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Abstract1

Individual and ensemble perception are crucial for inter-2

acting with objects in our environment. Individual percep-3

tion processes single objects, while ensemble percep-4

tion extracts summary information from object groups.5

To investigate how these two modes of perception work6

with different set sizes (3, 6, 10) in naturalistic settings,7

we compare two bayesian models on our data. The first8

model, a variant of the summation model, is the ’Indi-9

vidual Encoding Model’. The second model is the ’En-10

semble Encoding Model’, which is related to the auto-11

matic averaging model. We conducted an experiment in12

which participants encoded the position of an individual13

object or an ensemble position that summarized multi-14

ple objects in a 3D rendered scene and indicated its re-15

membered position by mouse click on the screen. The16

’Individual Encoding Model’ assumes that each object’s17

position is encoded in memory, the ensemble position18

is only evaluated on demand. In the ’Ensemble Encod-19

ing Model’, the ensemble position is part of the process20

that generates the scene and is inferred from the observ-21

able object locations. We found that the accuracy of re-22

producing individual object positions increased as set23

size increased, while the estimation of the ensemble po-24

sition (arithmetic mean) only differed between the 6- and25

10-object set size conditions, with smaller deviations ob-26

served for scenes with 6 objects. The Ensemble Encod-27

ing Model generally explains the human behavioral data28

better. The subject-specific bayes factors in its favor in-29

crease with set size. We conclude that in naturalistic30

scenes the choice between individual versus ensemble31

encoding is likely driven by the more compact scene rep-32

resentation of the ensemble model.33

Keywords: ensemble perception; spatial perception; scene34

perception; cognitive model; bayesian model35

Introduction36

Extracting object locations is a critical task in daily life. It re-37

quires determining the precise position of a specific object38

(e.g., picking up a coffee mug), referred to as individual per-39

ception, and identifying the average position of a group of40

objects (e.g., locating where mugs are placed in a kitchen),41

known as ensemble perception.42

Individual perception involves isolating a target object from43

its surroundings by combining features like color, shape, and44

location into a unified representation (Kahneman et al., 1992;45

Perry & Fallah, 2014; Xu & Chun, 2009). This sequential46

and resource-intensive process requires specific brain regions47

(for a review see Perry & Fallah (2014)) and takes approxi-48

mately 100 ms to 2 s to form an accurate object representation49

(Haberman & Whitney, 2007; Lauer et al., 2018; Melcher et50

al., 2021). Encoding efficiency is influenced by multiple factors51

such as the number of objects (Alvarez & Cavanagh, 2004;52

Melcher et al., 2021; Neumann et al., 2018; Robitaille & Har-53

ris, 2011) and scene context (Bar & Aminoff, 2003; Draschkow54

et al., 2014; Lauer et al., 2018; Ringer et al., 2021). Generally,55

a lower number of objects results in more precise represen-56

tations (Melcher et al., 2021; Neumann et al., 2018), while a57

contextually appropriate scene (e.g., a pot in a kitchen rather58

than a bathroom) can enhance processing speed and recall59

accuracy (Bar & Aminoff, 2003; Draschkow et al., 2014; Lauer60

et al., 2018). However, naturalistic scenes may also hinder in-61

dividual object perception, e.g. when objects are obscured by62

other elements in the scene (Ringer et al., 2021).63

Ensemble perception, in contrast, is considered to be a64

rapid and automatic process (Oriet & Hozempa, 2016; Yildirim65

et al., 2018) that encodes summary information, such as66

the mean or variance of group features (Whitney & Ya-67

manashi Leib, 2018). Ensemble processing occurs early in68

encoding and precedes detailed individual object processing69

(Haberman & Whitney, 2007; Melcher et al., 2021), and pro-70

vides detailed ensemble information within 50–500 ms (Chong71

& Treisman, 2003; Haberman & Whitney, 2007; Melcher et al.,72

2021; Whiting & Oriet, 2011). Unlike individual perception, en-73

semble processing is either unaffected by the number of ob-74

jects or benefits from larger sets (Chong & Treisman, 2003;75

Melcher et al. 2021; Robitaille & Harris, 2011; for a review76

see Corbett et al., 2023). Although ensemble perception is77

thought to aid orientation in complex environments, previous78

research primarily relied on the presentation of stimuli against79

simplistic backgrounds, e.g. (Melcher et al., 2021; Neumann80

et al., 2018). Consequently, the influence of scene context on81

ensemble perception remains unexplored.82

These behavioral findings suggest that individual and en-83

semble perception are influenced differently by set size and84

have distinct temporal resolutions, indicating two distinct un-85

derlying processing mechanisms (Ariely, 2001; Chong &86



Treisman, 2005; Ward et al., 2016). Ensemble information87

has been proposed to be extracted automatically (Oriet &88

Hozempa, 2016; Yildirim et al., 2018), bypassing the need89

for individual object representation (Ward et al., 2016). How-90

ever, especially recent computational modeling studies chal-91

lenge this view, suggesting that ensemble perception relies92

on pooling pre-encoded individual information (Harrison et al.,93

2021; Robinson & Brady, 2023; Utochkin et al., 2024). For94

instance, Robinson and Brady (2023) showed that their Per-95

ceptual Summation model, which posits that ensemble repre-96

sentations are formed by summing activations from individual97

targets during early encoding, outperformed the Automatic Av-98

eraging model across multiple tasks. The latter model implies99

that the ensemble representations are derived directly as sin-100

gle probability distribution without representing each individual101

object, just like for physically present targets.102

Ensemble perception is essential for efficient processing of103

complex visual environments, as it reduces redundancies and104

eases the load on the capacity-limited visual system. While105

computational models of ensemble perception have been de-106

veloped for various features (e.g. color, orientation; Harrison107

et al., 2021, Robinson & Brady, 2023), how spatial perception108

of both individual and ensemble information are processed109

has been hardly considered (Lew & Vul, 2015). Moreover,110

to the authors’ knowledge, no previous work has examined111

individual and ensemble spatial perception within naturalis-112

tic scenes, an important aspect of characterizing visual per-113

ception processes, as it can both enhance and hinder visual114

processing, as already shown for individual perception (Bar115

& Aminoff, 2003; Draschkow et al., 2014; Lauer et al., 2018;116

Ringer et al., 2021).117

The general goal of our study was to investigate how hu-118

mans encode multiple object locations embedded in natural-119

istic scenes. In particular, we aimed to identify the compu-120

tational encoding model that best accounts for the observed121

behavioral data, thereby gaining further insight into the possi-122

ble computations underlying individual and ensemble percep-123

tion. To this end, we compared two bayesian perception mod-124

els, each emphasizing different aspects of encoding individual125

and ensemble information. The first model, the Individual En-126

coding model (IEM), is related to the Perceptual Summation127

model (Robinson & Brady, 2023). It assumes that objects are128

initially encoded individually, and when required, the ensem-129

ble mean is computed as a separate sequential step. The130

second model, the Ensemble Encoding model (EEM), postu-131

lates that a scene is encoded by an ensemble location and132

object vectors relative to that location, see (Khoozani et al.,133

2019) for an earlier version of this model. The ensemble loca-134

tion is inferred during encoding, making the EEM conceptually135

similar to the Automatic Averaging model (Robinson & Brady,136

2023). However, unlike that model, EEM does not assume the137

ensemble is perceived as a physically present target. Instead,138

it relies on (weighted) averaging of the total elicited activation139

without explicitly representing individual targets (Šetić et al.,140

2007).141

In the following, we will first describe the methods of the142

behavioral experiment, followed by the development and eval-143

uation of the encoding models. We then present the results144

of the behavioral experiment and assess the model fit to the145

behavioral data. Finally, we discuss the implications of our146

findings in the context of ensemble perception and individual147

encoding.148

Behavioral Experiment149

Participants150

Data from 29 healthy students of Justus Liebig University151

Giessen (19 females) were collected. Participants were be-152

tween 18 and 35 years of age (mean age = 23.58 ± 3.26153

years), had normal or corrected vision, intact color vision (ver-154

ified by Ishihara charts), no neurological or motor disorders,155

and were right-handed (EHI: M = 79.34 ± 20.81; Oldfield,156

1971). They gave their informed consent and received course157

credits or 8C/hour.158

Stimuli and Apparatus159

A total of 18 rendered pictures were created using Blender160

(v2.9; https://www.blender.org/) - six pictures for each161

of the three set size conditions (3, 6, and 10 objects). These162

pictures showed a kitchen environment in which the respec-163

tive number of target objects (all kitchen-related) were ran-164

domly placed, without occluding one another (see Fig. 1).165

The target objects were either self-created in Blender or cho-166

sen from a repository that contained Blender-made objects167

(https://www.turbosquid.com/de).168

Participants were seated in front of a 25” monitor (60 Hz,169

1920 × 1080) in a dark room. A chinrest maintained a con-170

stant distance (60 cm) between their eyes and the monitor.171

To ensure central fixation at the start of each trial, a video-172

based Desktop Mount EyeLink 1000 (SR Research Ltd., On-173

tario, Canada; 1000 Hz sampling rate) eye-tracker was posi-174

tioned 45 cm from the chinrest and below the line of sight.175

Procedure176

A trial started with a central fixation, followed by a three-177

second countdown, which participants were instructed to fix-178

ate (see Fig. 1). After the countdown, the Encoding phase179

started in which a test scene with either 3, 6 or 10 objects was180

presented for one of the three encoding times (50, 100 or 800181

ms). Participants’ task in the encoding phase was to encode182

the scene as accurately as possible. The encoding phase was183

followed by a mask of 50 ms and the reproduction task instruc-184

tion. For the individual reproduction task, a picture of one of185

the previously scene target objects instructed the participants186

to recall the respective object position. In the ensemble re-187

production task, a symbol presented at the beginning of the188

experiment, instructed participants to recall the average posi-189

tion around which all objects were arranged. During the final190

response phase, the empty kitchen scene was displayed, and191

participants clicked on the respective target position as accu-192

rately as possible, with no time limit. To prevent preemptive193

https://www.blender.org/
https://www.turbosquid.com/de


positioning of the mouse, the mouse started in a random cor-194

ner of the screen when the empty scene appeared. The next195

trial began after participant’s response. The experiment was196

conducted using PsychoPy (v2021.2.0; Peirce et al., 2019).197

Figure 1: Example trial sequence of the behavioral experi-
ment. Individual (red) and ensemble (blue) reproduction trials
were blocked. Click endpoints were measured.

All combinations of reproduction task (individual, ensem-198

ble), set size (3, 6, 10) and encoding time (50, 100 and 800199

ms) were tested for each of the six test scenes, resulting in200

216 trials per participant. The trials were blocked, according201

to the reproduction task, creating a total of four blocks: two for202

individual reproduction and two for ensemble reproduction.203

Preprocessing and Analysis204

First, we analyzed behavioral, locating data to understand205

human performance in this task. These data were prepro-206

cessed using Jupyter Notebook (v6.2.0; https://jupyter207

.org/), where statistical analyses involved using repeated-208

measures ANOVAs (RM-ANOVAs), implemented in jamovi209

(v2.3.28; https://www.r-project.org/).210

To assess the accuracy of reproducing the respective tar-211

get positions, the magnitude of the difference vector between212

the position where participants clicked relative to the actual213

(veridical) 2D object position in the scene was calculated. For214

individual perception, the 2D position of each object in each215

scene arrangement was defined relative to its center of mass,216

which was extracted from the respective Blender environment.217

To determine the reference position for the ensemble repro-218

duction task, we based our assessment on participants’ stated219

strategies after the experiment. Most reported using either the220

object group’s centroid (arithmetic mean of target positions)221

or the bounding box center (midpoint of min and max coor-222

dinates). Since both yielded similar results, but the centroid223

aligned better with participants’ ensemble perception, espe-224

cially in the 10-object condition, we report deviations from the225

centroid.226

Experimental trials were excluded based on the following227

criteria: (1) participants blinked during the Encoding phase of228

the 50 and 100 ms condition (≈0.21% affected), (2) partici-229

pants did not look at the computer screen for more than 30 %230

of the preview phase (≈0.29% affected) and (3) participants231

made high deviations from the target position (deviation > 3232

standard deviations from the mean calculated separately for233

the reproduction task and encoding time conditions) during234

short reaction times (reaction time < 1s; ≈0.04% affected).235

These outlier criteria were not mutually exclusive, and some236

trials met multiple criteria. This resulted in a total of 27 ex-237

cluded trials, making it 0.43% of the 29 data sets.238

Models239

For modeling purposes, we have thus far focused on the en-240

coding time of 800 ms, as it provides participants with the241

longest time, and therefore, probably the highest accuracy of242

encoding the scene in this experimental setup.243

We created and explored two bayesian perception models244

for the behavioral data. The models differ in their assumptions245

about how individual and ensemble percepts are computed.246

The first model, here referred to as the ’Individual Encoding247

model’ (IEM), assumes that the ensemble location is only eval-248

uated on demand. During the encoding phase, individual tar-249

get positions are encoded up to sensory noise V⃗ . During re-250

call of individual object locations, the encoded latent positions251

are reproduced. If presented with an ensemble query, this252

model summarizes the encoded information as the average253

location around which all target objects were arranged (Har-254

rison et al., 2021; Robinson & Brady, 2023). In contrast, the255

second model posits a generative process for the visual scene256

that first chooses a (latent) ensemble location (Chong & Treis-257

man, 2005; Ward et al., 2016), relative to which the objects258

are arranged (Lew & Vul, 2015). The sensory signals result-259

ing from this process may also be corrupted by sensory noise.260

We refer to this process as the ’Ensemble Encoding model’261

(EEM). Percepts arise in both models through bayesian infer-262

ence about the latent variables.263

The coordinate system’s origin was set to the center of264

the screen, as participants were instructed to start the explo-265

ration of the scene at this position during encoding. Owing to266

the inherent limitations in human vision, spatial encoding and267

retrieval accuracy, we incorporated zero-mean visual uncer-268

tainty with a standard deviation of 2◦ in both models, (Pert-269

zov et al., 2015). Our aim was to determine which of these270

models better explains the observed locating behavior in the271

two different reproduction tasks and three set size conditions,272

thereby gaining further insight into the possible computations273

underlying individual and ensemble perception.274

Individual Encoding Model (IEM)275

In the IEM the ensemble location E⃗ is computed by averag-276

ing individual object representations X⃗i (Harrison et al., 2021;277

Robinson & Brady, 2023). For K objects in a scene which are278

presented at locations O⃗i, that differ from the internal repre-279

sentations X⃗i by independently drawn visual noise/uncertainty280

V⃗i, the model assumptions are281

https://jupyter.org/
https://jupyter.org/
https://jupyter.org/
https://www.r-project.org/


X⃗i ∼ N (⃗0,ΣX ) (1)

V⃗i ∼ N (⃗0,4 · I2) (2)

O⃗i = X⃗i +V⃗i (3)

E⃗ =
1
K

K

∑
i=1

X⃗i (4)

ΣX ∼ W (4,12/
√

4 · I2) (5)

where N refers to a multivariate normal distribution and I2 is282

the 2×2 identity matrix. W (4,12/
√

4 · I2) is a wide Wishart283

prior on the covariance matrix ΣX with an expectation of 144284

for the diagonal elements (parametrization via scale tril in285

PyTorch), which reflects the experimental design: a standard286

deviation of 12◦ was used for object placement around the287

screen center, across all test scenes used in the behavioral288

experiment.289

Ensemble Encoding Model (EEM)290

The EEM describes a generative process for scenes that in-291

dependently draws the ensemble position E⃗ and the object292

positions X⃗i relative to E⃗ (Lew & Vul, 2015). Visual uncer-293

tainty is the same as for the IEM (Pertzov et al., 2015). The294

model is therefore specified as295

E⃗ ∼ N (⃗0,ΣE) (6)

X⃗i ∼ N (⃗0,ΣX ) (7)

V⃗i ∼ N (⃗0,4 · I2) (8)

O⃗i = E⃗ + X⃗i +V⃗i (9)

ΣX ∼ W (4,9/
√

4 · I2) (10)

ΣE ∼ W (4,9/
√

4 · I2) (11)

The prior diagonal expected covariances of 81 reflect the ex-296

perimental design here, too. Both the standard deviation of297

the average object position from the screen center, as well as298

the average deviation of the individual object from the average299

position was 9◦.300

In both models, the ensemble percept is given by the poste-301

rior distribution of (the latent) E⃗ after encoding, i.e. we evalu-302

ate P(E⃗|O⃗1,...,K ,ΣX ) for the IEM, and P(E⃗|O⃗1,...,K ,ΣX ,ΣE) for303

the EEM. Both posteriors can be computed analytically, details304

can be found in the model scripts, see link below.305

Model Fitting306

We fit the models to simulated data (for recovery tests) and307

real data (for model evaluation) by maximizing the posterior308

probability of the model’s predictions and parameters with re-309

spect to ΣX (and ΣE ). To this end, we implemented both mod-310

els in Python (version 3.12; Foundation, 2023) using the ma-311

chine learning framework PyTorch (version 2.5; Contributors,312

2023) for automatic gradient computation and optimization.313

We performed 4000 steps with the Adam optimizer (Kingma314

& Ba, 2017), using a learning rate of 0.01. To compare the315

models, we used a Laplace approximation to the model evi-316

dence (Bishop, 2006). All scripts are available here: the link317

will be made available once the double-blind review process318

is over. Alternatively, we are happy to send an archive to the319

reviewers through the handling meta-reviewer.320

Position Reproduction Recovery321

Our first test of the models was aimed at recovering the latent322

variables of a matching generator model with identical covari-323

ance parameters, i.e. the X⃗i and E⃗ for both models. We com-324

puted the expected position and standard deviation of both325

individual objects and the ensemble from the posterior distri-326

butions. The ratio of the position reproduction error (difference327

between actual and expected position) and the standard de-328

viation should be ≈ 1 for ensemble position estimation. For329

the individual object position estimation, this ratio should be330

< 1 since these positions were used during encoding, thus331

the main source of posterior deviation stems from the (small)332

visual uncertainty. We computed the average ratio across 72333

trials (reflecting the behavioral experimental design) and re-334

peated this simulation 1000 times. The results are shown in335

Table 1.336

Table 1: Mean ratio of the position reproduction error and the
predicted object placement uncertainties for all combinations
of reproduction task and set size for the Individual Encoding
model (IEM) and the Ensemble Encoding model (EEM). All
standard errors < 10−2.

IEM EEM
Set Size Ind. Ens. Ind. Ens.
3 0.03 1.00 0.04 1.00
6 0.03 1.00 0.04 1.00
10 0.03 1.00 0.04 1.00

All mean ratios are in the expected ranges, indicating that337

the models’ latent variables behave as expected. An exam-338

ple of recovered object and ensemble positions is depicted in339

Figure 2. The notably small covariance ellipses of the ensem-340

ble position predicted by the IEM model are a consequence of341

Eqn. 4.342

Parameter Recovery343

The second test of our modeling pipeline targeted the models’344

parameters, i.e. ΣX for both models and ΣE for the EEM. We345

generated artificial datasets by varying the generating mod-346

els’ parameters in increments of 0.1, and trained a model of347

the same type as the generator on these data. Increments348

of 0.1 reflect behavior differences smaller than those resolv-349

able by our experimental design, see Figure 3. Here, we show350

the recovered vs. generating diagonal elements of the covari-351

ance matrices, as well as the Pearson correlation coefficients352

(r) between these elements. While there is some compres-353

sion especially in ΣX , all model parameters can be recovered354

well enough to allow for meaningful statements about relative355

magnitude.356
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Figure 2: Examples of position reproduction recovery in the
10-object condition. Individual object trials are shown in the
top row (red boxes) and ensemble estimates trials in the bot-
tom row (blue boxes). The left column represents the In-
dividual Encoding model (IEM, yellow dots), while the right
columns corresponds to the Ensemble Encoding model (EEM,
purple dots). Data were sampled from a matching model. The
respective encoding locations are indicated as grey dots, while
their placement variance are presented as grey circles.

Model Comparison and Recovery357

To determine which model best describes the behavior of a358

given participant, we performed approximate bayesian model359

comparison with the aforementioned Laplace approximation360

to each model’s evidence. To test if this approach recovers361

the correct model type with high certainty, we generated 100362

datasets with 72 trials for 3, 6 and 10 objects from each model363

type and fitted both models to those datasets. Repeating the364

analysis with 1000 datasets yielded almost the same results.365

For the direct comparison of both models we then computed366

the log-bayes factor in favor of the EEM, i.e. positive values367

indicate evidence for EEM. The result is shown in Figure 4.368

In virtually in all cases, the model comparison recovers the369

data generating model with near certainty. I.e. the absolute370

value of the log-bayes factor is well above log(100) ≈ 4.6,371

which is ’decisive’ for the generating model (Kass & Raftery,372

1995), as can be seen in Figure 4.373

Results374

Behavioral Experiment375

To analyze the effects of set size on individual and ensemble376

reproduction deviation, we conducted two RM-ANOVAs, one377

for the individual and one for ensemble reproduction task. In378

this study, we report only the results from the 800 ms condi-379

tions to ensure comparability with the modeling approach. The380

Figure 3: Parameter recovery of the IEM and the EEM for
the 3, 6 and 10 object conditions of the parameters ΣX and
ΣE . The strength of the recovered parameter relationships is
indicated by Pearson correlation coefficients (r).

remaining analyses will be made available at a later stage.381

In the individual reproduction condition, there was a signif-382

icant main effect of set size (F2,56 = 55.50, p < .001,η2
p =383

0.67). Post hoc t-tests, corrected using the Bonferroni-384

Holm method, indicated that reproduction error increased with385

each successive increase in set size (mean difference3−6 =386

−2.59, t(28) = −5.65, p < .001; mean difference3−10 =387

−5.00, t(28) = −11.36, p < .001; mean difference6−10 =388

−2.41, t(28) = −4.62, p < .001, all p-values are Bonferroni-389

Holm corrected), as shown in Figure 5.390

The RM-ANOVA for the ensemble reproduction task391

showed a significant main effect of set size as well (F2,56 =392

5.04, p = .010,η2
p = 0.15). Bonferroni-Holm corrected post393

hoc t-tests indicated that with our choice of significance394

level, we are able to reject the hypothesis that the av-395

erage deviation in the 6 object condition is equal to the396

average deviation in the 10 object condition. Deviations397

were smaller on average when six objects were presented398

in the scene (mean difference3−6 = 0.15, t(28) = 1.26, p =399

.219; mean difference3−10 = −0.29, t(28) = −2.09, p =400

.092; mean difference6−10 = −0.43, t(28) = −2.71, p =401

.034). However, this does not imply that there are no differ-402

ences between any other pairs of conditions.403

Models404

We illustrate the fit of the models to the behavioral data for an405

example trial in Figure 6. For individual object location repro-406

duction, both models make predictions close enough to the407

participant’s estimation, i.e. within their covariance ellipses408



Figure 4: Model comparison test on model generated data
between the IEM and EEM for the 3-, 6-, and 10-object condi-
tions. The log-bayes factors of the comparisons for data gen-
erated by the IEM are shown in the left column, while those
for data generated by the EEM are shown in the right column.
Positive log-bayes factors favor the EEM, whereas negative
values favor the IEM. Error bars are standard deviations.

(upper panel of Fig. 6). We also computed the average angu-409

lar distances between model posterior means and participants410

reports (see Fig.5). The results indicate that the model pre-411

dicts participants’ reports for individual object locations better412

than the veridical position.413

For ensemble perception, only the EEM covariance predic-414

tion contains the participant’s response (lower panel of Fig. 6),415

the IEM is ’overconfident’ as a consequence of Eqn. 4. How-416

ever, as it can be seen in Figure 5, the reported ensemble417

locations are predicted at least as well by both models’ en-418

semble mean as the average of the veridical object locations.419

This overconfidence of the IEM is probably due to the fact that420

the models currently account only for variance in encoding and421

do not incorporate other aspects of human behavior, such as422

memory-based uncertainty (Robinson & Brady, 2023).423

In a next step, we calculated the log-bayes factors for each424

participant across and within each set size condition, as well425

as the mean log-bayes factor per set size condition across all426

participants (see Fig. 7). While the EEM shows a tendency to427

explain participants’ behavior at smaller set sizes better, this428

advantage becomes especially pronounced in the 10-item set429

size condition. Although the IEM provides a better fit for some430

participants in the 3-item set size condition, this advantage431

diminishes with increasing set sizes, ultimately resulting in a432

clear superiority of the EEM over the IEM. The cause for this433

result might be the overconfidence of the IEM in estimating434

the ensemble position, which we illustrated in Figure 6, while435

the predicted ensemble means of EEM and IEM are almost436

identical, as illustrated in Figure 5. Hence, the EEM can as-437

sign a larger probability density to the participant’s estimate.438
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Figure 5: Mean reproduction errors (black) for individual and
ensemble average reproduction task for all three set sizes with
confidence intervals as error bars. Individual errors are rela-
tive to veridical positions, ensemble errors are relative to av-
erage veridical positions. Also shown are the median angular
distances between model posterior means and participants
reports for the IEM (orange) and EEM (purple), with confi-
dence intervals as error bars.

Set Size BFind BFens
3 −0.03 [−0.06,0.06] 0.71 [0.1,1.4]
6 0.02 [−0.14,0.26] 1.29 [0.81,3.4]
10 0.24 [0.11,0.58] 8.0 [4.9,10.9]

Table 2: Median and interquartile ranges of bayes factor con-
tributions in favour of EEM, for individual BFind and ensemble
BFens trials for different set sizes.

To investigate if this difference in posterior covariance holds439

across all participants’ data and drives the model comparison440

results, we computed the across-participant median contribu-441

tion of individual and ensemble trials to the bayes factors in442

favor of EEM, see table 2. Since the Bayes factors are mostly443

driven by the ensemble trials, we conclude that it is indeed444

the difference in predicted covariance that makes the EEM a445

better explanation for our data.446

Finally, to assess the variability associated with the latent447

variables X and E in the two models, we calculated the av-448

erage estimated Σ across and within each set size condition449

(see Fig. 8). In the EEM, the total variance (in the horizon-450

tal direction) of the object locations is divided between ΣX451

and ΣE , hence these (co)variances are smaller than ΣX in452

the IEM. Furthermore, for three objects ΣX < ΣE in the EEM.453

This results in an ensemble location that is ’pulled’ towards the454

geometric center of the individual objects and away from the455

screen center, reflecting participants’ behavior. In contrast, for456

ten objects, both Σs can be very similar to achieve the same457

result, which is in line with our prior choice as described in the458



Figure 6: Example of a comparison of participants’ locating
behavior (black crosses) with predictions from the IEM (or-
ange crosses) and EEM (purple crosses) in an individual re-
production trial (first row, target: pomegranate) and an ensem-
ble reproduction trial (second row). Colored circles indicate
the estimated

√
Σ of each model for the target position.

modeling section.459

Discussion460

Previous research has primarily examined individual and en-461

semble perception without accounting for the visual complex-462

ity of realistic scene contexts, which can either facilitate or463

hinder object perception (Draschkow et al., 2014; Ringer et464

al., 2021). To bridge this gap, we investigated how the per-465

ception of both individual objects and ensemble spatial infor-466

mation within naturalistic scenes is influenced by variations in467

set size. Our behavioral data suggest that, consistent with468

findings from studies using uniform backgrounds (Melcher et469

al., 2021; Neumann et al., 2018), individual object perception470

benefits more from smaller set sizes, whereas ensemble per-471

ception remains relatively unaffected by set size.472

Furthermore, we compared two computational models —473

Individual Encoding model (IEM) and Ensemble Encoding474

model (EEM) — to address the ongoing debate about the ex-475

act processing of ensemble information (Harrison et al., 2021;476

Robinson & Brady, 2023; Yildirim et al., 2018; for a review477

see Corbett et al., 2023). The IEM suggests that ensembles478

are constructed only when needed, relying on the averaging479

of individually encoded object percepts. Meanwhile, the EEM480
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Figure 7: Log-bayes factor for each participant and the over-
all average for all set size conditions. The average log-bayes
factor is represented as a box plot, illustrating the distribution,
with confidence intervals as error bars and extreme values
indicated by dots. Positive log-bayes factors favor the EEM,
whereas negative values favor the IEM.

proposes that the ensemble’s average position is directly pro-481

cessed and used to encode individual representations. Con-482

trary to recent studies (Harrison et al., 2021; Robinson &483

Brady, 2023; Utochkin et al., 2024), the EEM demonstrated484

a better fit for the observed locating behavior, questioning the485

superior account of the IEM. Notably, the advantage of the486

EEM became more pronounced at higher set sizes. But the487

explanatory power of EEM is not limited to ensemble percep-488

tion: EEM was shown to be a likely candidate for allocentric489

scene coding in reaching tasks, cf. (Khoozani et al., 2019).490

Given three objects, the ability to form a perceptual group491

and facilitate ensemble perception remains debated (Whitney492

& Yamanashi Leib, 2018). While two objects suffice for en-493

semble perception (Whitney & Yamanashi Leib, 2018), a small494

set does not necessarily need to be processed as one. When495

objects are widely dispersed or divided into separate sub-496

groups, their integration is weakened, contributing less to the497

overall percept (Klinghammer et al., 2017; Lew & Vul, 2015).498

In our 3-object set size condition, spatial dispersion across the499

scene likely reduced the advantage of extracting a shared po-500

sition, making it harder to perceive them as a cohesive group.501

This is reflected in the log-bayes factor, which shows greater502

variability across participants in model fit. On average, model503
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Figure 8: Estimated Σ along the horizontal coordinate of the
IEM (orange) and EEM (purple) across all set sizes and for
the 3, 6, and 10 object conditions, with standard deviations as
error bars.

fit in this condition hovers just above zero (i.e. in favor of504

EEM), though some participants’ data align more clearly with505

the IEM than others. Smaller set sizes (e.g., 3 objects) may506

be perceived as individual objects because the advantage of507

ensemble representation is minimal compared to simply en-508

coding their positions. When more objects are present, the509

perceptual system may shift toward ensemble processing as510

a resource-efficient strategy, favoring summary representation511

over encoding each object separately. This aligns with theo-512

ries of resource-limited rationality, which suggest that percep-513

tual and cognitive systems optimize information processing by514

prioritizing strategies that reduce computational demands (cf.515

Binz et al., 2022). In contrast, when only three objects are516

present — especially if they are widely spaced — the benefit517

of ensemble encoding may be minimal, making an individual-518

object-based representation more viable.519

It is important to note that our current models focus exclu-520

sively on the encoding of individual and ensemble information,521

accounting for uncertainty only at this initial stage of visual522

processing. However, human locating behavior is influenced523

by multiple sources of uncertainty beyond encoding, includ-524

ing memory-related degradation (Robinson & Brady, 2023;525

Pertzov et al., 2015) and motor errors (Hertzum & Hornbæk,526

2010). These additional factors likely contribute to the dif-527

ferences observed between participant responses and model528

predictions, as seen in Figure 6. Further, our models in their529

current state assume ideal observer conditions, meaning they530

postulate that all objects can be accurately encoded. How-531

ever, in our experimental setup, the encoding duration was lim-532

ited to 800 ms, which is particularly restrictive in the 10-object533

condition, where encoding every object individually would be534

highly demanding. Given that encoding time is a key factor in535

the debate on the underlying ensemble process (Melcher et536

al., 2021; Neumann et al., 2018), a natural next step is to inte-537

grate a time-dependent variable into our models. This addition538

would enable a systematic exploration of how encoding dura-539

tion may influence this transition from individual to ensemble540

encoding strategies, helping to bridge the gap between be-541

havioral findings and computational models.542

Our findings also demonstrate that in complex, naturalis-543

tic scenes, set size effects differentially influence individual544

and ensemble perception. While both encoding strategies545

are viable at smaller set sizes, our computational modeling546

approach reveals that as set size increases, the EEM, which547

posits direct processing of ensemble averages, better explains548

human behavior. This suggests that ensemble perception be-549

comes increasingly advantageous when encoding demands550

grow, suggesting that in rich and dynamic real-world environ-551

ments, the perceptual system flexibly selects between individ-552

ual and ensemble encoding based on efficiency constraints.553

However, our results may be biased in favor of the EEM554

because participants knew when they would have to repro-555

duce the ensemble position. An argument for why our findings556

might still hold if participants were not primed for the reproduc-557

tion task is given by the bayes factor contributions in table 2.558

The EEM explains the individual reproduction task just as well559

as the IEM. It is superior in explaining the ensemble reproduc-560

tion data. Thus, independent of the task EEM provides the561

overall better explanation. Nevertheless, it would be interest-562

ing to investigate this explicitly in future experiments.563

By bridging behavioral and computational perspectives, our564

study contributes to a more dynamic view of individual and en-565

semble perception in real-world contexts, by flexibly adapting566

the perceptual strategies to the task demands. This highlights567

the adaptive nature of how humans extract and utilize visual568

object information. Building models that fuse both modes of569

perception and can flexibly weight them in a continuous fash-570

ion, rather than contrasting them as we did here, will be inter-571

esting for future research.572
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