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Abstract 20 

Previous studies have shown that people are good at rapidly estimating ensemble summary 21 

statistics, such as the mean size of multiple objects. In the present study, we tested whether these 22 

average estimates are based on “raw” retinal representations (proximal sizes) or on how items 23 

should appear based on context, such as the viewing distance (distal sizes). In our experiments, 24 

observers adjusted the mean size of multiple objects presented at various apparent distances 25 

through a stereoscope. In Experiment 1, all items were shifted in depth by the same amount while 26 

the adjustable probe stayed at the fixed middle position. We found that presenting ensembles in an 27 

apparently remote plane made observers overestimate the mean size which is consistent with 28 

angular sizes being rescaled to distance. In Experiment 2, we presented individual sizes in different 29 

planes. While angular sizes and apparent distances were kept controlled across conditions, we only 30 

manipulated correlations between them. These manipulations affected the precision of size 31 

averaging in line with changes in the range of apparent rather than angular sizes. This pattern is 32 

possible only if the visual system rescales each individual size to its distance prior to averaging. 33 

Our finding demonstrates that ensemble summaries of basic features, such as size, can be based 34 

on quite elaborated representations of multiple objects. We also discuss important implications for 35 

size constancy. 36 
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Our visual system permanently deals with the huge amount of visual information about the 42 

world that requires very fluent processing of a lot of information at every moment of perception. 43 

Meanwhile, an ability to process the information deeply seems to be limited by the capacity of 44 

attention (Mack & Rock, 1998; Pylyshyn & Storm, 1988; Simons & Chabris, 1999) and working 45 

memory (Cowan, 2001; Luck & Vogel, 1997; Miller, 1956). The representation of numerous 46 

objects as ensemble summary statistics can be a tool to overcome these limitations (Alvarez, 2011) 47 

and provide an impression of seeing all these objects rather correctly at once (Cohen, Dennett, & 48 

Kanwisher, 2016). An ability to rapidly estimate an average feature of multiple objects, such as 49 

the mean size (Ariely, 2001; Chong & Treisman, 2003, etc), average brightness (Bauer, 2009), 50 

average orientation (Alvarez & Oliva, 2008; Attarha & Moore, 2015), average speed (Watamaniuk 51 

& Duchon, 1992), even average emotion or gender of a crowd of faces (Haberman & Whitney, 52 

2007) is one of the most studied types of ensemble statistics. The average can be a better estimate 53 

of the collection of objects than any of those picked from individual objects (Alvarez, 2011; Ariely, 54 

2001; Parkes, Lund, Angelucci, Solomon, & Morgan, 2001). Ensemble averaging can take place 55 

rather early in perception (Chong & Treisman, 2003; Robitaille & Harris, 2011; Whiting & Oriet, 56 

2011; but see Gorea, Belkoura, & Solomon, 2014). Beyond explicit tests of ensemble statistics, 57 

recent studies have shown their important role in other visual domains, such as the deployment of 58 

attention during visual search (Chetverikov, Campana, & Kristjánsson, 2017; Corbett & Melcher, 59 

2014; Utochkin & Yurevich, 2016; Rosenholtz, Huang, Raj, Balas, & Ilie, 2012) or encoding and 60 

storage in working memory (Brady & Alvarez, 2011; Corbett, 2016). 61 

While the studies of ensemble perception have covered a broad range of basic sensory 62 

dimensions and more complex and abstract properties (such as facial features, Haberman & 63 

Whitney, 2007; or even animacy, Leib, Kosovicheva, & Whitney, 2016), most of them tested each 64 

dimension independently. Only a few published works were aimed to study how ensemble 65 

summaries are extracted from a set of objects varying along more than one dimension (Emmanouil 66 

& Treisman, 2008; Huang, 2015; Oriet & Brand, 2013; Utochkin & Vostrikov, 2017). 67 
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One important reason to consider ensemble perception beyond unidimensional feature 68 

distributions is that, in real-world perception, our visual system rarely deals with multiple items 69 

varying in only one basic dimension, even when one is attempting to estimate only one. For 70 

example, real objects are normally not shown on a flat screen but can be located at various 71 

distances from the observer, which makes the statistics of retinal sizes (as usually measured in the 72 

laboratory) not a veridical descriptor of actual size statistics. For more realistic estimates, the 73 

retinal sizes should be rescaled by the corresponding distances to obtain an impression of true sizes 74 

which are then summarized as an ensemble. An ability to rescale the attributes of retinal images 75 

(proximal stimuli) to get access to the attributes of the physical objects (distal stimuli) is referred 76 

to as perceptual constancy.  77 

Size constancy is usually close to ideal under normal observation conditions (Holway & 78 

Boring, 1941; see Chouinard & Sperandio, 2015, for review) suggesting that our visual system is 79 

efficient in (1) estimating the distance based on the available pictorial and binocular cues (see also 80 

Kaufman et al., 2006) and in (2) linking between these cues and the retinal size. In line with this 81 

phenomenology of accurate rescaling, recent neurophysiological studies have shown evidence for 82 

the low-level of neural representation of size. Specifically, these studies found that V1 neurons 83 

tend to respond to the apparent (subjective equivalent of the physical) rather than retinal size of an 84 

object (Murray, Boyaci, & Kersten, 2006; Ni, Murray, & Horwitz, 2014; Sperandio, Chouinard, 85 

& Goodale, 2012). However, despite this seeming ease and the early character of size-distance 86 

rescaling, it represents a version of a computationally demanding task (Tsotsos, 1988) related to 87 

the “binding problem” (Treisman, 1996; Wolfe & Cave, 1999): While separate features of the 88 

visible world are efficiently processed by the independent modules of the visual system (Yantis, 89 

2014), an ambiguity can arise regarding how to combine these separate feature representations in 90 

a coherent object representation. According to Treisman (1996), rescaling of a retinal size by its 91 

apparent distance is an example of “conditional binding”. Conditional binding implies that one 92 
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visible property (apparent distance in our case) influences the interpretation of another (that is, 93 

perceived size). 94 

Viewing size rescaling as a case of the binding problem and given the existing debate about 95 

the mechanisms of binding, we may question the seemingly easy character of size rescaling. The 96 

core subject of this debate concerns the role of a limited-capacity mechanism, such as focused 97 

attention, in correct binding. Some theorists (e.g., Treisman, 1996, 2006; Treisman & Gelade, 98 

1980; Wolfe & Cave, 1999; Wolfe, Võ, Evans, & Greene, 2011) suggest that focused attention is 99 

necessary for correct feature binding, localization, and recognition. Others (e.g., Di Lollo, 2012; 100 

Rosenholtz, Huang, & Ehinger, 2012) suggest that the binding problem can be solved by the visual 101 

system without appeal to an attentional mechanism (for example, via the activation of conjunction-102 

selective neurons or via feedback links from coherent high-level perceptual “hypotheses”, Di 103 

Lollo, 2012). Applying this to size rescaling, it was shown that attention indeed can participate in 104 

the conditional binding between size and depth cues. Fang, Boyaci, Kersten, and Murray (2008) 105 

demonstrated that the V1 size response is rescaled by distance information only when the test 106 

object is attended to; but when attention is diverted from that object, the V1 response is more 107 

consistent with the retinal size representation. This finding implies a possibility that size-depth 108 

binding is not completely automatic and attention-free. 109 

Ensemble perception somewhat sharpens the problem of conditional binding in size 110 

rescaling. In typical size constancy experiments, participants are usually asked to compare between 111 

the size of a test stimulus with the size of a sample stimulus (see Chouinard & Sperandio, 2015, 112 

for review). That is, observers can serially compare between these stimuli giving full attention to 113 

each stimulus and its distance cues, binding them correctly. But in ensemble perception the 114 

observer can encounter a lot of objects at one time, each having its own angular size and its own 115 

distance. Whether the perception of mean angular size and other basic features has capacity limits 116 

is a debated question by its own (Allik, Toom, Raidvee, Averin, & Kreegipuu, 2013; Alvarez, 117 

2011; Alvarez & Oliva, 2008; Ariely, 2008; Attarha & Moore, 2015; Attarha, Moore, & Vecera, 118 
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2014; Chong, Joo, Emmmanouil, & Treisman, 2008; Jackson-Nielsen, Cohen, & Pitts, 2017; 119 

Marchant, Simons, & De Fockert, 2013; Maule & Franklin, 2015; Myczek & Simons, 2008; 120 

Simons & Myczek, 2008; Utochkin & Tiurina, 2014; Whitney & Leib, 2018), which becomes even 121 

more complicated when distance variation is added to size variation. Not only “knowing” all of 122 

the distances and angular sizes, but also “knowing” which distance goes with which size and to 123 

rescaling the size correspondingly is where binding can become especially challenging (Tsotsos, 124 

1988; Treisman & Gelade, 1980; Treisman, 2006; Wolfe & Cave, 1999). From this point, our basic 125 

research questions follow. Can size-distance rescaling survive the capacity bottleneck, so that the 126 

sizes of multiple objects simultaneously are perceived in accordance with their apparent distances? 127 

Are ensemble summaries of size based on retinal or on rescaled sizes? 128 

Im and Chong (2009) reported some evidence for size rescaling in ensemble perception. 129 

Their participants compared mean sizes of groups of circles surrounded by bigger or smaller 130 

irrelevant circles, typically inducing a contrast size illusion referred to as the Ebbinghaus illusion. 131 

Im and Chong (2009) found systematic biases in perceived mean sizes. The magnitudes of these 132 

biases were similar to those obtained when individual Ebbinghaus configurations were compared. 133 

This led Im and Chong (2009) to cautiously suggest that the mean size representation is computed 134 

from individually rescaled sizes. However, given the debated nature of rescaling under the 135 

Ebbinghaus illusion (Ehrenstein & Hamada, 1995; Jaeger, 1978; Jaeger, Klahs, & Newton, 2014; 136 

Roberts, Harris, & Yates, 2005; see Robinson, 1998, for review), it is difficult to say whether the 137 

results of Im and Chong (2009) are related to size constancy. In addition, as we will demonstrate 138 

below (see rationale of Experiment 2), Im and Chong’s (2009) design does not sufficiently address 139 

the question whether individual sizes are actually rescaled prior to averaging. 140 

To answer our questions about the capabilities of multiple size rescaling and ensemble 141 

perception based on this rescaling, we ran two experiments. In both experiments, observers had to 142 

estimate the average size of a set of differently sized circles presented at different apparent 143 

distances. We manipulated binocular distance depth cues using stereoscopic presentation (Julesz, 144 



Ensemble perception in depth 
 

7 
 

1971). In Experiment 1, we tested whether the average size is rescaled to match depth variations. 145 

In Experiment 2, we tested whether the overall ensemble rescaling is based on the local rescaling 146 

of individual sizes by individual distances. 147 

 148 

Experiment 1 149 

In Experiment 1, observers were briefly shown sets of differently sized circles and had to 150 

adjust the size of a probe item to match the mean size of the set. The sets could be presented at 151 

various apparent distances from the observers, while the probe was always at a fixed standard 152 

distance. This led to various depth relations between the sets and the probe which were critical for 153 

testing rescaling. If observers rescale the mean size given the distance, then the adjusted mean size 154 

would be biased to larger or smaller values depending on whether the sample set is presented 155 

farther or closer than the probe. Specifically, there should be a bias towards larger estimates if the 156 

sample set is presented farther than the probe, and vice versa. By contrast, if the mean size is 157 

calculated based on the raw retinal image and not rescaled then we would not expect any bias 158 

associated with the distance. 159 

Method 160 

Participants 161 

Thirty undergraduate students of the Higher School of Economics (18 female, average age is 162 

18.5 years) participated in the experiment for extra credits in a psychology course. The sample 163 

size was determined based on an upper medium range of sample sizes used in studies of visual 164 

averaging in different laboratories (examples: Attarha & Moore, 2015; Attarha et al., 2014; Brady 165 

& Alvarez, 2011; Brand, Oriet, & Sykes Tottenham, 2012; Chetverikov et al., 2016; Corbett, 2016; 166 

Corbett & Melcher, 2014; De Gardelle & Summerfield, 2011; Im & Halberda, 2013; Jackson-167 

Nielsen et al., 2017; Robitaille & Harris, 2011; Utochkin & Tiurina, 2014; Yamanashi Leib et al., 168 

2016, etc.). All students reported having normal or corrected-to-normal visual acuity, stereo vision 169 
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and no neurological problems. Each participant passed a short stereo vision test prior to the 170 

experiment. 171 

Apparatus and stimuli  172 

The stimulation was developed and presented via PsychoPy v1.82 for Linux Ubuntu (Peirce, 173 

2007) on a standard VGA-monitor (screen diagonal 19 inches, 85 Hz refresh rate, resolution 800 174 

× 600 pixels). Mirror stereoscopes were used for obtaining the stereo effect.  Ophthalmic chin and 175 

forehead rests were used to fixate participants’ heads that provided a constant viewing distance 176 

during the entire experiment. Observers responded by pressing keys on a computer keyboard with 177 

their dominant hand. 178 

Stereoscopic pairs were used as stimuli. The monitor with black background was separated 179 

horizontally in two halves relative to the center of the monitor screen. Each half contained a grey 180 

square field (14.57º × 14.57º), distances between the center of each such field and the center of the 181 

screen were 13º. The black fixation point appeared in the center of each grey field. A set of eight 182 

white circles with sizes ranging from .73º to 2.04º was used as a sample stimulus. The circles were 183 

located on an imaginary circumference with a radius of 3.6º. Each circle was centered at one of 184 

eight rotational positions on the circumference, starting at 0 degrees and following one after 185 

another with a step of 45 degrees. The center of the imaginary circumference was placed at the 186 

fixation point (except for horizontal shift providing binocular disparity between the eyes), so every 187 

circle was presented equidistantly from the fovea. The average angular size of the sample set varied 188 

between 1.1º and 1.8º. A single white circle with an adjustable size presented at fixation was used 189 

as a probe stimulus. The initial size of the probe was randomly set between .5º and 2.5º. 190 

An apparent depth of the stimuli was achieved by manipulating binocular disparity, unequal 191 

horizontal shifts of right-eye and left-eye images relative to fixation. There were three possible 192 

depth conditions defined by the disparity of sample sets (Figure 1). In the Background condition, 193 

the imaginary circumference with all sample circles was shifted by –.15º on the left image and to 194 

.15º on the right image (negative and positive values indicate shift to the left and to the right, 195 
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respectively). This provided the total disparity of –.3º (Disparity = Left shift – Right shift) and led 196 

to the perception of the circles in a plane behind the fixation point. In the Foreground condition, 197 

disparity was +.3º. This provided the perception of the circles in a plane before the fixation point. 198 

The absolute disparity of .3º provides the satisfactory above-chance subjective “singleness” of 199 

disparate retinal images within the eccentricity range we used (Duwaer & Van Den Brink, 1981; 200 

Palmer, 1961). Finally, in the Middle condition, the images had a zero disparity (the 201 

circumferences were centered exactly on fixation), so the circles were perceived at the plane of 202 

fixation (Figure 1). 203 

The right and left images of the probe circle always had a zero disparity, so it was always 204 

perceived as presented in the plane of fixation. 205 
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Figure 1. An example of stimuli used in Experiment 1. (А) Stereoscopic pairs for three depth 207 
conditions and corresponding fused frontal views of exactly the same set of circles as a 208 

function of binocular disparity. Arrows (not shown to observers) illustrate the directions of 209 
relative shifts of set members in a left- and a right-eye images. Different contrast levels on 210 
the fused images are used to show distance variations and black outlines are used to make 211 

low-contrast images more visible to the reader; in real stimulation, all circles had same 212 
contrast levels and were uniformly white. (B) Side views of sets at the three planes as they 213 
should be seen by a participant (assuming rescaling). 214 

 215 
Procedure  216 

Before the beginning of the experiment, a stereoscope was fixated with belts on a participant’s 217 

head. The participants then seated at approximately 50 cm (19.7 inches) from the monitor placing 218 

the head on a chin rest. Each participant passed a binocular vision test using the same principle as 219 

Julesz’s stereograms (Julesz, 1971). Random sets of white circles on a grey background were 220 

presented stereoscopically. Participants had to identify and name geometrical shapes standing out 221 

from the background due to disparity. Success on this test served as a criterion for an ability to 222 

segment multiple items by depth, which is exactly what was required for the experiment. 223 

Each trial of the experiment started with the presentation of the fixation point that participants 224 

were instructed to look at. 500 ms later, a sample set was presented for 1000 ms followed by the 225 

presentation of a probe. The participants were asked to adjust the size of the probe so that it seemed 226 

equal to the mean size of all circles in the sample set. Adjustment was made by pressing “right 227 

arrow” or “left arrow” keys on a computer keyboard. Each press of a button increased or decreased 228 

the diameter of the probe by one pixel (~.05º). When the participants reached the apparent mean 229 

size, they were instructed to press SPACE to confirm their response and quit a trial. A next trial 230 

started upon pressing SPACE, so participants could progress in a comfortable pace and take a rest 231 

whenever they wanted. The experimental session consisted of 15 practicing trials followed by the 232 

experimental block of 150 trials.  233 

Design and data analysis 234 

Experiment 1 had a one-way within-subject design. The independent variable, Plane, included 235 

three conditions defined as depth planes of sample set (foreground, background, and middle). For 236 
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each condition, 50 trials were presented. In each trial, a signed deviation between the estimated 237 

and the correct mean sizes was calculated as a measure of response bias: Bias = (Response - 238 

Correct)/Correct, where Response is a probe size set by an observer, and Correct is the true mean 239 

of angular sizes of the sample circles. Here, Bias of about zero indicates an unbiased response, 240 

while positive or negative Biases indicate overestimation or underestimation, respectively. 241 

Changes in the magnitude and sign of Bias as a function of the depth plane were considered to be 242 

principal measures of rescaling. Assuming that the average bias reflects a systematic shift in the 243 

subjective perception of mean size, we calculated the precision of averaging as an absolute 244 

deviation (error) of a response from this equivalent in each trial: Error = |Bias – Mij(Bias)|, where 245 

Mij(Bias) is an average Bias in the i-th cell of experimental design for the j-th participant. 246 

To statistically estimate an effect of Plane on Bias and Error we used the standard frequentist 247 

and Bayesian ANOVA. The Bayesian ANOVA is a direct way to estimate evidence for H1 against 248 

H0 (Rouder, Speckman, Sun, Morey, & Iverson, 2009). The Bayes factor (BF10) is the odds 249 

between the relative likelihoods of H1 and H0 under the observed data, was calculated using JASP 250 

0.8.2 (JASP Team, 2017; Wagenmakers et al., 2017). For Bayesian ANOVA, a prior was set at .5 251 

on the r scale for fixed effects, as recommended by JASP developers (JASP Team, 2017; 252 

Wagenmakers et al., 2017). For pairwise t-tests within ANOVA, the Cauchy distribution with a 253 

width of .707 was used as a prior distribution of effect sizes under H0 (JASP Team, 2017; 254 

Wagenmakers et al., 2017). 255 

Results and discussion 256 

We found a strong effect of Plane on Bias (F(2,58) = 15.15, p < .001, η2 = .343, BF10 = 257 

2,35×106). As shown in Figure 2, it was provided by a greater positive (overestimation) bias in the 258 

Background condition compared to Foreground (t(29) = 4.97, p < .001, Bonferroni-Holm corrected 259 

α = .017, Cohen’s d = .907, BF10 = 828) and Middle (t(29) = 4.15, p < .001, Bonferroni-Holm 260 

corrected α = .025, d = .758, BF10 = 109). We also found no evidence for an effect of the Plane on 261 

Error (F(2,58) = .801, p = .454, η2 = .027, BF10 = .007). 262 
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 263 

Figure 2. An effect of the apparent depth on Bias in Experiment 1. Error bars denote 95% CIs. 264 

Our main finding in Experiment 1 is that presenting the set at the background elicited 265 

systematic overestimation of mean size, which is consistent with the prediction in accordance with 266 

the rescaling account. We failed to find a symmetric underestimation for sets at foreground 267 

compared to the middle plane. A possible explanation can be that isodisparate images, that we 268 

used to induce the perception of the foreground and the background, geometrically (according to 269 

the angle bisector theorem) correspond to non-symmetrical distances to both depth directions from 270 

the plane of fixation. Specifically, for a fixed disparity magnitude, the apparent distance between 271 

the foreground and the middle plane is shorter than the distance between the background and the 272 
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middle plane. That implies that angular sizes should be rescaled by factors corresponding to the 273 

apparent depth distances from the middle plane. Consequently, background items are rescaled to 274 

a greater extent than foreground items. Given the noise originating from the discrimination of 275 

depth and individual sizes (Kaufman et al., 2006; Mckee & Welch, 1992), as well as from size 276 

averaging (Alvarez, 2011; Im & Halberda, 2013), the differences between rescaled mean sizes in 277 

foreground and the middle planes could be insufficient to reveal a systematic bias, whereas the 278 

differences between rescaled mean sizes in background and the middle planes was sufficient to 279 

reveal such a systematic bias. Although the observed bias suggests that participants do somehow 280 

rescale their retinal images of multiple items when calculating the mean size, does this mean that 281 

the visual system operates on multiple rescaled representations when calculating ensemble 282 

statistics? That is, are individual retinal sizes bound with their distances prior to entering the 283 

averaging stage? Experiment 1 does not lead to an unambiguous answer to these questions. As we 284 

manipulated the depth of the entire set rather than the depths of individual items, we cannot 285 

estimate to which degree the individual depth information is taken into account.  It is possible that 286 

observers in fact estimate the mean retinal size and rescale it to a single distance that is shared by 287 

all items. This possibility is in line with constant averaging precision (Error) that we observed in 288 

Experiment 1. Alternatively, all items are bound (rescaled) to their individual distances and the 289 

rescaled outputs are then averaged. The similar ambiguity concerns the earlier demonstration of 290 

mean size rescaling under the Ebbinghaus illusion (Im and Chong, 2009): If all to be averaged 291 

items are surrounded by inducers of same size (all inducers are either small, or large within a set), 292 

it is unclear whether the visual system rescales each individual size prior to averaging or computes 293 

the “retinal” mean and then rescales it to the common inducer context. A successful experimental 294 

dissociation between these two possibilities should involve independent manipulations, whereby 295 

any physical size can be associated with any distance within the same group. We implemented this 296 

approach in Experiment 2. 297 

Experiment 2 298 



Ensemble perception in depth 
 

15 
 

An obvious way to test whether the visual system rescales each individual size to its individual 299 

depth prior to averaging, is presenting items in different planes and testing whether this would 300 

cause biases in mean size estimates. However, it seems to be a tricky manipulation. To illustrate 301 

this, consider a simplified example: An observer is presented with three circles with sizes S1 = 1, 302 

S2 = 2, S3 = 3, that can be presented at three possible distances D1 = 1, D2 = 2, D3 = 3. The mean 303 

retinal size is always SM = 2. If we place S1 at D1, S2 at D2, and S3 at D3, the apparent sizes will 304 

become 1, 4, and 9, respectively, so the distal mean size will become 4.7. If we find a systematic 305 

bias in averaging, would it mean that observers rescale each individual size prior to averaging? 306 

Not necessarily. It is possible that the observers calculate the mean retinal size and the mean 307 

distance (Wardle, Bex, Cass, & Alais, 2012) independently and then multiply one by another. 308 

In Experiment 2, we used a different approach to avoid this problem. Our approach is based 309 

on a previously documented property of ensemble statistics that they are sensitive to feature 310 

variation among individual items. Specifically, the averaging error tends to grow with the range 311 

of feature variation (Fouriezos, Rubenfeld, & Capstick, 2008; Im & Halberda, 2013; Marchant et 312 

al., 2013; Maule & Franklin, 2015; Utochkin & Tiurina, 2014). In other words, the more dissimilar 313 

items are present in a set, the less precise observers are at estimating their mean feature. This 314 

provides an interesting opportunity to test whether individual items are rescaled, when both the 315 

retinal sizes and apparent distances are controlled and only size-distance correlations are 316 

manipulated. If the retinal sizes of individual objects are positively correlated with their apparent 317 

distances, then the apparent size contrast should increase compared to the retinal contrast, because 318 

large items at remote planes should appear even larger and small items at close planes should 319 

appear even smaller. Negative correlations should reduce an apparent contrast between the small 320 

and large items. Therefore, if observers average between individually rescaled items they would 321 

show a greater error when adjusting the mean size of a set with positively correlated angular size 322 

and apparent distance, and vice versa. 323 

Method 324 
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Participants 325 

Twenty-six undergraduate students of the Higher School of Economics (15 female, average 326 

age is 20 years) participated in the experiment for extra credits in a psychology course. All students 327 

reported having normal or corrected-to-normal visual acuity, stereo vision and no neurological 328 

problems. Each participant passed a short stereo vision test prior to the experiment. None of the 329 

observers that participated in this experiment participated in Experiment 1. 330 

Apparatus, stimuli, and procedure  331 

The apparatus and stimuli used were identical to those used in Experiment 1. The only 332 

exception concerned how binocular disparity was manipulated in stereoscopic pairs. Disparity 333 

varied between items so that these items could be assigned to several planes. The rule of 334 

assignment differed between conditions (Figure 3). In one condition, a positive correlation 335 

between the angular size and the distance was set via changes in binocular disparity. For two 336 

smallest circles, disparity was about –.42º, making them to appear closer than the plane of fixation. 337 

For next two circles by size rank, disparity was –.21º. The third ranked pair of sizes had disparity 338 

of +.21º. Finally, the fourth ranked pair (two largest circles) had a disparity of +.42º. In another 339 

condition, a negative correlation between the angular size and the distance was set. Here, two 340 

smallest circles were assigned to the +.42º disparity, etc. It is important to note, that this method 341 

of size-distance manipulation ensured that (1) angular sizes stayed the same across the positive 342 

and negative correlation conditions, (2) apparent distances were also the same, and (3) an expected 343 

averaging error within each plane also stayed the same, because each plane always contained two 344 

most similar sizes. To obtain the baseline of averaging based solely on the retinal size, a control 345 

condition was added where all items were assigned a zero disparity. 346 

As the logic of our experiment was based on the assumption that the precision of averaging 347 

depends on the range of feature variation, we also manipulated the range of retinal sizes to directly 348 

test whether this assumption works for our stimulation. In narrow range trials, individual sizes 349 
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varied between 1º and 2.1º. In broad range trials, individual sizes varied between 0.5º and 2.7º 350 

degrees. The mean angular size of a set varied 1.1º to 1.8º degrees for both ranges. 351 

 352 

Figure 3. Stimulus views as a function of size-distance correlation in Experiment 2. (A) Fused 353 

frontal views of displays having exactly same angular sizes but different distance-size 354 

correlations. For illustration purposes, different contrast levels are used to show distance 355 
variations and black outlines are used to make low-contrast images more visible to the 356 
reader; in real stimulation, all circles had same contrast levels and were uniformly white. 357 

(B) The distribution of circles over apparent distances with rescaled sizes. 358 
 359 

The procedure of Experiment 2 was the same as the procedure of Experiment 1.  360 

Design and data analysis 361 

Experiment 2 had a 3 (Size-distance correlation: positive vs. negative vs. control) × 2 (Range: 362 

narrow vs. broad) within-subject design. For each cell of the design, 50 trials were presented, 363 

yielding 300 trials per observer in total. The magnitude of Error (see Methods section of 364 

Experiment 1, for description) was the principal dependent variable. Two-way repeated-measures 365 

ANOVA in both frequentist and Bayesian implementations (Bayesian priors were set the same 366 

way as in Experiment 1) was applied to the data. 367 



Ensemble perception in depth 
 

18 
 

Results and discussion 368 

We found evidence of an effect of the Size-Distance correlation on the precision of 369 

averaging (F(2,50) = 6.40, p = .003, η2 = .204, BF10 = 3.28). Displays with the negative size-370 

distance correlation yielded a smaller error than displays with the positive correlations (t(51) = 371 

3.88, p < .001, Bonferroni-Holm corrected α = .017, d = .538, BF10 = 82.64) and control displays 372 

(t(51) = 2.41, p = .019, Bonferroni-Holm corrected α = .025, d = .335, BF10 = 2.11). We also found 373 

a strong effect of the Range (F(1,25) = 43.33, p < .001, η2 = .645, BF10 = 1.59×1051) that is provided 374 

by a greater error in broad-range displays compared to narrow-range displays (Figure 3A). There 375 

was no evidence for an interaction between these factors (F(2,50) = .786, p = .461, η2 = .030, 376 

BFmain effects only / BFmain effects + interaction = 192.5). 377 

Two important findings were made in Experiment 2. First, we replicated the previously 378 

reported detrimental effect of the feature range on the precision of averaging (Fouriezos et al., 379 

2008; Im & Halberda, 2013; Marchant et al., 2013; Maule & Franklin, 2015; Utochkin & Tiurina, 380 

2014), thus directly showing that size variation worked as a limiting factor of precision in our task. 381 

Most importantly for our main research question, we found a similar effect elicited by Size-382 

Distance correlation. Specifically, the negative correlation, which is supposed to make an apparent 383 

range narrower, yielded a smaller error. This effect is not as dramatic as the effect of the Range 384 

(Figure 4). As in Experiment 1, this might be in part due to the range of apparent distances that 385 

was not very broad and, hence, provided only a moderate contrast between angular (proximal) and 386 

apparent (distal) sizes. We also found no evidence for a symmetrically increasing error in displays 387 

with positive Size-Distance correlations compared to control displays. One possible explanation 388 

for such an asymmetry can be that the error in size averaging is a decelerating function of the range 389 

(Im & Halberda, 2013). The decelerating character of the error, together with the relatively small 390 

distance range, could provide a larger contrast between the negative correlation displays and the 391 

control displays than between the positive correlation displays and the control displays. 392 
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 393 
Figure 4. Effects of Range and Size-Distance correlation on the magnitude of the Error in 394 

Experiment 2. Error bars denote 95% CIs. 395 
 396 

Noteworthy, averaging was more precise under negative correlation than under the control 397 

condition, despite the items have been located in several different planes in the former case and in 398 

a single plane in the latter case. It turns out, therefore, that mean size perception is not impaired 399 

when the objects are presented at various distances. Additionally, this finding makes it implausible 400 

that the visual system relies on mean distance to infer mean size. As the precision of mean distance 401 

(depth) estimation decreases with the physical depth variability (Wardle et al., 2012), we would 402 

predict that it should entail the precision of size averaging to fall down as well both in the positive 403 

and negative correlation displays. This prediction is not consistent with our pattern. We also can 404 
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rule out that observers might average within local subsets grouped by a common plane and then 405 

compute the grand mean from these local means. Such a strategy is implausible because it is 406 

problematic to compute several means of different groups at one time, as every separate mean 407 

representation appears to require the limited capacity of attention and working memory, but it is 408 

not a big problem to compute the mean of a single group with any number of elements (Attarha & 409 

Moore, 2015a, b; Attarha, Moore & Vecera, 2014). If our observers calculated local means in 410 

different planes, then their performance under the negative Size-Distance correlation would have 411 

been less precise than under the control condition where all items can be grouped by a single plane. 412 

Taken together, our findings that averaging precision is both improved by the reduced range of 413 

apparent sizes and not impaired by the increased distance range let us conclude that individual 414 

sizes are likely to be rescaled to distances prior to averaging. 415 

General discussion 416 

The results of our study have important implications for both ensemble perception and size 417 

constancy. For the field of ensemble perception, our study demonstrated that the summary 418 

statistics of multiple sizes can be based on quite elaborated object representations rather than on 419 

“raw” retinal measurements of basic features. These representations take into account individual 420 

contexts which these features belong to. Specifically, we showed that individual retinal sizes are 421 

rescaled to their particular distances, so that an averaged representation is based on these multiple 422 

rescaled representations. In addition to Im and Chong's (2009) earlier demonstration of mean size 423 

rescaling under the Ebbinghaus illusion, our data show that mean size rescaling clearly supports 424 

size constancy in ensemble perception. Another previous study (Yamanashi Leib, Fischer, Liu, 425 

Qui, Robertson, et al., 2014) reported evidence for an ability to average between high-level facial 426 

features shown from different viewpoints, thus suggesting another example of invariance in 427 

ensemble perception. Our findings suggest that ensemble invariance can emerge in lower-level 428 

domains of visual processing. 429 
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From the viewpoint of size constancy, our results demonstrate that multiple objects can be 430 

perceived correctly rescaled at one time. This is a non-trivial conclusion, given that the perception 431 

of size invariance is a matter of conditional binding between retinal sizes and distance cues. The 432 

existence of the binding problem is especially pronounced when observers are briefly exposed to 433 

multiple objects with different features (Cave & Wolfe, 1999; Treisman, 1996), which is the case 434 

in our experiments. Indeed, in order to know the rescaled sizes of multiple objects the visual system 435 

should compute not only individual retinal sizes and individual distances, but also which distance 436 

goes with which retinal size. For combinatorial reasons, the latter task can be very computationally 437 

demanding (Tsotsos, 1988) and much harder than the rescaling of one or two objects, as measured 438 

in standard constancy experiments. However, we figured out in the present study that conditional 439 

binding of this sort is a task that the visual system can do at least satisfactorily.  We can add an 440 

interesting observation that rescaling seems to be quite irresistible indicating the automatic 441 

character of conditional binding (Di Lollo, 2012; Rosenholtz et al., 2012). This conclusion about 442 

relative automaticity is based on the principal result of Experiment 2. As the apparent range of 443 

sizes that we manipulated via size-distance correlation is irrelevant for size averaging, the range-444 

associated changes in precision suggest that observers likely perform mandatory rescaling. 445 

Our conclusion that size-distance binding and rescaling are performed for multiple objects 446 

at one time automatically seems to be in a contradiction with the previously demonstrated role of 447 

attention in rescaling (Fang et al., 2008). As Fang and colleagues (2008) showed, diverted attention 448 

is associated with reduced activation in brain areas (LOC and PPA) involved in representing high-449 

order pictorial distance and depth cues of the scene, such as linear perspective. Based on this 450 

finding, we can infer that the attenuated (though not eliminated) rescaling effect can be explained 451 

by the lacking representation of distance information rather than by binding itself. In our 452 

experiments, we used binocular rather than pictorial depth cues. The binocular cues based on 453 

disparity are supposed to be processed at lower levels of the visual cortex, such as V1 (see review: 454 

Blake & Wilson, 2011), where attentional modulation appears to be limited (Luck, Chelazzi, 455 
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Hillyard, & Desimone, 1997) or at least to occur later than early feedforward processing takes 456 

place (Martínez et al., 1999, 2001; but see Kelly, Gomez-Ramirez, & Foxe, 2008; see also 457 

Slotnick, 2017, for review of existing controversies). Given that rescaled sizes also can be 458 

represented at V1 (Murray et al., 2006; Ni et al., 2014; Sperandio et al., 2012), binding of binocular 459 

distances to retinal sizes can be performed quite early (at least once stereopsis is achieved), as it 460 

would not require re-entrant feedback signals from higher-level areas, as in the case of Fang et al. 461 

(2008) task. 462 

Another more general consideration of the role of attention in rescaling and averaging 463 

follows from the comparison between our work and that by Fang et al. (2008). Fang et al. (2008) 464 

observed reduced cortical rescaling under attentional load by a central task complicating 465 

attentional spread over the scene (Cohen, Alvarez, & Nakayama, 2011; Joseph, Chun, & 466 

Nakayama, 1997). We did not load our observers with any additional task. So, even despite 467 

suggesting quite an irresistible character of rescaling multiple objects prior to averaging, our 468 

results do not rule out the possible role of attention. Previous research in ensemble perception 469 

shows that the capacity to sample ensemble summaries may exceed the known limits of focused 470 

attention (Alvarez & Oliva, 2008; Ariely, 2001; Attarha & Moore, 2014; Attarha et al., 2014; 471 

Utochkin & Tiurina, 2014) but it is not free of attentional demands (Huang, 2015; Jackson-Nielsen, 472 

Cohen, & Pitts, 2017; McNair, Goodbourn, Shone, & Harris, 2017). It is probably more correct to 473 

speak of globally distributed rather than narrowly focused attention here (Alvarez, 2011; Treisman, 474 

2006). It is possible that the rescaling of multiple sizes and subsequent averaging are also carried 475 

out under distributed attention. 476 

Having demonstrated efficient conditional binding for multiple sizes and distances, we are 477 

cautious about claims that this finding can be automatically generalized for any other couplings of 478 

features. Explicit doubts were expressed by Treisman and colleagues (Chong & Treisman, 2005; 479 

Emmanouil & Treisman, 2008; Treisman, 2006) that correct item-by-item feature binding is a 480 

general case in ensemble perception. At the same time, there is evidence that some feature 481 
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conjunctions can be processed by selectively tuned units similar to those tuned to separate features 482 

(Holcombe & Cavanagh, 2001; Livingstone & Hubel, 1988; Seymour, Clifford, Logothetis, & 483 

Bartels, 2010; Zhaoping & Zhe, 2012), thus removing the need for the binding “bottleneck” (Di 484 

Lollo, 2012) and making binding automatic (Rosenholtz et al., 2012). We suppose that size-485 

distance binding observed in our study can be also based on a neural mechanism of this sort. 486 

Conclusion 487 

To summarize, our study suggests that ensemble summary statistics of size works as more 488 

than a coarse “sketch” of the visual scene. We figured out that, when computing ensemble 489 

summaries, the visual system takes into account nuances of the context – individual distances – 490 

which ensemble constituents appear in. It appears that an ability to maintain the satisfactory level 491 

of perceptual constancy for numerous objects at once supports this property of ensemble statistics. 492 

As a result, ensemble representation seems to be a perceptual approximation of the physical 493 

environment rather than of the retinal image. As such, our study adds to our understanding of how 494 

visual summary statistics support the perceived richness of the world under severe limitations of 495 

deep object processing (Cohen, Dennett, & Kanwisher, 2016). Ensemble mechanisms provide 496 

sufficiently elaborated information for numerous objects, that we cannot focus on, to look closer 497 

to their physically realistic features. 498 
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