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SUMMARY

In crowding,’~” objects that can be easily recognized in isolation appear jumbled when surrounded by other
elements.® Traditionally, crowding is explained by local pooling mechanisms,>®°-° but many findings have
shown that the global configuration of the entire stimulus display, rather than local aspects, determines
crowding.®%28 However, understanding global configurations is challenging because even slight changes
can lead from crowding to uncrowding and vice versa.?%2%28:2° Unfortunately, the number of configurations
to explore is virtually infinite. Here, we show that one does not need to know the specific configuration of
flankers to determine crowding strength but only their ensemble statistics, which allow for the rapid compu-
tation of groups within the stimulus display.2°=®" To investigate the role of ensemble statistics in (un)crowd-
ing, we used a classic vernier offset discrimination task in which the vernier was flanked by multiple squares.
We manipulated the orientation statistics of the squares based on the following rationale: a central square
with an orientation different from the mean orientation of the other squares stands out from the rest and
groups with the vernier, causing strong crowding. If, on the other hand, all squares group together, the vernier
is the only element that stands out, and crowding is weak. These effects should depend exclusively on the
perceived ensemble statistics, i.e., on the mean orientation of the squares and not on their individual orien-

tations. In two experiments, we confirmed these predictions.

RESULTS

Experiment 1A

Observers discriminated the offset of a vernier presented alone
(vernier alone), surrounded by one square (single square) or by
35 squares (Figures 1 and 2). In one of the conditions with 35
squares, all the squares had an orientation of 0° (identical
squares). In the other conditions, we kept the orientation of the
central square at 0° and manipulated the orientation distribution
of the other 34 squares.

We varied two parameters of the distribution: mean and
shape. The mean was equal to 0° in the condition referred to
as “mean” because the orientation of the central square corre-
sponded to the mean of all the squares (i.e., 0°). In the “shifted”
condition, the mean of the distribution was +26° because the
mean of the 34 squares was shifted clockwise or counterclock-
wise by 26° relative to the 0° orientation of the central square
(Figure 2; method details). The shape of the distribution was
“narrow” with a standard deviation (o) of 3°, “wide” (o = 10°),
or “two peak” (two narrow distributions with peaks separated
by 16°). Additionally, we tested a “uniform” distribution in the
range from —45° to +45° around the mean (see method details).

A two-way repeated-measures ANOVA showed that vernier
thresholds were affected by the type of distribution (F(2,26) =
5.854, p = 0.008, and 12 = 0.066) and by the difference between
the orientation of the central square and the mean orientation of
the other squares (F(1,11) = 19.547, p < 0.001, and 12 = 0.306;
interaction, F(2,26) = 3.001, p = 0.067, and 12 = 0.052). In the

4')

“narrow mean” condition, crowding was drastically reduced,
compared with the condition without any square (vernier alone;
Figure 3A; Table S1). Crowding increased when the orientation
of the central square was the mean of a wide and a two-peak dis-
tribution (Figure 3A). In these latter two conditions, thresholds
were close to typical conditions of strong crowding, such as
the single square and uniform (Figure 3A; Table S1). In all condi-
tions where the orientation of the central square was different
from the mean of the other squares (e.g., all shifted conditions),
crowding was as strong as in the presence of a single square. In
the narrow condition, crowding increased linearly as a function of
the difference between the central square’s orientation and the
mean orientation of the other squares (Figure S1).

Experiment 1B

For our rationale, it is important that participants indeed clearly
computed the mean of the distributions. Here, we show that
this is the case (Figure 3B). We asked the same participants to
perform an orientation averaging task on the same displays but
without the vernier (method details). In this task, observers repro-
duced the perceived mean orientation of all 35 squares by
rotating a response square with a computer mouse wheel. The
errors in the orientation averaging task follow the same pattern
as the crowding effects in the mean conditions of the vernier
task (F(3,36) = 112.085, p < 0.001, and n? = 0.903; Figure 3B;
Table S2). That is, observers were more precise in reporting
the mean of a narrow compared with a wide and two-peak dis-
tribution. This demonstrates that conditions in which the mean
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Figure 1. Crowding and uncrowding

(A) Participants reported whether the offset of the lower segment of the vernier was offset to the left or right, compared with the upper segment. Thresholds
increase when the vernier is presented within a surrounding square, a typical example of crowding. When six additional squares are presented, crowding is
reduced, i.e., uncrowding. These effects are strongly influenced by the global configuration of the flankers: when the other squares are different from the central
one (e.g., diamonds), crowding is strong again. Similar results occur with all types of shapes: in a configuration with octagons, even small changes in the

(legend continued on next page)
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Figure 2. Stimuli and conditions of experi-
ment 1A

The vernier is presented alone, surrounded by one
central square or by the central square and 34
other squares. The central square always have a
0° orientation. The orientation of the other squares
varies according to three types of distributions
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of the central square is the same as the mean
orientation of all the other squares (0°, mean);
bottom row: the orientation of the central square is
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squares because the mean orientation is shifted
-l clockwise or counterclockwise by 26° (shifted).
The same displays are used in an orientation
averaging task (experiment 1B), except that the
vernier is not presented, and the mean orientation
of all the squares is randomly determined in each
trial. Stimuli are drawn to scale.
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elements, including the vernier, are gro-
uped, and crowding remains strong.

-62° -39° -26° -13° 0° -62° -39° -26° -13° 0°

orientation can be represented with high precision (e.g., in the
narrow condition, experiment 1B) correspond to conditions in
which crowding is strongly reduced if the orientation of the cen-
tral square is equal to the mean of the distribution (narrow mean
condition, experiment 1A).

Taken together, our results suggest that the difference be-
tween the orientation of the central square and the mean
orientation of the other squares determines crowding. In the
narrow mean condition, performance is almost as good as
in the identical squares condition, indicating that a small
orientation jitter still leads to the grouping of the central
square with the other squares and uncrowding of the vernier.
When the variance of the orientation distribution increases,
crowding increases, because we argue that all elements,
including the vernier, are grouped. However, it is not the
variance itself that determines crowding strength since
performance in the “narrow shifted” condition is as deterio-
rated as in the other shifted conditions. We argue that, in
particular, in the narrow shifted condition, the central square
ungroups from the other squares and groups with the vernier,
leading to strong crowding. When the variance increases, all

-62° -39° -26° -13° 0°

Minute details of the stimulus layout

i and local interactions of and between

the entirety of squares do not play any

role. It is the overall distribution of the orientation of the
squares that matters, i.e., ensemble statistics.

Experiment 2
In experiment 2, the main experiment, we show that crowding is
weak when the orientation of the central square is equal to the
mean orientation of the other squares—even when none of the
orientations of the other squares are similar to the central square
orientation (as it is in the narrow mean condition of experiment
1A). We argue that the orientation of the central square fits the
ensemble statistics of the orientation distribution of the other
squares because its orientation is equal to the mean of the distri-
bution. In experiment 2, we used only the two-peak distribution.
Experiment 2 also addresses a potential confound of experi-
ment 1A. By using different types of distributions, we also
changed the probability to have displays in which the central
square was directly neighbored by squares of a similar orienta-
tion, which is known to reduce crowding.?® For instance, the
decrease in crowding in the narrow mean condition (Figure 3A)
could be due to an increase in the probability of highly similar
squares near the mean, compared with the wide and two-peak

octagons’ orientation can change from crowding to uncrowding and vice versa. The plot schematically depicts findings reported in studies conducted by Manassi
et al.®>*®

(B) Perceptual grouping: when the central square or the central octagon surrounding the vernier groups with the other squares or octagons, the vernier is
segmented out from the arrays of the squares and octagons, and crowding decreases (grouped elements are shown in light gray; all stimulus elements are white
on a black background). When the central square or octagon does not share the same orientations (dark gray) with the other squares and octagons (light gray), it
stands out and groups with the vernier: crowding is strong.

(C) How does the visual system represent groups of multiple elements? A simple strategy is to use ensemble statistics. The upper left panel shows the stimulus
display, as shown to the observers, with a central square orientation of 0°. The orientations of the remaining squares are drawn from a distribution with the mean
equal to 0° and a small variance (upper left panel). The upper middle panel shows that all squares make up one group (light gray; the vernier is not shown since it is
not part of the group). The upper right panel shows that the vernier (black) ungroups from the grouped square array (light gray). Crowding is weak. The lower row
shows a situation where the orientation of the other squares is drawn from a distribution with a mean of —26° but with the same variance as in the upper row. The
central square stands out from all the other squares (black outline: lower middle panel) and groups with the vernier (lower right panel). Crowding is strong.
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Figure 3. Results of experiment 1

Narrow Wide Two-peak
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(A) Thresholds for the three types of distributions (narrow, wide, and two-peak) for both the mean (the mean orientation of the distribution is the same as the
orientation of the central square; dark gray bars) and shifted conditions (the mean of the distribution is shifted clockwise or counterclockwise by 26°; light gray
bars). Single markers and dotted horizontal lines indicate the threshold levels in several reference conditions (method details; supplemental information). We plot
performance as thresholds, i.e., high values indicate poor performance and low thresholds indicate good performance.

(B) Results of the orientation averaging task. The results of the averaging task mirror the results of the vernier discrimination task. Error bars denote the 95%

t Student confidence interval corrected for repeated measures.*®
See also Figure S1 and Tables S1 and S2.

distributions. Hence, the results may not be due to the mean
orientation but to the difference in orientation between a few
squares near the central one.

We shifted the mean orientation of the two-peak distribution,
either making the orientation of the central square similar to the
mean orientation of all the squares (“grand mean” condition) or
similar to the mean of one of the peaks (“at peak” condition). If
uncrowding depends on the entire distribution, we should
observe uncrowding when the orientation of the central square
is the same as the mean orientation of all the squares. Even
more, in this latter scenario, crowding should depend on the ab-
solute difference between the orientation of the central square
and the mean of the distribution, but not on the local mean of
the two peaks. To test this, we included two additional conditions
in which the mean of the entire distribution was shifted, and the
orientation of the central square could be inside (“shifted inside”
condition) or outside of the distribution (“shifted outside” condi-
tion; Figure 4; method details). Note that in the shifted inside con-
dition, the orientation of the central square was still close to the
mean of the entire distribution, whereas in the shifted outside
condition it was far apart. However, in both conditions, the orien-
tation of the central square was equidistant from a local peak.

A one-way repeated-measures ANOVA revealed a significant
effect of the difference between the orientation of the central
square and the mean orientation of the distribution (F(3,48) =
5.972, p = 0.002, and 1?2 = 0.272; Figure 4). As in experiment
1A, crowding increased as the difference in orientation increased
(Figure 4; Table S3). Importantly, when the central square’s
orientation corresponded to the mean of the entire distribution,
thresholds were lower than in the at peak condition, where the
orientation of the central square was not equal to the mean but
was highly similar to the other squares (£(16) = 2.678, phom =
0.040, and Cohen’s d = 0.649). Thresholds were also lower
when the orientation of the central square was shifted but
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remained close to the mean orientation of the other 34 squares
(shifted inside), compared with when it was shifted far apart
(shifted outside) (¢(16) = 2.802, ppoim = 0.036, and Cohen’s d =
0.601).

DISCUSSION

Here, we demonstrated that a major determinant of crowding is
the ensemble statistics of all elements in the display. We showed
that in configurations with multiple squares crowding is drasti-
cally reduced if the orientation of the central square is equal to
the mean orientation of the other squares (experiment 1). This
occurred even when none of the orientations in the display was
similar to the mean (experiment 2).

Local models cannot explain these findings. For example, a
classic explanation is that nearby vertical lines inhibit one
another. This might hold for the decrease in crowding in the iden-
tical squares condition of experiment 1A, where the vertical lines
of nearby squares could inhibit the vertical lines of the central
square, eventually uncrowding the vernier. In experiment 2, how-
ever, uncrowding occurred when no vertical lines were pre-
sented with high probability, except for those of the central
square, i.e., local inhibition by similar orientations is impossible
(Figure 4, grand mean condition). When the orientation of all
the squares was highly similar to the one of the central squares,
crowding was stronger (at peak condition). Hence, (un)crowding
occurs in a much more abstract space than local interactions
and depends on the ensemble statistics of the entire stimulus.

Ensemble statistics must not be confused with image statis-
tics, which is also called summary statistics.*® For example, in
the texture tiling model (TTM), information is pooled over local re-
gions, and a compressed representation of the entire stimulus
is created that preserves the statistics of the original image
(e.g., mean, variance, 95th percentiles, etc.).°'® The degree of
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Figure 4. Results of experiment 2

The mean of the whole two-peak distribution is
shifted away from the orientation of the central
square (fixed at 0°). The y axis shows the corre-
sponding thresholds. Single markers and dotted
horizontal lines indicate the threshold level reached

in several reference conditions (method details;
supplemental information). The gray dashed lines in
the legend indicate the means of the distributions.
Error bars denote the 95% t Student confidence
interval corrected for repeated measures.*® See also
Table S3.

configurations.?*2%28:2%4¢ Here, we sho-
wed that the manipulation of ensemble sta-
9

tistics provides a tool to cope with this

Grand mean At one peak issue because ensemble statistics are inv-
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compression determines the strength of crowding. Contrary
to image statistics, ensemble statistics are computed over all
elements of the display to group elements. Crowding occurs
within these groups; TTM may describe crowding within the
group. Thus, the only similarity between ensemble statistics
and image statistics is that they both use compressed statistical
information.

On a neural level, ensemble statistics may involve feedback
normalization in which the averaging of local features is followed
by normalization via feedback or horizontal connections.*%*!
Normalization has two main consequences: the dampening of
local responses to features near the distribution’s mean and
the enhancement of the response to features that are different
from the mean.”® This mechanism is a prime candidate for the
grouping of similar elements®* %2 and the segmentation of
“outliers,” i.e., elements that are different from the statistics of
the group.”®** Accordingly, a similar mechanism can account
for our results: normalization by ensemble statistics may
enhance the saliency of a central square, whose orientation is
different from the mean orientation in the display, ultimately
causing strong crowding of the vernier (Figure 1C).

The effect of ensemble statistics that we found lends key
support to a new avenue of models of crowding that emphasize
the importance of global processing, incorporating grouping
stages.” A recent model suggests that the effect of flankers’
interference is maximal when the orientation of the target is
similar to the average rather than to the individual orientation of
the flankers.*® Similarly, we found that what matters is the
mean orientation of all the flankers, but not their individual orien-
tations and local similarities.

Models accounting for global aspects often focus on the
relationship between individual elements and their arrange-
ment in space, facing a virtually infinite number of possible

/\-26" -1/3"\0° 13°
0

extracted implicitly and in the absence of
a task®”*"°" and (2) what is represented
in ensemble statistics (e.g., the mean, vari-
ance, or more complex aspects of the distribution),3%%8:52:53
Here, we demonstrated that ensemble statistics are estimated
implicitly during a vernier discrimination task that required no
judgment of ensemble statistics. This extraction of ensemble
statistics had an immediate impact on object recognition (e.g.,
the vernier discrimination) that depended on the mean orienta-
tion of the entire stimulus—but not on more complex aspects,
such as the presence of separate local peaks (experiment 2).
This suggests that the mean of the entire stimulus is implicitly
represented in the absence of an active task about ensemble
statistics.>”**® Notably, the effects of ensemble statistics on
crowding were stronger for distributions in which the mean
orientation could be estimated with high precision, as tested in
a separate explicit task about ensemble statistics (experiment
1B; Figures 3A and 3B). We suggest that ensemble statistics
are first built on the entirety of all stimulus elements. The
computed ensemble statistics then determine which elements
become distorted in crowding and potentially invisible. There is
no bottom-up bottleneck in crowding.®*>° The primary role of
ensemble statistics is evident in many other visual phenomena,
including visual search.*”®" Potentially, ensemble statistics
may be the primary determinant of vision in general.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Experimental data Zenodo [https://doi.org/10.5281/

zenodo.7085772]

Experimental models: Organisms/strains

44 participants in total (19 in experiment 1, N/A N/A
8 females, Mage = 23.84 years, SD = 3.88; 25

in experiment 2, 6 females, M age = 22.32

years, SD = 3.2)

Software and algorithms

MATLAB, R2015a Mathworks https://matlab.mathworks.com
PsychToolbox Brainard et al.*® http://psychtoolbox.org/download
VideoToolbox Pelli®” N/A

Psignifit 2.5 toolbox Frind et al.*® http://psignifit.sourceforge.net

JASP JASP Team®? https://jasp-stats.org

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Natalia Tiurina
(nataliatiurina@gmail.com).

Materials availability
No materials are available for this study.

Data and code availability

® The data generated during this study are available at Zenodo: https://doi.org/10.5281/zenodo.7085772
® This paper does not report original code.
® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

A total of 44 participants (19 in experiment 1, 8 females, M 54, = 23.84 years, SD = 3.88; 25 in experiment 2, 6 females, M age =
22.32 years, SD = 3.2), mostly students and staff members of the Ecole Polytechnique Fédérale de Lausanne (EPFL) and the Uni-
versity of Lausanne (UNIL), participated in the experiment for monetary compensation (20 CHF per hour). All participants had
normal or corrected-to-normal vision, with acuity values of or above 1.0 determined with both eyes open (Freiburg Visual Acuity
Test).?°

The sample size was determined based on previous studies with similar paradigms.®?%?%°" Five participants were excluded in
experiment 1 and eight in experiment 2 due to floor performance (high thresholds) in the experimental conditions.

All experiments were conducted following the Declaration of Helsinki®” except for preregistration and were approved by the local
ethics committee.

METHOD DETAILS
Apparatus and stimuli
The stimuli were presented at a viewing distance of 75 cm on an Asus VG248QE LCD monitor (1920x1080 pixels, 120Hz, 24.0") using

Matlab (R2015a, 64 bits) and the Psychophysics toolbox.”®°” Participants used a Logitech RX250 computer mouse (operating res-
olution: 1000 dpi) and two hand-held push buttons to respond.
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The stimuli were white (100 cd/m?) on a black background with a luminance below 0.3 cd/m?. Participants were asked to fixate on a
red fixation dot (diameter of 8 arcmin, 20 cd/m?). The target was a vernier comprising two white vertical lines, 30 arcmin long, 1.8
arcmin wide, and separated by a vertical gap of 3 arcmin. Anti-aliasing was used to draw the lines. The offset of the vernier was be-
tween 0.17 arcmin and 33.32 arcmin. Following previous studies,® the vernier was positioned at 9° to the right from the fixation point.
The flankers were all squares (size: 84 x 84 arcmin, 0°) spaced 12 arcmin apart (the center-to-center distance between flankers was
130.8 arcmin).

Experiment 1 consisted of two separate tasks performed by the same participants: the vernier offset discrimination task (exper-
iment 1A) and the orientation averaging task (experiment 1B). In the vernier task, we manipulated the number and orientation of the
squares. Four conditions served as a general reference for performance under crowding and uncrowding. In the Vernier alone con-
dition, only the target vernier was presented (e.g., no crowding). In the Identical squares condition, all squares had the same orien-
tation (0°) as in typical uncrowding displays.?® In the Single square condition, a single square surrounded the vernier (e.g., crowding).
In the Uniform condition, the orientation of the 35 squares was drawn from a uniform distribution ranging from -45° to +45° (the min-
imum difference between orientations (step) = 2.5°).

In another set of displays, we used three probability distributions to determine the orientation of the squares: 1) Narrow (single
mean; ¢ = 3° range = 10° (e.g., in the Narrow Mean condition from -5° to 5°); the minimum difference between orientations
(step) = 1°; see Figure 2, first column); 2) Wide (single mean; ¢ = 10°; range = 36°; step = 4°; see Figure 2, second column); 3)
Two-peak (consisted of two narrow distributions with a mean-to-mean separation of 16°, and with the same range as wide distribu-
tion; range = 36°; step = 1°; see Figure 2, third column). We used these distribution types because the mean orientation is easier to
compute in the Narrow compared to the Wide, Two-peak, and Uniform distributions.®*>-%°

In all the conditions with vernier and squares, the central square was always up-right, i.e., 0°, and we varied the difference in de-
grees of the distributions’ mean from 0°. In the Mean condition, the mean of the orientations’ distribution was 0° (corresponding to the
orientation of the central square, Figure 2, first line). In the Shifted condition, the mean of the orientations’ distribution was shifted
to +26° (and +13° in an additional control condition for Narrow distribution, see experiment 1; Figure 2, second line).

In the orientation averaging task (experiment 1B), participants were presented with the same displays used in the Narrow, Wide,
Two-peak, and Uniform conditions, with the following exceptions: the mean of the distribution was randomly chosen from 0° to
90°; the vernier stimulus was not presented; the orientation of the central square was not fixed at 0° but could vary randomly within
the chosen distribution. One participant performed only the vernier offset discrimination task but not the orientation averaging
task.

In experiment 2, participants performed a vernier offset discrimination task as in experiment 1, but only under a Two-peak distri-
bution of orientations. The orientation of the central square was always equal to 0°. In different conditions, we shifted the mean of the
distribution in such a way that the orientation of the central square could be: 1) the same as the overall mean of the entire distribution
(Grand mean condition); 2) the same as the mean of one of the two peaks and shifted by +13° from the grand mean (At peak condi-
tion); 3) shifted from the overall mean by +6° but inside the whole distribution (Shifted inside condition); 4) shifted from the overall
mean by +19° and outside of the whole distribution (Shifted outside condition). As in experiment 1, additional conditions included
the Vernier alone, Single square, Identical squares, and Uniform.

Procedure
The experiments were carried out in a dimly lit room (~ 0.5 lux). Participants were seated at 75 cm from the monitor and were asked to
maintain their gaze on a central fixation point throughout the experiment. The stimuli were shown for 150 ms.

In the vernier discrimination tasks, participants were asked to report the offset (left vs. right) of the lower segment of the vernier
compared to the upper segment via two hand-held push buttons within 3 seconds. Auditory feedback followed response errors (brief
high-pitched beep) and omissions (brief low-pitched beep), and the omitted trials were repeated in the same block at a random later
trial. Before the main experimental conditions, each participant performed the task with 100 Vernier alone trials first and then 100
Single square trials. The main experimental conditions (9 displays) were tested in a block of 100 trials. To compensate for possible
learning or sequential effects, the order of conditions in each block was randomized throughout the experiment and across partic-
ipants. An adaptive staircase procedure (PEST)®® was used to determine the vernier offset for which participants reached 75% cor-
rect responses for each condition.

In the orientation averaging task, participants were asked to reproduce the perceived mean orientation of the flanking squares by
rotating a probe square presented around the fixation point. The orientation of the probe was randomly initiated in each trial. The
probe was rotated with a mouse wheel. Participants had to click on the left mouse button to submit their answers.

QUANTIFICATION AND STATISTICAL ANALYSIS

In the analysis of vernier offset discrimination, threshold values for 75% of accuracy were estimated by fitting a cumulative Gaussian
function to the data using the Psignifit 2.5 toolbox.”® To avoid vernier stimuli overlapping with squares, we restricted the PEST pro-
cedure to 33.32 arcmins (i.e., twice the starting value of 16.67 arcmins). Threshold data (see data and code availability for access to
data) were analyzed with a Repeated Measures ANOVA and Bonferroni-Holm post-hoc tests for pairwise comparisons using JASP
0.16.0.0.°°
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To quantify performance in the orientation averaging task, we estimated a measure of error according to the following formula:
Error = M;(bias)

where M; is the average bias for the i-th participant, and bias is computed from the reported and the true average orientation, as
reported — true.
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