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According to numerous studies observers can rapidly and precisely evaluate mean or range of the set. Recent
studies have shown that the mean size estimated based on sizes of objects rescaled to their distances (Tiurina &
Utochkin, 2019). In the current study, we directly tested this rescaling mechanism on the perception of range
using binocular and monocular cues.

In Experiment 1, a sample set of circles with different angular sizes and in different apparent distances were
stereoscopically presented. Participants had to adjust the range of the test set to match the range of the sample
set. The main manipulation was the size-distance correlation for sample and test sets: in negative size-distance
correlation, the apparent range had to decrease, while in positive correlation - increase. We found the highest
underestimation in the condition with the negative sample correlation and positive test correlation, which could
be explained only if ensemble summary statistics were estimated after the item’s rescaling.

In Experiment 2, we used Ponzo-like illusion and spatial positions as a depth cue. Sets were presented with
positive, negative or without size-distance correlation on a grey background or the background with Ponzo-like
illusion. We found that the range was underestimated in negative correlation and overestimated in positive

correlation.

Thus, items of ensemble could be automatically rescaled according to their distance, based on both binocular
and monocular cues, and ensemble summary statistics estimation is based on perceived sizes.

1. Introduction

The perceived world is complex and consists of a vast amount of
textures and colors, which form different objects and create visual
scenes. Our perception system is highly limited, it can only process a
small number of objects (Cowan, 2001; Luck & Vogel, 1997; Miller,
1956) and the capacity of our attention is limited too (Mack & Rock,
1998; Pylyshyn & Storm, 1988; Simons & Chabris, 1999). However, we
perceive the world as richly detailed and stable (Cohen, Dennett, &
Kanwisher, 2016).

Some explanations of how our visual system overcomes these limi-
tations (Alvarez, 2011) are theories suggesting that our visual system
estimates summary statistics (or ensemble summary statistics). Ariely
first showed (Ariely, 2001) that observers had a better representation of
the mean size of the ensemble, rather than individual representations of
each object. The visual system could rapidly and automatically estimate
statistics for the set of objects by one feature without having precise

representation of each object (Chong & Treisman, 2005; Whiting &
Oriet, 2011). The ability to rapidly estimate different statistics were
shown for the mean size (Ariely, 2001; Chong & Treisman, 2003),
brightness (Bauer, 2009), orientation (Alvarez & Oliva, 2008; Attarha &
Moore, 2015), speed (Watamaniuk & Duchon, 1992), even emotion or
gender of a crowd of faces (Haberman & Whitney, 2007). Our visual
system could not only estimate mean, but also range or variance (Dakin
& Watt, 1997; Haberman, Lee, & Whitney, 2015; Jeong & Chong, 2020;
Khvostov & Utochkin, 2019; Morgan, Chubb, & Solomon, 2008; Nor-
man, Heywood, & Kentridge, 2015; Solomon, Morgan, & Chubb, 2011;
Suarez-Pinilla, Seth, & Roseboom, 2018), and numerosity (Burr & Ross,
2008; Halberda, Sires, & Feigenson, 2006; Khvostov & Utochkin, 2019;
Chong & Evans, 2011; Utochkin & Vostrikov, 2017).

However, most of the research is devoted to the study of the
ensemble statistical representation based on a single visual dimension,
which is not quite ecologically valid and does not fully correlate with the
real conditions of perception: in real life we encounter different
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dimensions. There are small number of studies that attempt to elucidate
the mechanism of ensemble representation based on several visual di-
mensions (Emmanouil & Treisman, 2008; Huang, 2015; Im, Tiurina, &
Utochkin, 2020; Leib et al., 2014; Tiurina & Utochkin, 2019; Utochkin,
Khvostov, & Stakina, 2018). One part of these studies (Emmanouil &
Treisman, 2008; Huang, 2015) investigated the role of attention divided
between different dimensions in ensemble perception. Another part of
these studies (Im et al., 2020; Utochkin et al., 2018) explored the seg-
mentation and categorization of the set consisting of several visual
feature distributions. Though, it is little known (Leib et al., 2014; Tiurina
& Utochkin, 2019) about ensemble summary statistics evaluation with
integration of several dimensions.

There is one dimension, which is commonly used in ensemble sum-
mary statistics studies (Whitney & Yamanashi Leib, 2018), and which, in
the real-world, is represented by two separate features: retinal size and
depth (or distance to the observer) - perceived size. From the perspective
of perceptual constancy, our visual system can rescale retinal images to
get information about physical real-world objects. According to the size
constancy theories (Boring, 1940; Epstein, Park, & Casey, 1961; Holway
& Boring, 1941; Kaufman et al., 2006; Sperandio & Chouinard, 2015)
angular size could be correctly and efficiently rescaled based on various
depth cues. Size distance invariance hypothesis proposes that “visual
angle of given size determines a unique ratio of apparent size to apparent
distance” (Boring, 1940; Epstein, Park, & Casey, 1961; Kilpatrick &
Ittelson, 1953). Depth cues could be divided into three categories: oc-
ulomotor, binocular and monocular depth cues (Palmer, 1999). There
are various types of binocular cues (binocular disparity (Deangelis,
2000), vertical disparity, shadow stereopsis, etc. (Puerta, 1989)) and
monocular cues (perspective, relative size, familiar size, etc. (Palmer,
1999)). There are different mechanisms of size-distance rescaling based
on binocular and monocular cues. They are processed via two distinct
pathways (Goodale & Milner, 1992; Mishkin & Ungerleider, 1982):
binocular cues (disparity) by dorsal stream (Backus, Fleet, Parker, &
Heeger, 2001; Mon-Williams, Tresilian, McIntosh, & Milner, 2001; Qian
& Yazdanbakhsh, 2015) and monocular cues (perspective, etc.) by
ventral stream (Fang, Boyaci, Kersten, & Murray, 2008; Marotta, Behr-
mann, & Goodale, 1997; Mikellidou et al., 2016; Weidner et al., 2014;
but see Welchman, Deubelius, Conrad, Biilthoff, and Kourtzi (2005)
suggesting that perspective cue processing could involve a dorsal
network). V1 plays an important role in depth perception in both
binocular and monocular cues (Fang et al., 2008; Murray, Boyaci, &
Kersten, 2006; Pooresmaeili, Arrighi, Biagi, & Morrone, 2013; Sper-
andio & Chouinard, 2015; Sperandio, Chouinard, & Goodale, 2012;
Trotter, Celebrini, & Durand, 2004), activity of V1 neurons modulated
by the perceived rather than the retinotopic sizes of objects. Mediation
of size-distance scaling occurs in the primary visual cortex (V1): size
tuned cells in V1 are modulated via top-down feedback from higher
brain areas (Qian & Yazdanbakhsh, 2015; Sperandio & Chouinard,
2015). Feedback into V1 for binocular cues possibly comes from V3a,
middle temporal visual area (MT) and lateral intraparietal cortex (LIP)
(Gnadt & Mays, 1995; Qian & Yazdanbakhsh, 2015), while for monoc-
ular cues mainly from lateral occipital cortex (LOC) and para-
hippocampal place area (PPA) (Fang et al., 2008). Such a neural circuit
provides a compensatory mechanism for maintaining size constancy by
scaling retinal size to viewing distance (Qian & Petrov, 2016; Qian &
Yazdanbakhsh, 2015).

These studies are usually investigated rescaling of one item (for re-
view Sperandio & Chouinard, 2015), while feature integration theory
(Treisman, 1996; Treisman & Gelade, 1980) suggests binding of several
dimensions for multiple objects could be quite a complex process — the
visual system needs to correctly perceive and connect each angular size
with each distance (Tsotsos, 1988) and this process could require
focused attention (Emmanouil & Treisman, 2008). However, there are
studies suggesting that it is possible to bind features even without
attention (Di Lollo, 2012; Rosenholtz, Huang, & Ehinger, 2012). Angular
size and depth could influence the perceptual interpretation of each
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other - this is one of the examples of “conditional binding” (Treisman,
1996), thus this process could differ from other types of binding of other
features. Nevertheless, it could still be a complex process, which could
require some resources.

The recent study by Tiurina and Utochkin (2019) investigated how
mean size is estimated, based on two dimensions (angular size and
depth): is it based on “raw” representations (unbound) or on perceived
(bound)? In Experiment 1 participants overestimated the mean of the set
presented using a mirror stereoscope farther from the observer and
underestimated the mean of the set presented closer to the observer.
However, all items had the same depth and it is not obvious how ob-
servers bound features: every individual angular size with every indi-
vidual depth or the mean size was rescaled to the ensemble depth. In
Experiment 2, observers reported the mean size of the ensemble, where
each item had individual depth and angular size. Key manipulation of
Experiment 2 - the correlation between angular size and depth. In the
positive correlation condition, small circles were presented closer to
observers and larger circles were presented farther, and vice versa for
the negative condition. If rescaling happens after mean estimation,
when there will be no difference between these conditions, while if the
mean size is estimated on perceived sizes, when the perceived range will
be higher for the positive correlation (small circles will appear smaller
and big circles appear bigger), than for the negative correlation. The
main result of Experiment 2 demonstrated the smaller error of mean size
estimation for the negative correlation, which is indirect demonstration
that perceived range became narrower. So, according to results rescaling
happens before averaging, and our visual system firstly bound infor-
mation about angular size and depth, and only then estimated mean size.

Our current study elaborates Tiurina and Utochkin (2019) study.
Here we directly tested the rescaling mechanism on the perception of
range, using both binocular and monocular cues. As we discussed pre-
viously processing of binocular and monocular cues are highly different
(McKee & Taylor, 2010), thus, it is necessary to demonstrate that mul-
tiple items also could be rescaled by monocular cues, since its processing
happens in the LOC and PPA, which are also associated with processing
of ensembles (Cant & Xu, 2012, 2015, 2017). We investigated how range
is represented by several features. Though range is connected with
average estimation (Fouriezos, Rubenfeld, & Capstick, 2008; Im &
Halberda, 2013; Marchant, Simons, & de Fockert, 2013; Maule &
Franklin, 2015; Utochkin & Tiurina, 2014), still range representation is
independent from mean representation and could be calculated in par-
allel with mean (Khvostov & Utochkin, 2019; Yang, Tokita, & Ishiguchi,
2018; but see Jeong & Chong, 2020). We also expanded and replicated
previous findings (Tiurina & Utochkin, 2019). In two experiments we
asked our participants to report the range of the presented ensemble.
The key manipulation was correlation between angular sizes and dis-
tance to the observer, which changed perceived range (Tiurina &
Utochkin, 2019). In Experiment 1 we used mirror stereoscopes to
manipulate depth, while in Experiment 2 - Ponzo-like illusion.

2. Experiment 1

In Experiment 1, participants evaluated the size range of a briefly
presented set of circles. To avoid different adaptation aftereffects to
retinotopic and spatiotopic coordinates (Corbett & Melcher, 2014;
Corbett, Wurnitsch, Schwartz, & Whitney, 2012; Tiurina, Markov,
Corbett, & Utochkin, 2019) both presented (sample) and tested (set with
which participants evaluated range of the sample) sets were shown in
depth with two types of size-distance correlation. Similarly to Tiurina &
Utochkin, 2019, the main manipulation was the correlation between
angular size and depth. In positive size-distance correlation small ob-
jects were presented closer to the observer and big objects were pre-
sented farther to the observer, and vice versa in negative size-distance
correlation. If statistics were estimated, based on perceived sizes
(Tiurina & Utochkin, 2019; Im & Chong 2009), then the perceived range
increases with the positive correlation, because closely presented small
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objects appeared more smaller and far presented big objects appeared
bigger, and decreases with negative correlation. The size-distance cor-
relation of sample and test will differently change the evaluated range.
For the sample: set with positive correlation will be perceived as having
a broader range, so participants will overestimate their answer; while
the set with negative correlation will be perceived as having a narrower
range and there will be an underestimation. However, participants will
respond using a test, which could also be presented in two different size-
distance correlations. Thus, participants will perceive a test with a
broader range (positive correlation) and will try to make it narrower
(underestimation) to match their representation of the range of the
sample, and will perceive a test ensemble with narrower range (negative
correlation), which will try to make it broader (overestimation). So, we
expect to find the maximum overestimation in condition with positive
sample size-distance correlation and negative test size-distance corre-
lation and the maximum underestimation in condition with negative
sample size-distance correlation and positive test size-distance
correlation.

2.1. Method

2.1.1. Participants

Twenty-one undergraduate students of the Higher School of Eco-
nomics (18 female, the average age is 19.9 years) participated in the
experiment for extra credits in a psychology course. The sample size was
determined based on the sample sizes used in other studies, which
focused on estimating range of the set (examples from different labo-
ratories: (Dakin & Watt, 1997; Haberman, Lee, & Whitney, 2015; Mor-
gan et al., 2008; Norman et al., 2015; Solomon et al., 2011; Suérez-
Pinilla et al., 2018). All students reported having normal or corrected-to-
normal visual acuity, stereo vision, and no neurological problems. Each
participant passed a short stereo vision test before the experiment.

2.1.2. Apparatus and stimuli

The stimulation was developed and presented via PsychoPy for Linux
Ubuntu (Peirce, 2007; Peirce et al., 2019) on a standard VGA-monitor
(screen diagonal 19 in., 85 Hz refresh rate, resolution 1024 x 768
pixels). Mirror stereoscopes (Adjustable Stereo Wide Viewer - SS-1) were
used for obtaining the stereo effect. Ophthalmic chin rests were used to
fix participants’ heads, which provided a constant viewing distance
during the entire experiment. Observers responded by pressing keys on a
computer keyboard and rotating the mouse wheel.

For stimuli, we used stereoscopic pairs. On a black background, two
grey square fields (8.4° x 8.4°, 7.3 x 7.3 cm) were presented on the left
and right part of the monitor (with the distance between the center of
each square to the center of the screen equal to 7.5° (6.5 cm)). The black
fixation point appeared in the center of each grey field.

A set of eight white circles for both sample and test were located on
an imaginary circumference with a radius of 2° (1.7 cm). Each circle was
centered at one of eight rotational positions on the circumference with
jitter (—0.06° to 0.06°, —0.05 to 0.05 cm), starting at 0° and following
one after another with a step of 45°. The center of the imaginary
circumference was placed at the fixation point. The mean size of the
circles was fixed across all trials and equal to 0.6° (0.05 cm). The size
distribution consisted of eight sizes equally spaced along with Teght-
soonian’s (1965) size scale. The range was calculated as a distance be-
tween the biggest and the smallest sizes in the set in the units of the
mean. For the sample set, the range varied from 0.4 to 1.4 (with a step
equal to 0.1) and for the test set - from O to 1.8 (with a step equal to
0.01). Thus, the biggest and smallest circles were =+ ¥ of the range away
from the mean, the second biggest/smallest were + /g of the range away
from the mean, third - + % away of the range from the mean and middle
sizes were 4 /3 of the range away from the mean.

We changed the depth of the stimuli by manipulating binocular
disparity - different horizontal shifts of left-eye and right-eye images
relative to the fixation cross. For the positive correlation condition,
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bigger sizes appear at the farthest plane and smaller sizes appear at the
closest plane. So, for two smallest circles, the disparity (Disparity = Left
shift — Right shift) was about —0.24° (—0.2 cm), making them appear
closer than the plane of fixation, for the second two circles by size rank,
the disparity was equal to —0.12°(—0.1 cm). For the third and fourth
pairs of circles, disparities were equal to +0.12°(0.1 cm) and + 0.24°
(0.2 cm), respectively, making them appear farther than the plane of
fixation. For negative correlation condition, bigger sizes appear at the
closest plane and smaller sizes appear at the farthest plane. Thus, the
two biggest circles were assigned the —0.24°(—0.2 cm) disparity, etc.

2.1.3. Procedure

Experimental sessions were run in the darkened room. The partici-
pants seated at approximately 50 cm (19.7 in.) from the monitor. Each
participant passed the binocular vision test using the same principle as
Julesz’s stereograms (Julesz, 1971). Before the beginning of the exper-
iment, a mirror stereoscope was fixated with belts on a participant’s
head. Random sets of colored circles (blue, red and white) on a grey
background were presented stereoscopically. Participants had to iden-
tify and name the color of circles standing out from the background due
to the disparity. Success on this test served as a criterion for an ability to
segment multiple items by the depth and correct stereoscope setup.
Before the main experiment, there were 8 practicing trials.

The fixation cross was presented during all trials. In each trial, the
sample was presented for 500 ms. 200 ms later, the test set was pre-
sented (See Fig. 1). Participants were asked to adjust the range by
rotating a mouse wheel that increased or decreased the range of the test
distribution with a step of 0.01. Mouse rotation changed the size of each
circle in the set according to the principle described previously. Partic-
ipants were instructed to press the SPACE button to confirm their
response and finish a trial. The following trial started with pressing the
SPACE button, so participants could progress at a comfortable pace and
take a rest whenever they wanted. The order of trials of different con-
ditions were randomly mixed to additionally avoid various adaptation
aftereffects.

2.1.4. Design and data analysis

Experiment 1 had a 2 (sample size-distance correlation: positive vs.
negative) x 2 (test size-distance correlation: positive vs. negative)
within-subject design. 77 trials were presented for each condition. Thus,
the total number of trials was equal to 308 per observer.

We estimated in each trial the Bias - a signed deviation between the
estimated and correct range: Bias = (Response — Correct)/Correct, where
the Response is the range of test ensemble set by a participant, and
Correct is the actual range of angular sizes of the sample set. Thus, bias
equal or close to zero means that there is no bias in the participant’s
response. While positive or negative bias indicates overestimation or
underestimation of the range, respectively. We also calculated the pre-
cision of estimated range: Precision = |Bias — M;;(Bias) |, where M;;(Bias) is
an average bias in the i-th cell of experimental design for the j-th
participant. Our predictions considered only changes in bias, while the
precision of range estimation according to our predictions should
remain stable across all conditions.

We applied the standard frequentist and Bayesian repeated measures
ANOVA. The Bayesian approach estimates the odds of H1 to HO (Rouder,
Speckman, Sun, Morey, & Iverson, 2009). The Bayes factor (BF;g) was
calculated using JASP 0.9.0.0 (JASP Team, 2020; Wagenmakers et al.,
2017) and interpreted using the standard Jeffrey’s scale (1961). The
Cauchy distribution with a width of 0.707 was used as a prior distri-
bution of effect sizes under HO. A Bonferroni correction was made for
multiple comparisons in calculating the statistical significance level.

2.2. Results

2.2.1. Bias
We found effect of sample size-distance correlation (F(1,18) =
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Positive Positive
correlation correlation
OR
Negative Negative
correlation correlation
Foreground
Sample Test
500 ms 200 ms Adjust range of the test

Background

Positive correlation

14.018, p < .001, nzp = 0.009, BFo = 34.08, Fig. 2), test size-distance
correlation (F(1,18) = 4.061, p = .044, nzp = 0.003, BFjg = 0.231)
and also their interaction (F(1,18) = 4.659, p = .031, nzp =0.003, BFyo
= 0.325). Range of ensembles presented in positive correlation (tested in
positive correlation: M = 0.039; tested in negative correlation: M =

to match the range
of the sample

Negative correlation

Fig. 1. (A) The time course of Experiment 1. Different contrasts of circles depict different distances. Black circle outlines are used for better image perception for the
reader. (B) The distribution of circles over apparent distances with perceived sizes.

0.039) were overestimated compared to negative correlation (tested in
positive correlation: M = —0.019; tested in negative correlation: M =
0.022; comparison: t(20) = 3.744, p < .001, Bonferroni corrected o =
0.025, Cohen’s d = 0.093). While the range of ensembles tested in
positive correlation were underestimated compared to negative

0.050
®
Test
0.025 1 size-distance
® correlation
@ 1
% @ negative
0.0001 overestimation| 4 positive
) = underestimation
-0.025 1
negétive posftive

Sample size-distance correlation

Fig. 2. An effect of the sample size-distance correlation and test size-distance correlation on bias in Experiment 1. Error bars denote 95% confidence intervals.



Y.A. Markov and N.A. Tiurina

correlation (£(20) = 2.015, p = .022, Bonferroni corrected o = 0.025,
Cohen’s d = 0.05).

As shown in Fig. 2, the highest underestimation was in the condition
where the ensemble was presented in a negative correlation and tested
by the ensemble with a positive correlation (M = —0.019). The highest
overestimation was in conditions where the sample was presented in a
positive correlation (M = 0.039).

2.2.2. Precision of range estimation

We found no effect of sample size-distance correlation (positive
sample correlation: test with positive correlation: M = 0.294, test with
negative correlation: M = 0.290; negative sample correlation: test with
positive correlation: M = 0.285, test with negative correlation: M =
0.297; comparison: F(1,18) =0.032, p = .859, nzp = 0.000, BFyy =
0.029), test size-distance correlation (F(1,18) =0.512, p = .474, nzp =
0.000, BF1p = 0.035) and their interaction (F(1,18) =1.782, p = .182,
1% = 0.001, BF1o = 0.000).

2.3. Discussion

The most important result of this experiment: the largest underesti-
mation of range corresponds to the set with a negative correlation be-
tween angular size and depth, and test with a positive correlation
between angular size and depth. When an observer perceived a set with
a negative size-distance correlation - larger objects appeared smaller,
while smaller objects appeared larger. Thus, observers had to underes-
timate range (relative to the range of the angular sizes of the set).
However, observers reported range using the test also presented in
positive or negative correlation. The perceived range of the test
appeared significantly broader in the condition with the test presented
in positive size-distance correlation, so to compensate for the difference
in the representations of sample presented in negative size-distance
correlation and test presented in positive correlation participants were
forced to considerably decrease the range of the test to match their
representation of sample. This result suggested that rescaling occur
before range estimation for both sample and test.

We found interaction between sample and test’s size-distance cor-
relation, because there was no overestimation effect in the condition
with a positive size-distance correlation and test with a negative size-
distance correlation. Tiurina and Utochkin (2019) similarly did not
find overestimation effect in positive correlation condition. This result
could be related to the ceiling effect, global overestimation of the range
and small range of apparent distances used in experiment, allowing only
to observe underestimation effect in negative correlation condition. In
general, the largest overestimation was in condition with the positive
sample size-distance correlation in the sample. These results are
consistent with our hypotheses that summary statistics estimation oc-
curs after rescaling.

3. Experiment 2

Thus, in Experiment 1 and Tiurina and Utochkin (2019) study results
were not symmetrical for correlation conditions and in both studies we
used stereoscopic presentation (binocular depth cue). We conducted
Experiment 2 with the monocular cue of depth — the image of corridor
conducted similarly to Ponzo illusion (Ponzo, 1912; similar to (Fang
et al., 2008; Murray et al., 2006; Ni, Murray, & Horwitz, 2014)). Ac-
cording to size constancy, in the three-dimensional scene near objects
appear smaller, while distant objects appear bigger. However, when
there are no real physical distance changes (or distance estimation is
incorrect) and depth induced by perceptive cues (Ponzo illusion), in
order to maintain size constancy (Gregory, 1963) perceived sizes change
in compensation. Stereoscopic presentation significantly limits the sizes
of the presentation area and the choice of object’s sizes. Thus, in this
experiment, we were able to use more variable sizes and bigger pre-
sentation area.
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3.1. Method

3.1.1. Participants

Twenty-two undergraduate students of the Higher School of Eco-
nomics (20 female, the average age is 19.3 years) participated in the
experiment for extra credits in a psychology course. All students re-
ported having normal or corrected-to-normal visual acuity and no
neurological problems.

3.1.2. Apparatus and stimuli

The stimulation was developed and presented via PsychoPy for Linux
Ubuntu (Peirce, 2007; Peirce et al., 2019) on a standard VGA-monitor
(screen diagonal 19 in., 85 Hz refresh rate, resolution 1024 x 768
pixels).

Stimuli were presented on a grey background or the image of the
corridor (21.8° x 21.8°, 19.2 x 19.2 cm, Fig. 3). The image of the
corridor was generated using 3DsMax and Adobe Photoshop.

Set of eight white circles were located on the invisible 8 x 8 grid
(7.5° x 7.1°, 6.5 x 6.2 cm), the center of the grid was shifted down by
4.2° (3.6 cm). The width of each cell was equal to 1° (0.9 cm). To avoid
overlapping, each circle was quasi-randomly located in each cell in such
a way that in each column and row only one object was presented and
also objects in the neighboring rows didn’t occupy adjacent columns.
Coordinates of circles were calculated in such a way that the bottom of
circles was located on the lines on the background image of the corridor.

To avoid cues from the mean of the sample set, the mean of the
sample was randomly chosen from 0.3° to 0.7° (0.26 to 0.6 cm). The
mean size of the test set was constant and equal to 0.5° (0.4 cm).
Similarly to Experiment 1, sizes were equally spaced along with
Teghtsoonian’s (1965) size scale. The range was calculated as a distance
between the biggest and the smallest sizes in the set in the units of the
mean. For the sample set, the range was varied from 0.4 to 1.4 (with a
step equal to 0.1) and for the test set - from 0 to 1.8 (with a step equal to
0.01).

For positive correlation condition, bigger sizes appear at the farthest
plane and smaller sizes appear at the closest plane (Fig. 3). Thus, smaller
circles were located closer to the bottom of the screen, while bigger
circles were located closer to the middle of the screen. For negative
correlation condition, smaller sizes appear at the farthest plane and
bigger sizes appear at the closest plane — smaller circles were located
closer to the middle of the screen, bigger — to the bottom of the screen.
For no correlation condition and test set, there was no correlation be-
tween sizes and position of objects (depth).

3.1.3. Procedure

Experimental sessions were run in a darkened room. The participants
seated at approximately 50 cm (19.7 in.) from the monitor. The fixation
cross was presented during all trials. In each trial, the sample was pre-
sented for 500 ms. 200 ms later, the test set was presented. The in-
struction was the same as in Experiment 1. Before the main experiment,
there were 6 practicing trials. The experiment was conducted in two
blocks: with illusion background and with a grey background presented.
Half of the observers firstly participated in the block with a grey back-
ground and after that in the block with illusion background, another half
of observers vice versa. This block design allowed us to control possible
aftereffects caused by presentation of illusion image.

3.1.4. Design and data analysis

Experiment 2 had a 3 (sample size-distance correlation: positive vs.
negative vs. no correlation) x 2 (the type of background: the image of
corridor vs. no image) within-subject design. 77 trials were presented for
each condition. Thus, the total number of trials was equal to 462 per
observer. We estimated bias and precision as in Experiment 1. Data
analysis was identical to Experiment 1. We also analyzed bias with
correction to baseline by estimating the difference between condition
with present and absent image of corridor. This analysis will allow us to
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Fig. 3. The time course of Experiment 2. The figure depicts all six possible types of sample (3 types of size-distance correlation x 2 types of background: the image of

corridor vs. no image).

compare three correlation conditions, because in Experiment 2, they are
different not only by size-distance correlation, but also by circle’s co-
ordinates - in positive correlation bigger circles were closer to the center
of the screen, while in negative correlation smaller circles were closer to
the center of the screen. Thus, even with no illusion presented observers
still had one depth cue - height, which could influence the results.
Estimation of bias with correction to baseline will allow us control dif-
ferences in coordinates between size-distance correlation conditions and
investigate the influence of size-distance correlation on range estimation
with control of differences in coordinates between these conditions.

3.2. Results

3.2.1. Bias

We found effect of size-distance correlation (F(2,42) = 121.02, p <
.001, nzp = 0.334, BF1o > 10%, Fig. 4) and also interaction of size-
distance correlation and type of background (F(2,42) = 20.683, p <
.001, nzp =0.079, BFyo > 10%). There was no significant effect of type of
background (F(1,21) =0.259, p = .611, nzp = 0.001, BF19 = 0.065).
When there was no correlation (with illusion: M = 0.108; without illu-
sion: M = 0.108) participants maximally overestimated range (compare

0.14

0.0

Bias

with illusion

overestimation +
underestimation

without illusion

¢

Sample size-distance correlation

Fig. 4. An effect of the sample size-distance correlation and illusion on bias in Experiment 2. Error bars denote 95% confidence intervals.
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to positive correlation: with illusion: M = 0.086; without illusion: M =
0.014; comparison: (t(21) = 4.026, p < .001, Bonferroni corrected o =
0.017, Cohen’s d = 0.259, BF1( = 362.1); to negative correlation: with
illusion: M = —0.161; without illusion: M = —0.070; comparison: (t(21)
=14.613, p < .001, Bonferroni corrected o = 0.017, Cohen’s d = 0.939,
BF1g > 10%). Participants underestimated range of ensemble in nega-
tive correlation compared to positive correlation (t(21) = 11.076, p <
.001, Bonferroni corrected a = 0.017, Cohen’s d = 0.712, BF1o > 10%9).

When size-distance correlation was negative, range was more
underestimated in condition with presented illusion compared to
background with no illusion (¢(21) =5.125, p < .001, Cohen’s d = 0.329,
BF1p > 10°). When size-distance correlation was positive, range was
more overestimated in condition with presented illusion compared to
background with no illusion (¢(21) = 3.367, p < .001, Cohen’s d = 0.216,
BF19 = 17.2). When only grey background was presented, range was
more underestimated in condition with negative size-distance correla-
tion in comparison to positive size-distance correlation (¢(21) = 4.423, p
< .001, Cohen’s d = 0.284, BF;(, = 786.5).

3.2.2. Precision of range estimation

We found no significant differences between positive (with illusion:
M = 0.189; without illusion: M = 0.169), negative (with illusion: M =
0.153; without illusion: M = 0.172) and no correlation conditions (with
illusion: M = 0.179; without illusion: M = 0.173; comparison: (F(2,42)
= 2.054,p =.129, nzp = 0.008, BF;( = 0.051)), type of background (F
(1,21) =0.080, p = .778, nzp = 0.000, BF1¢ = 0.073) and their interac-
tion (F(2,42) =2.701, p = .068, nzp = 0.011, BF19 = 0.17).

To check whether the differences between size-distance correlations
when the illusion was not presented was not caused by aftereffect — some
observers firstly participated in the block with illusion, thus this could
lead to some aftereffects in the second block — we additionally analyzed
those participants (N = 13) who firstly take part in the block with a grey
background. We found effect of the size-distance correlation (F(2,24) =
81.957,p < .001, nzp =0.366, BF{( > 103%) and also interaction of size-
distance correlation and type of background (F(2,24) = 11.325, p <
.001, nzp = 0.074, BF19 = 99.2). There was no significant effect of type of
background (F(1,12) =0.156, p = .694, nzp =0.001, BF9 = 0.08). Thus,
the pattern was similar to the main analyses and we also found that sets
in the negative size-distance correlation was underestimated in com-
parison to the positive size-distance correlation when grey background
was presented (t(12) = 3.454, p < .001, Cohen’s d = 0.289, BF;( =
25.68).

3.2.3. Bias with baseline correction

We found the effect of size-distance correlation (F(2,42) = 20.683, p
< .001, qu = 0.079, BFg > 106, Fig. 5). The maximum overestimation
was found in condition with positive size-distance correlation (M =
0.072; compared to none correlation condition: M = 0.000; comparison:
t(21) = 2.826, p = .005, Bonferroni corrected a = 0.017, Cohen’s d =
0.182, BFj9 = 3.658; to negative correlation condition: M = —0.091;
comparison: t(21) = 6.416, p < .001, Bonferroni corrected a = 0.017,
Cohen’s d = 0.412, BF;p > 10%). The maximum underestimation was
found in condition with negative size-distance correlation (compared to
none correlation condition: #(21) = 3.591, p = .001, Bonferroni cor-
rected o« = 0.017, Cohen’s d = 0.231, BF1o = 90,118).

Thus we found that in none correlation condition bias with baseline
correction did not differ from 0 (¢(21) = 0.002, p = .999, Cohen’s d =
0.00001, BF,p = 0.072) and maximum overestimation and underesti-
mation in positive and negative correlation conditions respectively.

3.3. Discussion

Our analysis of bias with baseline control demonstrated that illusion
manipulation influenced perceived range as predicted - the maximum
overestimation was found in positive size-distance correlation and
maximum underestimation in negative size-distance correlation. In
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Fig. 5. An effect of the sample size-distance correlation in Experiment 2. Error
bars denote 95% confidence intervals.

comparison to previous experiments (Tiurina & Utochkin, 2019) we
found evidence that both (positive and negative) size-distance correla-
tion manipulation affected bias, while none correlation condition caused
bias equal to zero. Thus, this is a clear demonstration that range is
estimated only after size-distance rescaling.

We also found that even without illusion present observers under-
estimated and overestimated range correspondingly to the negative and
positive condition. One is possible explanation is that in positive and
negative size-distance correlation location of circles was still correlated
with size, thus this is one of the pictorial depth cues - height. The height
as pictorial cue impacted the perceived range of the set, however, the
effect from illusion manipulation was significantly higher (Bian,
Braunstein, & Andersen, 2005; Epstein, 1966; Gardner, Austerweil, &
Palmer, 2010). Additional analyses of participants who first took part in
the block with a grey background demonstrated that height indeed was
one of the depth cues and had an effect on the perception of range. This
proves the automatic and inevitable character of the rescaling.

4. General discussion

Results of both experiments demonstrated that size-distance corre-
lation manipulation affected the perceived range. In positive size-
distance correlation condition perceived range increased: small ob-
jects, which were presented closer, appeared more smaller and big ob-
jects, which were presented farther, appeared more bigger, and in
negative size-distance correlation perceived range decreased: small ob-
jects, which were presented farther, appeared more bigger and big ob-
jects vice versa. This change in size perception occurred through
compensatory mechanisms of size constancy (Dwyer, Ashton, & Broerse,
1990; Gregory, 1963; Qian, Liu, & Lei, 2016; Qian & Petrov, 2016).
Thus, we demonstrated that estimation of range of the set based on not
“raw” retinal representations, but on already rescaled according to their
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distance’s representations and that rescaling for multiple items occured
at once. These results are consistent with previous findings (Tiurina &
Utochkin, 2019; Im & Chong 2009) and demonstrate that ensemble
summary statistics based on rescaled and detailed object’s representa-
tions. Current study replicates and elaborates results of Tiurina and
Utochkin (2019), using direct evaluation of the range instead of esti-
mation of mean representation precision affected by changed apparent
range. In Tiurina and Utochkin (2019) study, the effect was present only
in one condition in both experiments and the effect size was small, while
in the current study we demonstrated that both positive and negative
size-distance correlation condition affected perceived range. We addi-
tionally controlled depth aftereffect in Experiment 1 (Corbett et al.,
2012; Corbett & Melcher, 2014; Tiurina et al., 2019), cues from the
mean (similar to Khvostov & Utochkin, 2019) and aftereffect caused by
illusion by using blocked design in Experiment 2.

We observed higher bias and found that both size-distance correla-
tion affected bias in experiment with monocular cues, compared to
experiment with binocular cues. However, monocular cues and judg-
ments (Marotta et al., 1997; McCann, Hayhoe, & Geisler, 2018; McKee &
Taylor, 2010; Sperandio et al., 2012) are less powerful than binocular.
Our stereoscopic presentation did not allow us to use a broader range of
depth distances (and also depth perception using stereoscope could be
incorrect for some observers (McKee & Taylor, 2010)), thus it could
explain smaller bias in Experiment 1. Our results suggest that monocular
cues (Ponzo illusion and height) could be used for future investigation of
ensemble perception in depth, which is a significantly easier method and
allows to study it using fMRI (Sperandio & Chouinard, 2015).

Despite height depth cue in Experiment 2, which similarly to Ponzo-
like illusion induced the depth but was controlled by estimating bias
with correction to baseline, there was another possible depth cue. Big
white circles had higher contrast against grey background than small
circle, thus it is possible that based on contrast differences big objects
could appear closer than small objects - depth cue induced by brightness
or contrast is called aerial perspective (Dresp-Langley & Reeves, 2012;
O’Shea, Blackburn, & Ono, 1994; Qian & Petrov, 2012; Qian, Zhang,
Wang, Li, & Lei, 2018; Rohaly & Wilson, 1999). However, if objects were
rescaled according only to aerial perspective, we should observe the
same results in positive and negative size-distance correlation condi-
tions, because in both conditions big objects would always be perceived
as closer and small objects as farther, causing decrease of perceived
range. We do not rule out the possibility of some small influence of aerial
perspective cue on our results, it could be a powerful pictorial cue but
without other depth cues (O’Shea et al., 1994), thus, the main influence
on results in Experiment 1 was from binocular disparity and in Experi-
ment 2 - from Ponzo illusion and height.

We demonstrated that each angular size was rescaled according to
individual depths before ensemble summary statistics estimation and
apparently this process does not require focused attention. According to
feature integration theory (Treisman, 1996) the binding of two visual
dimensions requires attention. However, in contrast to feature integra-
tion theory predictions, recent studies of visual search proposed that
search for conjunction of depth and other dimensions is parallel and
automatic: apparent size (Proulx & Green, 2011) and depth (Aks & Enns,
1996; Nakayama & Silverman, 1986; Viswanathan & Mingolla, 2002)
could capture and guide attention and possibly process preattentively
(Wolfe, 1994; Wolfe & Horowitz, 2017; Wolfe & Utochkin, 2019). In-
terpretations of angular size and depth rely on each other in contrast to
independent features, such as color and orientation. Thus, it is important
to note that we cannot generalize our results to other visual dimensions
and types of binding proposed in feature integration theory.

Size-distance rescaling possibly takes place in V1, where attentional
modulation is highly limited (Luck, Chelazzi, Hillyard, & Desimone,
1997; Martinez et al., 1999; Slotnick, 2017), but still in size-distance
rescaling feedback processing from higher brain areas requires. Fang
et al. (2008) showed that attention could play an important role in the
connection between high-level visual areas (LOC and PPA) and low-level
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visual areas (V1). Attention modulates the feedback from high-level
visual areas, thus affecting size-distance rescaling in V1. In the current
study, we do not directly investigate the role of attention in this process,
but it seems that even under distributed attention top-down feedback
still influences activation of size tuned neurons in V1. Focused attention
influences the perceived depth and perceived size (Anton-Erxleben,
Henrich, & Treue, 2007; Guan & Qian, 2020), so it is possible that
focused attention just strengthens the link between size and depth,
causing rescaling. Size-distance rescaling and summary statistics esti-
mation does not require focused attention and occur under distributed
attention (Baek & Chong, 2020; Robitaille & Harris, 2011; Chong &
Evans, 2011; Chong & Treisman, 2005; Treisman, 2006). Ensemble
summary statistics could be estimated on various levels of the visual
system (Corbett & Melcher, 2014), thus it is possible that items could
also interact with scene representation on later stages of the visual
system - reducing the load on attention.

It is important to note that in the current study we do not investigate
the representation of the mean, but the range. Previous studies have
shown that the mean and range could be processed and estimated in
parallel (Khvostov & Utochkin, 2019; Yang et al., 2018). However, there
are recent studies (Jeong & Chong, 2020; Tong, Ji, Chen, & Fu, 2015),
which demonstrated that representations of mean and range (variance)
interact with each other. This contradiction in results between studies
could be explained by that mean and range share similar basic mecha-
nisms and their representations interaction occur after their indepen-
dent computation (Jeong & Chong, 2020; Kim & Chong, 2020). This is
consistent with neural models and recent studies (Haberman & Whitney,
2012; Hochstein, Pavlovskaya, Bonneh, & Soroker, 2018; Khayat &
Hochstein, 2019; Kim & Chong, 2020; Utochkin, 2019), explaining
mechanisms of ensemble perception by pooling and population encod-
ing. Taken together with the previous findings (Tiurina & Utochkin,
2019; Im & Chong 2009), we can conclude that the range estimation,
like the mean estimation, occurs after the rescale based on both binoc-
ular and monocular cues. According to our results, ensemble summary
statistics studies (Haberman & Whitney, 2012; Hochstein et al., 2018;
Khayat & Hochstein, 2019; Kim & Chong, 2020; Utochkin, 2019) and
size constancy studies (Qian & Yazdanbakhsh, 2015; Sperandio &
Chouinard, 2015) we could assume that neural mechanism underlying
ensemble perception in depth is following: firstly retinal sizes in low
visual areas (V1) are rescaled via feedback from higher brain areas
(binocular cues: MT, LIP; monocular cues: LOC, PPA); secondly the
feature signals from lower areas (V1) are pooled in higher region with
large receptive fields, where information about distribution activation
becomes explicit and available (Ahissar & Hochstein, 2004; Hochstein &
Ahissar, 2002; Hochstein, Pavlovskaya, Bonneh, & Soroker, 2015).
Thus, our visual system does not represent single mean or range value
(Kim & Chong, 2020), but rather represents population summary - dis-
tribution of neuron activation of higher brain areas with large receptive
fields - with greater activation near the mean of the perceived set and
with level of noise depending on the range of the perceived set. Thus, it
is possible that other kinds of ensemble summary statistics processed
similarly and computed based on perceived sizes.

Our study clearly demonstrates that ensemble summary statistics
could be based on integrated objects representations and partly explains
how ensemble summary statistics allows us to perceive detailed world
representation with minimum attentional load and without individual
objects processing (Alvarez, 2011; Cohen et al., 2016).
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