to summarize concur-
rently two low-level features from the same display as op-
posed to designs where summarization tasks are blocked by
feature. Specifically, participants could be notified about the
to-be-reported dimension after the offset of the study display
via a post-cue. If there was a significant correlation across
errors for different features under such a design, this could
mean a number of possible things. A negative correlation
would be suggestive of a trade-off between features, with
summarization of one of the features possibly being priori-
tized over the other one; a positive correlation would suggest
that the summarization relies on or is impacted by some

“shared” resource/noise. On the other hand, if under such a
design, the errors were found to be independent (i.e. not cor-
related), this would suggest that the two summarization mech-
anisms are likely to be operating in parallel. Recent evidence
demonstrating there are no costs to summarizing concurrently,
separate feature dimensions of spatially segregated sets, sug-
gest that there may indeed be feature-specific summarization
mechanisms (e.g. for size and orientation: Attarha & Moore,
2015 for color and numerosity: Poltoratski & Xu, 2013; for
size and numerosity: Utochkin&Vostrikov, 2017, but also see
Emmanouil & Treisman, 2008).

In the present study, we specifically took the approach sug-
gested above. To further test the domain-specificity argument,
we asked viewers to summarize sets that consisted of hetero-
geneously sized lines presented at different orientations; de-
pending on the condition, viewers either summarized length
or orientation information.We chose these two dimensions for
two reasons. One, there is evidence to suggest that both size
and orientation may be summarized by mid-level texture pro-
cessing mechanisms (e.g. Cain & Cain, 2018; Parkes et al.,
2001); any evidence of independence of errors for the two
summarization tasks would be a strong test for the domain-
specific hypothesis. Two, using lines and asking about either
mean size or mean orientation allowed us to use a single set
and to equate physical properties of the presented stimuli for
both summarization tasks and eliminate the need to present
separate sets for each condition in a spatially segregated or a
sequential fashion (e.g. Attarha & Moore, 2015). In this re-
gard, the approach taken in the present study is different from
earlier research because the to-be-summarized features
belonged to the same items in a given set and participants
reported the summary of either one of the features via a
post-cue (mixed-task blocks). Successful performance on
these mixed-task trials would require viewers to attend con-
currently to both feature dimensions. If there is a domain-
general summarization mechanism, then there may be costs
to concurrent summarization, and consequently size and ori-
entation errors may be correlated. On the other hand, if there
are feature-specific summarization mechanisms, then summa-
rization errors for these two low-level features should be
independent.

In this study, in addition to the mixed task trials, we also
included single-trial blocks, to investigate further the possible
mechanisms of summarization. In these blocks, participants
always reported either the mean size or the mean orientation
of the viewed line set. Inclusion of the single-trial blocks en-
abled us to compare the error between single and mixed task
conditions to test the domain specificity account. If there is a
domain-general mechanism, then greater interference during
the concurrent summarization in the mixed-task trials com-
pared to the single-task trials is likely, possibly resulting in
larger error in mixed as opposed to single task conditions.
On the other hand, if there are independent mechanisms of

1 As part of another project investigating the effects of action video game
experience on ensemble perception, we compared action video-game players
(n = 23), strategy video-game players (n = 24) and non-gamers (n = 22) on
centroid (mean position) and mean size estimation tasks. Only for the AVGP
group, there was a small yet significant relationship between the two domains,
suggesting that these summarizing abilities may be benefitting from video-
game related enhancements in visual processing skills (r = .42, p =.05).
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summarization for different low-level features, errors may be
similar across single and mixed task conditions for each
feature.

Experiment 1

Method

ParticipantsWe determined the necessary sample size for this
and subsequent experiments by reviewing the sample sizes of
recent experimental studies investigating the attentional mod-
ulation of ensemble perception (e.g. Attarha & Moore, 2015;
Poltaratski & Xu, 2013). These studies had relatively small
samples (approximating 10 participants per experiments),
with similar number of trials to our experiments. We also
reviewed recent studies that complement their behavioral find-
ings with correlational analyses (e.g. Awh, Barton & Vogel,
2007; Scolari, Vogel & Awh, 2008; Vogel & Machizawa,
2004); in these studies, sample sizes were 20, 11, and 12,
respectively. Based on these observations, in the first two ex-
periments we collected data from 25 and 26 participants; in the
third experiment, we used a slightly larger sample (40). Our
post-hoc power analyses with GPower, revealed only a mini-
mal increase when the sample size was increased to 100 (from
.12 to .26). In addition, given that we were interested in show-
ing support for a theoretically meaningful null hypothesis, we
wanted to make sure that our experiments were not underpow-
ered and our findings were not due to a Type II error.
Therefore, we chose to also run Bayesian analyses to deter-
mine the support for the null hypotheses.

Twenty-five Bogazici University undergraduate students
participated in the experiment, in return for course credit.
We excluded data from 4 participants. Two of them had size
and orientation averaging errors that were more than 3 stan-
dard deviations away from the group mean, another one be-
cause s/he was color blind and a final participant because s/he
randomly responded throughout the experiment. Therefore,
the following analyses were conducted on the data from 21
participants.

Materials and stimuli We programmed the experiment in E-
Prime 2.0 (Psychology Software Tools, Pittsburgh, PA) and
we ran it on a 17” monitor with screen resolution set to
1024x768 pixels (32x24 cm). Participants were sitting ap-
proximately 57 centimeters away from the computer screen.
From that viewing distance, 1 cm was equal to 32 pixels and
1° visual angle.

Each trial (see Fig. 1) began with a green fixation cross,
presented for 1500ms, which turned red for 500ms to indicate
the beginning of a trial. We instructed the participants to fixate
on the cross when it turned red. The study display consisted of
12 uniquely sized, randomly oriented lines and was presented
for 200ms. Then, we presented the response screen.
Participants had to adjust the length of the response probe
for size averaging trials or rotate the orientation of the re-
sponse probe for orientation averaging trials by using the left
button of the mouse. When they finalized their response, they
completed the trial by clicking to the right button of the
mouse. In single-task blocks, we identified the relevant feature
at the beginning of the block in the task instructions. In mixed-
trial blocks, with the onset of the response probe, participants
heard an auditory verbal cue from their headphones indicating
the feature dimension that was supposed to be averaged (either
orientation or size).

In each display, we presented 12 white lines on a gray
background. To determine the orientation of the lines, we
pseudo-randomly generated distributions within 60 and 90-
degree intervals. For example, from a 60-degree interval,
ranging between 25 and 85 degrees, we determined 12 differ-
ent orientations.2 The length of each line was determined ran-
domly from a range of 24 and 152 pixels (.75° – 4.75° of
visual angle) with the following constraints. No two lines were
of the same length or orientation as the set mean and there
were no repetitions of length or angular orientation within

2 To determine the appropriate ranges of orientations, we conducted a pilot test
(n=9) to see how display characteristics would influence viewers’ orientation
averaging performance. We tested orientation distributions chosen from 15,
30, 60, 90, 120-degree ranges. We found that orientation-averaging errors
increased as the distribution range increased (F(4,260) = 49.32, p < .001).
Therefore, we decided to use 60 and 90 degrees as orientation ranges to keep
the task difficulty at an optimum level.

Table 1. Bayesian ANOVA for size averaging errors

Model Comparison

Models P(M) P(M|data) BF M BF 01 error %

Null model (incl. subject) 0.200 0.752 12.128 1.000

Duration 0.200 0.084 0.366 8.974 0.809

SingleMixed 0.200 0.145 0.678 5.188 0.903

Duration + SingleMixed 0.200 0.016 0.065 47.040 1.455

Duration + SingleMixed + Duration ✻ SingleMixed 0.200 0.003 0.013 227.555 2.873

Note. All models include subject.
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sets. We positioned the lines on a 5x4 invisible grid (760x608
pixels), with 3 locations randomly chosen from each row. We
shifted the middle two rows of the grid by ±16 pixels in order
to prevent the endpoints of the lines touching the center of the
display.

On the response screen, we presented viewers with either a
blue or green response probe to distinguish the two types of
trials, size and orientation averaging. For the size adjustment
task, the length of the response probe was determined by
adding/subtracting a random value between 21 and 27 pixels,
to that of the half of the mean length of the set of lines. For the
orientation rotation task, we determined the angle of the probe
line by either adding to or subtracting a random number be-
tween 21 and 27 degrees from the mean angle of the set of
lines. In mixed-task blocks, we presented an auditory verbal
cue along with the color-coded response probe (green for ori-
entation, blue for size). In both types of trials, the red fixation
cross, indicated the beginning of a trial.

Procedure Before the actual experiment trials, we instructed
the participants about the experiment procedure and they first
completed a training session. To illustrate what the average
size of a set of lines looked like we presented participants with
example displays, which consisted of 2, 3, 4, 6, 8, 10, and 12
lines, sequentially. On the subsequent display following the
example display, there was a red line indicating the mean
length of the lines in the previous set. After that, participants
completed 10 practice trials for the size-averaging task.
During practice trials, we presented the displays for 1000 ms
and we provided visual feedback by showing the correct re-
sponse line in red. We followed the same procedure for the
orientation-averaging task. After these training trials, partici-
pants also received a practice block with 16 trials, which was
identical to the actual experimental trials. There were 360
trials in the actual experimental phase presented in 4 even

blocks. Half of the trials were single-task trials evenly split
across size averaging and orientation averaging blocks (90
trials per feature, per block). The remaining 180 trials were
mixed-task trials in which we randomly presented orientation
and size-averaging tasks across two blocks. We
counterbalanced the order of tasks and blocks across
participants.

Results

We conducted the pairwise t-test and Pearson’s correlation
analyses using SPSS Version 25.0 (IBM Corp, 2017). For
the Bayesian Factor analyses, we used the open source statis-
tical program JASP (JASP Team, 2018). For each participant,
for each task we calculated the mean errors on the size and
orientation tasks in the single and mixed blocks. To determine
whether there was an attentional cost of attending to both
featural dimensions, for each summarization task, we first
compared performance across single and mixed blocks.
Pairwise t-tests showed that, there was no difference in errors
in single (M = 19.61, SD = 7.76) versus mixed size trials (M =
18.51, SD = 6.25), (t(20) = .70, p = .14, Cohen’s d = .15).
Results from Bayesian t-tests provided further support for this
null finding; we found moderate evidence in favor of the null
hypothesis (BF01 = 3.52). There was also no difference be-
tween averaging errors for single (M = 15.22, SD = 3.73) and
mixed orientation averaging tasks (M = 14.88, SD = 2.83),
(t(20) = .808, p = .43, Cohen’s d = 0.10). Bayesian analyses
showed a moderate evidence in favor the null model (BF01 =
3.28), suggesting that observing no difference between the
single and mixed orientation conditions were more likely than
observing a difference (see Fig. 2).

To test for the independence of size and orientation aver-
aging, we computed the correlations between the errors on
each of these tasks, separately for the single and mixed-task

+ +

‘SIZE’

‘ORIENTATION’

1500 ms 500 ms 200 ms

Fig. 1. Time course of a trial.
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blocks. There was no significant correlation between size and
orientation averaging errors in neither the single nor the mixed
blocks (r = -.08, p = .75 and r = .-11, p = .64, respectively).
Also, according to Bayesian Correlation Pairs analyses, there
was a moderate evidence in favor of the Null hypothesis (BF01
= 3.52, BF01 = 3.35, for single and mixed task conditions,
respectively), suggesting that finding independence between
size and orientation errors was more likely than finding a
relationship between them, for both single and mixed task
conditions (see Fig. 3).

Discussion

There were two main findings from Experiment 1. One, there
was no significant correlation between size and orientation
errors in neither the single nor the mixed task conditions.
Two, Experiment 1 also revealed similar levels of errors for
both tasks across both single and mixed-task conditions sug-
gesting that concurrent averaging of multiple summaries may
be somewhat automatic. These findings, suggest that there
may be independent mechanisms that support ensemble per-
ception of these low-level features. Our findings demonstrat-
ing that participants can extract mean size and mean orienta-
tion information similarly across single task and mixed task
trials is consistent with evidence showing that participants can
extract separate feature summaries of spatially segregated sets
in parallel (e.g. Attarha & Moore, 2015; Utochkin &
Vostrikov, 2017, but also see Emmanouil & Treisman,
2008). However, we extend these findings by showing that
viewers can summarize concurrently features that covary
within a set (size and orientation of lines) without a cost.
Utochkin & Vostrikov (2017) similarly reported that two fea-
tures (size and numerosity) was averaged concurrently from a
single set, however, in their study, within the display, there

were two spatially intermixed subsets denoted by color.
Thus, viewers could have globally attended to the central re-
gion and utilize color-based grouping cues to extract the two
summaries of the two subsets concurrently. In that regard, our
study differs because the two features we asked participants to
summarize belonged to the same items and the fact that
viewers could summarize these featural distributions indepen-
dently suggests that the summarization most likely happens
before features are bound in object-file type representations
(Treisman, 1996). The fact that line length variability did not
influence errors in orientation summary further strengthens
this possibility. Specifically, we categorized displays as hav-
ing low, medium and high variance in line length and showed
that orientation averaging errors did not vary as a function of
variability in line length (F (2, 180)=2.82, p=.06, η2p = .03).

These results suggesting there are independent summarization
mechanisms for low-level features operating prior to object-
file formation may be driven by the visual system’s tendency
to represent the incoming information as “loose bundles of
features” as opposed to object files. Specifically, when the
visual system encounters objects, the pattern of activations
across a population of neurons may not be selective enough
to ensure independent coding of each object. This may be
particularly true when the objects share visual features and
are presented simultaneously, as in our experimental displays
(Treisman, 1999).

Experiment 2

Experiment 1 demonstrated that viewers could summarize in-
dependently size and orientation distributions. This finding is
in line with the idea of feature-specific and domain-specific
mechanisms for ensemble perception. However, the relatively

a) b)

Fig. 2. (a) Mean size error across single and mixed task conditions. (b) Mean orientation error across single and mixed task conditions. Error bars
indicate ±2 standard error of the mean.
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long display durations in Experiment 1 (200ms, unmasked)
may have allowed viewers to utilize different mechanisms
across the two conditions, possibly a feature-based mecha-
nism for summarizing orientation and a separate system oper-
ating at the item level. It is known that orientation is processed
early in the visual processing hierarchy, and size is processed
further along the ventral stream (Whitney, Haberman &
Sweeny, 2014), with there being dedicated groups of receptors
to process different orientations but not size (Myczek &
Simons, 2008). Instead, there may be a separate, focused at-
tention-based, pooling mechanism that support the summariz-
ing of size information as opposed to more feature-based
mechanisms supporting summarization of orientation, motion
and spatial frequency information (Simons & Myczek, 2008;
but also see Ariely, 2008, Chong, Joo, Emmanouil &
Treisman, 2008). If this is indeed the case, when viewers sum-
marize sets having only viewed them for brief durations, pre-
attentive processes (or processes driven by global attention)
may only support the summarization of orientation informa-
tion but not size information. Consequently, for briefly pre-
sented displays, errors for mean size trials may increase while
errors for orientation summary trials may be immune to this
manipulation. Furthermore, in mixed-task blocks, viewers
may unknowingly prioritize orientation information during
shorter presentation trials, at the cost of errors in size averag-
ing. To test these possibilities, in Experiment 2, we examined
the temporal independence of size and orientation summari-
zation processes, by presenting displays for 50, 100 or 200ms.

Method

Participants A new group of 26 undergraduate Bogazici
University students participated in this experiment in return
for course credit. We excluded data of one participant because
his/her orientation averaging errors were more than 3 standard
deviations away from the group mean. We excluded the data

from another participant because s/he randomly responded
throughout the experiment. Therefore, we conducted the anal-
yses on the data from the remaining 24 participants.

Material, stimuli and procedure We used the same procedure
and design as Experiment 2, except that we manipulated dis-
play durations so that displays for presented for either 50, 100,
or 200 milliseconds. Display durations were intermixed
throughout the trials of all blocks. The experiment consisted
of 360 trials in total, with 180 mean size and 180 mean orien-
tation trials in total. Participants completed half of these trials
within the single task and the rest in the mixed task block. The
display time manipulation was evenly split across conditions
and blocks.

Results

For each participant, we calculated the errors for the size and
orientation averaging tasks for each block type and display
duration conditions (Figs. 4 and 5, respectively). We separate-
ly carried out a 2 (Block type: Single vs. Mixed) x 3 (Display
Duration: 50,100, 200 ms) repeated measures ANOVA, on
size and orientation averaging errors. For the average size
errors, results showed that, there was no significant effect of
block type (F(1,23) = 0.59, p = .81, η2p = .003), no significant

effect of display duration (F(2,22) = 2.64, p = .09, η2p = .194)

and there was no significant interaction between the two var-
iables, F(2,22) = 3.14, p = .06, η2p = .222. Also, Bayesian

ANOVA provided support for the Null model (see Table 1).
A similar pattern emerged for orientation averaging errors,
with neither main effect reaching significance, (F(1,23) =
1.69, p = .21, η2p = .069), (F(2,22) = .15, p = .87, η2p = .013),

for block type and display durations, respectively. Bayesian
ANOVA results were in favor of the Null model, with no main
effects of display duration and task (see Table 2). For the
orientation errors, there was a significant interaction between

a) b)

Fig. 3. Scatterplots depicting the relationship between errors in mean orientation and mean size in the a) single and b) mixed task conditions. Each data
point represents a participant; the linear best fit is shown.
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Block type X Display Duration F(2,22) = 6.43, p < .05, η2p =

.369.
As in Experiment 1, to directly test the feature-specificity

claim, we also analyzed the relationship between participants’
error on size and orientation averaging tasks, across all single-
mixed conditions and durations. For single block trials, for all
display durations, none of the correlations were significant (all
rs < .24, all ps > .25). In addition, there was no significant
correlation between participants’ mixed block size and orien-
tation averaging errors in none of the display durations (all rs
< |.13|, all ps > .59).

Discussion

Experiment 2 replicated the overall pattern observed in
Experiment 1, despite the reduction of display time to 50ms.
Participants made similar levels of error on size and orienta-
tion averaging tasks across different display durations (50,
100, and 200 milliseconds); the errors across these two

domains and across different task conditions were found to
be independent. While previous research argued that
attention-driven pooling mechanisms contributed to size aver-
aging, we found no evidence to support this distinction be-
tween pre-attentive, featural and object-level attentional
mechanisms (Myczek & Simons, 2008).

One potential problem with our designmight have been the
absence of a mask following the study display. While viewers
can efficiently summarize unmasked displays at durations as
short as 50 ms (e.g. Chong & Treisman, 2003) and even 30ms
(Jacoby, Kamke & Mattingley), they need much longer dura-
tions to summarize masked displays (e.g. 100ms, Whiting &
Oriet, 2011). By masking objects, the contributions of these
objects were reduced on average size or orientation estimates
(Jacoby et al., 2013, but also see Choo & Franconeri, 2010),
suggesting that averaging processes go beyond the very early
featural processing stages. In our case, the absence of masks
following the display, may have let reentrant processes to
contribute to the summarization process, and may have facil-
itated summary accuracy, particularly for the size task. To
eliminate any processing advantage incurred by iconic mem-
ory (Sperling, 1960), in Experiment 3, we introduced a mask
and replicated the experiment with the shortest display dura-
tion tested.

Experiment 3

In Experiment 3, to eliminate the potential confound from the
iconic memory system and test whether both size and orien-
tation averaging follow similar time courses, we introduced a
mask subsequent to the presentation of the study set.
Experiment 3 tested the shortest of the display durations tested
in Experiment 2.

Method

Participants 40 undergraduate students at Bogazici University
participated in this experiment in return for course credits. We
excluded data from three participants for average errors ex-
ceeding three standard deviations of the group mean (2 partic-
ipants for single orientation condition, and 1 participant for
single orientation averaging condition errors). Therefore, we
conducted the analyses on the data from 37 participants.

Material, stimuli and procedure The procedure and design of
Experiment 3 was identical to Experiment 2, except that we
only used the 50 milliseconds display durations for the pre-
sentation of object sets for all the trails, and a visual mask
followed the display for 320 milliseconds before the presen-
tation of the response screen. The visual mask was a black and
white noise image covering the region area where we present-
ed the displays. There were 360 trials in total.

Fig. 5. Mean orientation error across single and mixed conditions and
display durations. Error bars indicate ±2 standard error of the mean.

Fig. 4. Mean size error across single and mixed conditions and display
durations. Error bars indicate ±2 standard error of the mean.

Atten Percept Psychophys (2020) 82:852–864 859



Results

As in the previous experiments, we calculated error for aver-
age size and orientation conditions, separately for the single
and mixed trial blocks (See Fig. 6). For the size feature, there
was no difference in the error between the single (M = 19.03,
SD = 6.57) and mixed conditions (M = 19.80, SD = 6.56),
t(36) = -.79 p = .43, Cohen's d = 0.01 (see Fig. 6). Also, the
Bayesian analyses provided moderate evidence in favor of the
null hypothesis (BF01 = 4.22). On the other hand, averaging
errors for mixed orientation trials (M = 16.97, SD = 3.75) were
significantly higher than single orientation averaging trials (M
= 15.87, SD = 2.42), t(36) = -2.457, p < .05, Cohen's d = 0.04)
(see Fig. 6). Bayes factor provided anecdotal evidence in favor
of the alternative hypothesis (BF10 = 2.44), which suggests
that the difference observed many not be sufficiently reliable
to warrant further discussion.

As in the previous experiments, we computed Pearson’s
correlations between errors in orientation and size averaging
for the single task and mixed task (see Fig. 7). None of the
correlations reached significance (r = -.21, p = .21 and r = .28,
p = .09) for single and mixed conditions, respectively). The
Bayesian correlational analyses complemented these null
findings; both correlations were more likely to favor the
Null model with anecdotal evidence with no relation between

size and orientation averaging (single blocks: BF01 = 2.30,
mixed blocks: BF01 = 1.23), errors than having a significant
relation (single blocks: BF10 = .43, mixed blocks: BF10 = .81).

Discussion

Experiment 3 replicated the general pattern of results obtained
in the first two experiments; the introduction of a mask sub-
sequent to the display did not change the finding suggestive of
a feature and domain-specific mechanism for averaging size
and orientation information. While the results of the inferen-
tial analyses suggested that for orientation trials, errors were
higher in the mixed-task blocks than in the single-task block,
the Bayes factor provided only anecdotal or weak evidence for
the likelihood of the alternative hypothesis over the null mod-
el. Together, these results suggest that the significant results
obtained for orientation-averaging comparisons may have
been due to the larger sample size in Experiment 3 compared
to the previous experiments (Jarosz & Wiley, 2014).
Consistent with the previous experiments, we again found that
there was no significant relationship between viewers’ errors
on size and orientation averaging errors for single task blocks.
There was a marginally significant positive correlation be-
tween viewers’ errors in the mixed block; however, the results
of the Bayesian analysis suggest that these correlations are

a) b)

Table 2. Bayesian ANOVA for orientation averaging errors

Model Comparison

Models P(M) P(M|data) BF M BF 01 error %

Null model (incl. subject) 0.200 0.595 5.873 1.000

Duration 0.200 0.045 0.190 13.132 0.882

SingleMixed 0.200 0.242 1.275 2.461 2.657

Duration + SingleMixed 0.200 0.018 0.072 33.462 1.177

Duration + SingleMixed + Duration ✻ SingleMixed 0.200 0.100 0.446 5.928 3.108

Note. All models include subject.

Fig. 6. (a) Mean size-averaging errors across single and mixed task conditions. (b) Mean orientation-averaging errors across single and mixed task
conditions. Error bars indicate ±2 standard error of the mean.
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weak at best. Altogether, we replicated the general pattern of
results from previous experiments, supporting independent
feature and domain-specific processing mechanisms for size
and orientation features.

General discussion

In this study, using a combined experimental and correlational
approach, we investigated whether feature-specific mecha-
nisms drive ensemble perception. Across three experiments,
we investigated whether viewers can concurrently summarize
size and orientation of a set of lines and whether the error in
each task was independent. Previous research provided evi-
dence for separate summarization mechanisms for higher ver-
sus lower level features (e.g. Haberman et al., 2015) and for
features summarized along the dorsal and ventral pathway
(e.g. Hubbert-Wallander & Boynton, 2015). However, the ev-
idence to date was inconclusive as to whether there was any
further specialization. To determine whether there are multiple
feature-specific mechanisms for low-level features, we specif-
ically targeted two features, size and orientation, for which
mid-level texture based summarization mechanisms had been
proposed (e.g. Cain & Cain, 2018; Parkes et al., 2001). The
increased attentional demands in the mixed-task condition is
more likely to affect the operation of domain-general summa-
rization mechanisms that are agnostic to specific features (e.g.
Bauer, 2017). In addition, if a shared mechanism were sum-
marizing features, then we would expect a significant positive
correlation between summarization errors for these features.
However, a significant positive correlation would not neces-
sarily mean a feature-agnostic mechanism is at work; such a
pattern could emerge because of shared neural noise between
different feature representations (e.g. Haberman et al., 2015).
In contrast to the domain general mechanism, feature-specific
summarization mechanisms, would allow for cost-free, con-
current processing of different features, especially under high

attentional load conditions (e.g. Attarha & Moore, 2015).
Furthermore, independence of errors across different feature
dimensions could only be consistent with the existence of
multiple feature-specific mechanisms. In other words, null
findings both at the accuracy level and at the correlation level
would support the feature-specific view. Therefore, in our data
analyses we took a Bayesian approach to evaluate the support
for the null hypothesis in additional to the traditional NHST
approach.

Across three experiments, we found that there were no
attentional costs associated with concurrently averaging
size and orientation features. The error for both features
were similar across the single-task and mixed-task condi-
tions. There were also no significant correlations between
size and orientation errors in any of the conditions.
Overall, our findings provide evidence for the view that
there are multiple feature-specific operating at lower-
levels of the processing hierarchy (Haberman, et al.,
2015). We extend Hubert-Wallander & Boynton (2015)’s
findings by demonstrating that there may be other feature-
specific summarization mechanisms besides location vs.
non-location ones. While our findings do not directly
speak to the neural mechanisms underlying ensemble per-
ception, our results are consistent with proposals specu-
lating that there could be multilevel statistical summary
processors in different regions of the brain (Whitney,
Haberman & Sweeny, 2014).

While our results pointed to the feature-specificity of en-
semble perception, we were not able to distinguish the tempo-
ral summarizing profiles for size and orientation. We had pre-
dicted orientation averaging to be equally efficient at shorter
and longer durations, but size averaging to show greater errors
at shorter display durations. We found no evidence for such a
dissociation. This may have been partly due to our display
duration manipulation not being sensitive enough; 50ms
may have been a sufficient duration for both size and orienta-
tion summarization. Presenting stimuli for even shorter

a) b)

Fig. 7. Scatterplots depicting the relationship between errors in mean orientation and mean size in the a) single and b) mixed task conditions. Each data
point represents a participant; the linear best fit is shown.
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display durations may reveal differences in summarization
accuracy, possibly favoring encoding of mean orientation over
mean size. There is also a related possibility that summariza-
tion in these two featural domains is differentially impacted by
reentrant based mechanisms (e.g. Jacoby et al., 2013; Lamme
& Roelfsema, 2000). In our particular case, it is also possible
that early and late summarizing mechanisms supported orien-
tation and size averaging, respectively (Myczek & Simons,
2008). In particular, an early feedforward mechanism may
support orientation averaging while a late, reentrant-based
mechanism that has been associated with object file formation
and binding may support size-averaging (Treisman & Gelade,
1980; Kahneman, Treisman & Gibbs, 1992; Treisman, 2006;
also see Bouvier & Treisman, 2010). This possibility is con-
sistent with the pattern of results presented here but future
research is necessary to specify contributions of feedforward
and reentrant processing on ensemble perception.

The existence of multiple, feature-specific summarization
mechanisms have also been supported by recent findings in
rapid scene recognition. In addition to feature and domain-
specific summarization mechanisms, there are conceptual
summarization mechanisms. For instance, the visual system
can accurately capture scene gist presented in RSVP para-
digms (e.g. Potter, 1975; 1976). This ability to extract scene
gist upon viewing images for as short as 40ms has been asso-
ciated with summary mechanisms acting on global image
characteristics (e.g. Oliva & Torralba, 2006). Critically, global
ensemble texture information enables observers to determine
the spatial layout and scene layout subsequently facilitates
scene recognition (e.g. Sanocki, 2003; Ross & Oliva, 2010).
Recently Brady, Shafer-Skelton & Alvarez (2017), also
showed that high sensitivity to spatial texture information cor-
related with rapid scene recognition ability. They had partici-
pants complete a rapid scene recognition task along with a
mean orientation task and a spatial ensemble task, requiring
detecting changes to a grid of Gabor patches. Successful per-
formance on this latter task required summarization at the
texture level. Of all pairwise comparisons, the only significant
correlation was between the spatial texture sensitivity and rap-
id scene recognition. These findings highlight that different
summarization mechanisms can interact with one another to
facilitate visual perception, and global ensemble texture rep-
resentations facilitate scene recognition in rapid visual
processing.

We believe that it may be no coincidence that feature-
specific mechanisms drive both the capacity of visual short-
term memory and ensemble perception (Haberman et al.,
2015). There is both computational and empirical work dem-
onstrating the interaction between ensemble and item repre-
sentations, with the former scaffolding item representations
(e.g. Brady & Tenenbaum, 2013). For instance, individual
item representations in working memory are biased by ensem-
ble representations (e.g. Brady & Alvarez, 2011), and

availability of spatial summary information was shown to fa-
cilitate item localization in working memory (Mutlutürk &
Boduroglu, 2014). On the working memory end, there is con-
siderable work suggesting that errors in memory for features
such as orientation and color are independent (e.g. Bays, We
& Husain, 2011) and there is selective decay for such features
(e.g. Pasternak & Greenlee, 2005). These findings altogether
underline the critical role played by feature-basedmechanisms
for both perception and working memory processes.
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