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Abstract

To better understand the underlying mechanisms of individual
and ensemble perception in naturalistic scenes, we compared
three bayesian resource-rational models on experimental data
(from 27 healthy adults): the ’Individual Encoding Model’
(IEM), a variant of the summation model; the ’Ensemble Encod-
ing Model’ (EEM), related to the automatic averaging model;
and the ‘Task Adapted Encoding Model’ (TAEM), a flexible
combination of both models that adapts to task demands. In
the experiment, participants encoded and reproduced either an
individual object position or an ensemble position (group cen-
troid) in a 3D-rendered scene using a computer mouse. In both
tasks, we manipulated set size (3, 6, 10 objects) and presenta-
tion time (50, 100, 800 ms). The EEM and TAEM generally
explained the human behavioral data best. We conclude that,
in naturalistic scenes, the choice between individual versus en-
semble perception is likely driven by the more compact scene
representation of the ensemble model.

Keywords: ensemble perception; spatial perception; scene per-
ception; cognitive model; bayesian model

Introduction
Extracting object locations is a critical task in daily life. It
requires determining the precise position of a specific object
(e.g., picking up a coffee mug), referred to as individual object
perception, and/or identifying the average position of a group
of objects (e.g., locating where the group of mugs is placed in
a kitchen), known as ensemble perception. Behavioral find-
ings suggest that individual and ensemble perception rely on
distinct processing mechanisms, especially reflected in their
differential effects of set size and presentation time (Ariely,
2001; Chong & Treisman, 2003, 2005; Melcher et al., 2021;
Ward et al., 2016). Extracting individual information is sup-
posed to be a sequential and resource-intensive process (Perry
& Fallah, 2014), whereas ensemble information is considered
to be extracted automatically prior to individual object rep-
resentations (Haberman & Whitney, 2007; Melcher et al.,
2021; Oriet & Hozempa, 2016; Yildirim et al., 2018). Re-
cent computational modeling studies challenge this traditional
view and instead suggest that ensemble perception relies on
pooling pre-encoded individual information (Harrison et al.,
2021; Robinson & Brady, 2023; Utochkin et al., 2024).

Ensemble perception is thought to aid orientation in com-
plex environments, though previous research into this topic
was conducted using overly simplistic stimulus displays (e.g.,
Melcher et al., 2021; Neumann et al., 2018). Meaningful

scene context can facilitate or impair individual perception
(Draschkow et al., 2014; Ringer et al., 2021). However, its
influence on ensemble perception remains unexplored.

Thus, we investigate the computations underlying human
encoding of multiple object locations embedded in naturalistic
scenes with limited working memory (WM).

Behavioral Experiment
The data from the behavioral experiment, along with
the computational modeling scripts, are available here:
https://doi.org/10.60834/tam-datahub-15.

To assess participants ability to locate individual and en-
semble information, data from 27 participants were collected
(all healthy students of Justus Liebig University Giessen; 17
females, mean age = 23.66 years). Participants were seated in
front of a 25" monitor (60 Hz, 1920 × 1080 px) in a dark room.
A chinrest maintained a constant 60-cm viewing distance.

Participants performed a total of four experimental blocks,
two for each the individual and the ensemble task, consisting
of 54 trials each. The task was to encode a test scene as
accurately as possible and to reproduce the position of a pre-
defined target. These test scenes (created in Blender (v2.9;
https://www.blender.org/)) showed always the same kitchen
environment with either 3, 6 or 10 readily movable kitchen-
related target objects and were presented for one of three pre-
sentation times (50, 100 or 800 ms). After scene presentation,
participants were instructed to either recall the position of one
of the presented target objects as accurately as possible (in-
dividual task) or the ’average position of all presented target
objects’ (verbatim instruction of the ensemble task). Partic-
ipants responded by viewing the empty kitchen environment
and clicking on the remembered position on the monitor, with
no time limit. Three practice trials were performed for each
task condition to control if participants correctly understood
the tasks. The experiment was conducted using PsychoPy
(v2021.2.0; Peirce et al., 2019).

Locating accuracy was measured as the distance between
the clicked and the actual (veridical) 2D target position. In-
dividual target positions were defined relative to the center of
mass of the respective object, and ensemble positions by the
average of the veridical object locations.

A total of 727 trials (12.47% of the 27 datasets) were ex-
cluded. 616 of these trials could be traced back to partic-
ipants not fixating the countdown till the end and therefore
not starting with a central fixation. Further exclusion cri-
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teria (not mutually exclusive) were blinks during scene pre-
sentation in the 50- and 100-ms conditions (≈0.22%), not
fixating the screen for more than 30% of the presentation
time (≈0.12%), blinks longer 200 ms during scene presen-
tation (≈0.15%), and high locating errors (>3 SD from the
mean, computed separately for locating task and presenta-
tion time conditions) accompanied by short reaction times
(<1 s;≈1.58%). These data were preprocessed using Jupyter
Notebook (v6.2.0; https://jupyter.org/).

Based on previous studies (e.g., Melcher et al., 2021; Neu-
mann et al., 2018), we hypothesized that locating performance
increases with more presentation time in both individual and
ensemble perception, see Eqn. 1. Larger set sizes increase
error in the individual task but have no effect or reduce error
in the ensemble task. In the 50 ms condition, participants
showed large locating errors across all set sizes (avg. > 8.5°),
consistent with random responses to any object they perceived.
Because this condition could not be captured by the models,
it was excluded from further analyses.

Models
We created and explored three Bayesian perception models
for our behavioral data, grounded in current theoretical ac-
counts of ensemble perception. The first two models differ
in their assumptions about how individual and ensemble per-
cepts are computed. The first model, here referred to as the
’Individual Encoding Model’ (IEM), assumes that the en-
semble location is only evaluated on demand, reflecting the
emerging view that ensemble perception arises from individ-
ual object representations (Harrison et al., 2021; Robinson &
Brady, 2023). During scene presentation, individual target
positions are encoded up to sensory noise ®𝑉 and WM limi-
tations 𝑊𝑀𝐿. During recall of individual object locations,
the encoded latent positions are reproduced. If presented
with an ensemble query, this model summarizes the encoded
information as the average location around which all target
objects were arranged (Harrison et al., 2021; Robinson &
Brady, 2023). In contrast, the second model posits a gener-
ative process for the visual scene that first chooses a (latent)
ensemble location (Chong & Treisman, 2005; Ward et al.,
2016), relative to which the individual objects are arranged
(Lew & Vul, 2015). Within this framework, the ensemble per-
cept is grounded in the early encoding of individual elements.
However, these individual object representations are subse-
quently integrated and no longer maintained as independent
entities (Alvarez, 2011). The sensory signals resulting from
this process may also be corrupted by sensory noise and the
WM limitations. We refer to this process as the ’Ensemble
Encoding Model’ (EEM). The third model, here referred to
as the ’Task Adapted Encoding Model’ (TAEM), integrates
these first two models, proposing that both processes coex-
ist and are flexibly recruited depending on task affordances,
with the IEM engaged during individual perception task and
the EEM during ensemble perception tasks. Percepts arise in
all models through approximate bayesian inference about the

latent variables.
The coordinate system’s origin was set to the center of the

screen, as participants were instructed to start the exploration
of the scene at this position during encoding. Owing to the
inherent limitations in human vision, spatial encoding and
retrieval accuracy, we incorporated zero-mean visual uncer-
tainty into the models. The magnitude of this uncertainty
reflects the evidence accumulation process about the objects’
locations. Assuming that sensory noise is independent across
time given object locations, the total sensory variance 𝜎2

𝑣 at
the end of the evidence accumulation process will scale in-
versely with the stimulus presentation interval Δ𝑡 – the longer
the participant looks at the display, the more evidence is col-
lected (c.f. drift-diffusion models (Myers et al., 2022)). Also,
assuming that the evidence for multiple objects has to be col-
lected sequentially, the total sensory variance should scale
with the number of objects 𝑛obj in the display, since the accu-
mulation time per object is (at least) halved if the number of
objects is doubled. Thus

𝜎2
𝑣 = 𝜎2

𝑣

Δ𝑡0
Δ𝑡

𝑛obj

𝑛obj0
(1)

Since we cannot measure sensory variance directly, we use the
locating error in the individual task as an upper bound proxy,
ignoring other source of noise and switch costs when more
than one object has to be attended. Using our data, we find
𝜎𝑣0 = 1.8◦ for Δ𝑡0 = 800𝑚𝑠 and 𝑛obj0 = 3, see also Figure 2.

Our aim was to determine which of these models best ex-
plains the observed locating behavior in the two different lo-
cating tasks under the three set size and two presentation times
(50 ms excluded) conditions, thereby gaining further insight
into the possible computations of individual and ensemble
perception.

Individual Encoding Model (IEM)
In the IEM the ensemble location ®𝐸 is computed by averaging
individual object representations ®𝑋𝑖 (Harrison et al., 2021;
Robinson & Brady, 2023). For 𝐾 objects in a scene which are
presented at locations ®𝑂𝑖 , that differ from the internal repre-
sentations ®𝑋𝑖 by independently drawn visual noise/uncertainty
®𝑉𝑖 , the model assumptions are

®𝑋𝑖 ∼ N(®0, Σ𝑋) (2)
®𝑉𝑖 ∼ N(®0, 𝜎2

𝑣 · I2) (3)
®𝑂𝑖 = ®𝑋𝑖 + ®𝑉𝑖 (4)

®𝐸 =
1
𝐾

𝐾∑︁
𝑖=1

®𝑋𝑖 (5)

Σ𝑋 ∼ W(4, 12/
√

4 · I2) (6)

where N refers to a multivariate normal distribution and I2 is
the 2× 2 identity matrix. W(4, 12/

√
4 · I2) is a wide Wishart

prior on the covariance matrix Σ𝑋 with an expectation of 144
for the diagonal elements (parametrization via scale_tril in
PyTorch), which reflects the experimental design: a standard
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deviation of 12◦ was used for object placement around the
screen center, across all test scenes used in the behavioral
experiment.

Ensemble Encoding Model (EEM)
The EEM describes a generative process for scenes that in-
dependently draws the ensemble position ®𝐸 and the object
positions ®𝑋𝑖 relative to ®𝐸 (Lew & Vul, 2015). In terms of
our kitchen scenes (see Fig. 1), the ensemble position can
be thought of as a reference location, similar to selecting a
shelf, relative to which the individual objects are encoded and
positioned. Visual uncertainty is the same as for the IEM. The
model is therefore specified as

®𝐸 ∼ N(®0, Σ𝐸) (7)
®𝑋𝑖 ∼ N(®0, Σ𝑋) (8)
®𝑉𝑖 ∼ N(®0, 𝜎2

𝑣 · I2) (9)
®𝑂𝑖 = ®𝐸 + ®𝑋𝑖 + ®𝑉𝑖 (10)
Σ𝑋 ∼ W(4, 9/

√
4 · I2) (11)

Σ𝐸 ∼ W(4, 9/
√

4 · I2) (12)

The prior diagonal expected covariances of 81 reflect the ex-
perimental design here, too. Both the standard deviation of
the average object position from the screen center, as well as
the average deviation of the individual object from the average
position was 9◦.

Task Adapted Encoding Model (TAEM)
The TAEM represents the idea that IEM and EEM coexist and
are used depending on task-specific affordances. Therefore,
the IEM is applied to the individual task and the EEM to the
ensemble task.

In all three models, the ensemble percept is given
by the posterior distribution of (the latent) ®𝐸 after en-
coding, i.e. we evaluate 𝑃( ®𝐸 | ®𝑂1,...,𝐾 , Σ𝑋) for the
IEM, and 𝑃( ®𝐸 | ®𝑂1,...,𝐾 , Σ𝑋, Σ𝐸) for the EEM and TEAM.
Similarly, the individual object percepts are given by
𝑃( ®𝑋1,...,𝐾 | ®𝑂1,...,𝐾 , Σ𝑋) etc.. All posteriors can be com-
puted analytically, details can be found in the model scripts:
https://doi.org/10.60834/tam-datahub-15.

Working Memory Limitations
Given that human WM capacity is limited (Luck, 2008; Sims
et al., 2012), performance might not only be constrained by
the resources available for evidence accumulation, but also
by WM limitations 𝑊𝑀𝐿. If 𝑊𝑀𝐿 is less than the memory
capacity required for storing the information encoded in the
(exact) posterior relative to the prior, then a degradation of
the internal representation of the scene might be expected. To
implement 𝑊𝑀𝐿, we follow an approach commonly used in
resource-rational modeling (Binz et al., 2022): first, restate
the inference as an optimization problem of a lower bound L
on the model evidence. Let Θ = ( ®𝑋1,...,𝐾 , ®𝐸) be the collection
of latent variables of the model, 𝑃(Θ) the prior (see model

descriptions above) and 𝑄(Θ) the posterior, which represents
the percepts. Then, for one trial

L =

∫
𝑑Θ𝑄(Θ) log

(
𝑃( ®𝑂1,...,𝐾 |Θ)

)
+ 𝐷𝐾𝐿 (𝑄(Θ) | | 𝑃(Θ))

(13)
Second, constrain the Kullback-Leibler divergence
𝐷𝐾𝐿 (𝑄(Θ) | | 𝑃(Θ)) between posterior and prior, which
measures the number of bits needed for encoding the posterior
relative to the prior, to be less than 𝑊𝑀𝐿. We carry out
this constrained optimization with the method of Lagrange
multipliers, i.e. we maximize

L(𝜆) = 𝐿 + 𝜆𝐷𝐾𝐿 (𝑄(Θ) | | 𝑃(Θ)) (14)
where 𝜆 is the Lagrange multiplier. For a fixed 𝜆, the max-
imization can be carried out analytically. If 𝐷𝐾𝐿 (𝑄(Θ) | |
𝑃(Θ)) ≤ 𝑊𝑀𝐿 for 𝜆 = 0, then the scene encoding fits
into the WM, and 𝑄(Θ) equals the exact posterior. In
this case, the model behaves like an ideal observer. If
𝐷𝐾𝐿 (𝑄(Θ) | | 𝑃(Θ)) > 𝑊𝑀𝐿, then we use interval bisec-
tion to find the 𝜆 for which 𝐷𝐾𝐿 (𝑄(Θ) | | 𝑃(Θ)) = 𝑊𝑀𝐿.
Then, 𝑄(Θ) will be an approximate posterior, representing a
degraded scene encoding. Since 𝑊𝑀𝐿 might differ substan-
tially between participants, we fit individual𝑊𝑀𝐿s estimated
from the location-task data.

Model Fitting
We fitted the models to simulated data (for recovery tests)
and real data (for model evaluation) by maximizing the pos-
terior probability of the model’s predictions and parameters
with respect to Σ𝑋, Σ𝐸 and 𝑊𝑀𝐿. To this end, we imple-
mented all models in Python (version 3.12; Python Software
Foundation, 2023) using the machine learning framework Py-
Torch (version 2.5; PyTorch Contributors, 2023) for automatic
gradient computation and optimization. We performed 1000
steps with the Adam optimizer (Kingma & Ba, 2017), using
a learning rate of 0.01. To compare the models, we used a
Laplace approximation to the model evidence (Bishop, 2006).

Recovery tests
To verify model behavior, we tested the models on simulated
data reflecting the experimental design. We assessed the re-
covery of latent variables, model parameters and predefined
WM limits (raging from 20 to 50 bit). We further assessed
model recovery using approximate bayesian model compar-
ison to determine whether the correct model type could be
identified. All tests showed that models behaved as expected
(see the aforementioned repository for all test scripts and re-
sults), with model parameters well recovered (IEM: 𝑟 = 0.95;
EEM: 𝑟 = 0.92; TAEM: 𝑟 = 0.87). In terms of model recov-
ery, the IEM was recovered unambiguously, with posterior
probabilities of 100%. In contrast, recovery of the EEM and
TAEM was less distinct, with posterior probabilities exceed-
ing 90% in favor of the EEM in both cases, making it difficult
to differentiate between these two models which warrants cau-
tious interpretation.



Results
We illustrate the fit of the models to the behavioral data for
an example trial in Figure 1. For individual object location
reproduction, all three models made predictions close enough
to the participant’s estimation, i.e. within their covariance el-
lipses (upper panel of Fig. 1). We also computed the average
angular distances between model posterior means and partic-
ipants reports (see Fig.2). The results indicate that the model
predicts participants’ reports for individual object locations as
well as the veridical position. In all cases the locating errors
were smaller for smaller set sizes and for longer presentation
times.

For the ensemble locating task, the EEM and TAEM covari-
ance prediction contained the participant’s response (lower
panel of Fig. 1), the IEM was ’overconfident’ as a conse-
quence of Eqn. 5. Figure 2 shows that, in the 100 ms pre-
sentation condition, participants’ reported ensemble locations
were predicted equally well by all models and by the average of
the veridical object locations, although the EEM and TAEM
showed slightly larger deviations in the 3-object condition.
However, this pattern changed in the 800 ms condition, par-
ticularly at higher set sizes. While for the 3-object condition
average location predictions of the IEM continued to predict
participants’ reports similarly well as the average of the veridi-
cal locations, the EEM and TAEM deviated stronger, which is
in line with the predicted deviations (squares) of these models.
However, the IEM strongly underestimated its own locating
error. In the 6- and 10-object condition, the IEM’s over-
confidence worsened, while EEM and TAEM showed good
estimates of both mean location and expected errors.

In a next step, we computed an approximation to the model
evidence via−2BIC (Bayesian Information Criterion) for each
model at the individual participant level, both within and
across experimental conditions. Across all conditions, the
EEM provided the best fit for participants’ behavior (see Fig.
3). The IEM showed the poorest fit overall, with model ev-
idence values approximately 45 nats lower than those of the
EEM and TAEM, indicating strong evidence against the IEM.
This pattern was primarily driven by the IEM’s performance
in the ensemble task, where it produced systematically over-
confident estimates and deviated from participants’ reports
(cf. Figure 2). In contrast, the TAEM appears to benefit
from combining both approaches by flexibly engaging each
model where it performs best, which may explain its only
slightly poorer fit compared to the EEM (4 BIC in favor of
the EEM) despite the stronger complexity penalty imposed
by the −2BIC. However, given the limited discriminability
between the EEM and TAEM (see section ’Recovery tests’),
this comparison should be interpreted with caution.

To assess the variability associated with the latent variables
𝑋 and 𝐸 in the IEM and EEM models, we calculated the
average estimated Σ across and within each combination of
set size and presentation time condition (see Fig. 4 for the
estimates across all conditions). In the EEM, the total vari-
ance of the object locations is divided between Σ𝑋 and Σ𝐸 ,

Figure 1: Example of a comparison of participants’ locat-
ing behavior (black crosses) with predictions from the IEM
(orange crosses), EEM (purple crosses) and TAEM (brown
crosses) in an individual reproduction trial (first row, target:
bowl) and an ensemble reproduction trial (second row) in the
6-object condition and with 800 ms presentation time. Col-
ored circles indicate the estimated

√
Σ of each model for the

target position.

hence these (co)variances are smaller than Σ𝑋 in the IEM. To
assess the extent to which WM limitations influence the latent
variables, we also report model estimates obtained without
WM constraints (see Fig. 4). For the EEM, the estimated
covariance parameter Σ was comparable between the limited
and unlimited versions. In contrast, the IEM showed smaller
values of Σ𝑋 under WM limitations.

Lastly, using the ideal WM capacity estimated for each
participant (see section ’Working Memory Limitations’), we
examined whether individual WM capacity was related to
localization performance (see Fig. 5). We emphasize that
this correlation is not an out-of-sample prediction, as WM
is inferred from the same dataset. To contextualize these
estimates, we first assessed the WM requirements of the IEM
and EEM under an effectively unlimited capacity constraint
(set to 1000 bits, i.e. ideal observer models), revealing higher
memory demands for the IEM (≈38 bits) than for the EEM
(≈33 bits). When fitting WM capacity at the individual level,
estimated capacities ranged from 17 to 35 bits, with a mean
of 27.04 bits (𝑠𝑡𝑑 = 5.37). Participant’s WM capacity and
localization performance only correlated weakly negatively
(𝑟 = −0.24), indicating a slight tendency for participants with
higher WM capacity to perform better.



Figure 2: Mean locating errors (black) for the individual and
ensemble tasks for all three set sizes with confidence inter-
vals as error bars. Individual errors are relative to veridical
positions, ensemble errors are relative to average veridical po-
sitions. Also shown are the median angular distances between
model posterior means and participants reports for the IEM
(orange), EEM (purple) and TAEM (brown).

Figure 3: Mean difference in BIC across all experimental
conditions between the TEAM and the IEM (orange) and the
TEAM and the EEM (purple).

Discussion
Previous research has primarily examined individual and en-
semble perception without accounting for the visual com-
plexity of realistic scene contexts, which can either facilitate
or hinder object perception (Draschkow et al., 2014; Ringer
et al., 2021). To bridge this gap, we investigated how the
perception of both individual objects and ensemble spatial
information within naturalistic scenes is influenced by varia-
tions in set size and presentation time. Our behavioral data
suggest that, consistent with previous studies using uniform
backgrounds (Melcher et al., 2021; Neumann et al., 2018),
individual object perception benefits more from smaller set
sizes and longer presentation times, whereas ensemble per-
ception remains unaffected by set size but also improves with
longer presentation times.

Figure 4: Estimated Σ along the horizontal coordinate of the
IEM (orange) and EEM (purple) averaged across all set sizes
and presentation time conditions, with standard deviations as
error bars. Lighter colors represent the results of the respective
models without WM limitations and darker colors with WM
limitations.

Furthermore, we compared three computational models to
address the ongoing debate about the computational goals of
ensemble perception (Harrison et al., 2021; Robinson and
Brady, 2023; Yildirim et al., 2018; for a review see Corbett et
al., 2023): the Individual Encoding Model (IEM), the Ensem-
ble Encoding Model (EEM) and a combination of both, the
Task Adapted Encoding Model (TAEM). The IEM suggests
that ensembles are constructed only when needed, relying on
the averaging of individually encoded object percepts. In con-
trast, the EEM proposes that the ensemble’s average position
is directly processed and used to encode individual repre-
sentations. In the TAEM, these two models are integrated
by proposing that both processes coexist and are flexibly re-
cruited depending on task demands, with the IEM engaged
during individual perception tasks and the EEM during en-
semble perception tasks. Contrary to recent studies (Harrison
et al., 2021; Robinson & Brady, 2023; Utochkin et al., 2024),
the EEM demonstrated a better fit for the observed locating
behavior than the IEM, questioning the superior account of
the IEM in ensemble perception.

Both, the IEM and EEM, captured performance in the in-
dividual localization task reasonably well, with participants’
responses to the veridical object positions falling within the
predicted confidence intervals (Fig. 2). In the ensemble task,
however, the models diverged more clearly. Although the
IEM produced accurate predictions in the 3-object condition
at both presentation times, it consistently generated overly
confident estimates and strongly deviated from participants’
responses in the 10-object condition, particularly in the 800 ms
condition. These systematic deviations likely account for the



Figure 5: Correlation of the estimated working memory ca-
pacity of each participant with their overall locating error.

substantially poorer fit of the IEM relative to the EEM (exceed-
ing 45 BIC points; Fig. 3), suggesting that ensemble-based
representations provide a more robust account of ensemble
localization especially under higher WM load.

The TAEM demonstrates that combining both approaches
and flexibly engaging each where it performs best yields a
substantially better fit than the IEM alone, even under the
stronger complexity penalty imposed by the −2BIC. The rel-
atively small differences between the TAEM and EEM under-
score the importance of considering both processes rather than
assuming a single dominant mechanism for multiple-object
processing when processing naturalistic stimuli. At the same
time, model discriminability between the EEM and TAEM
was limited under the present experimental design. Our next
step will be to focus on isolating the conditions under which
the TAEM generates predictions that are distinct from those
of the EEM.

From an efficient coding and resource-rational perspective
(Binz et al., 2022; Sims et al., 2012), the relative utility of
ensemble- versus item-based representations depends on set
size and object distribution. Although ensemble perception
can emerge with as few as two objects (Whitney & Yamanashi
Leib, 2018), small and spatially dispersed sets may not bene-
fit from ensemble processing (Klinghammer et al., 2017; Lew
& Vul, 2015). In the present 3-object condition, the wide
spatial distribution of items (up to 40°) likely reduced the
advantage of extracting a shared ensemble position, resulting
in larger discrepancies between EEM predictions and partic-
ipants’ ensemble reports compared to the IEM. Under such
conditions, encoding individual object locations may consti-
tute a more efficient strategy. As set size increases, however,
the benefits of ensemble encoding become more pronounced,
favoring summary representations over item-level encoding.
This pattern aligns with resource-rational accounts, in which

perceptual systems flexibly adopt representations that mini-
mize information-processing demands while preserving task-
relevant information (Binz et al., 2022), a principle captured
by the TAEM’s adaptive use of item-based and ensemble-
based processes.

Estimated WM capacity showed substantial inter-individual
variability, ranging from approximately 17 to 35 bits, with a
mean of about 27 bits. Information-theoretic estimates sug-
gest that representing a single object requires several bits (e.g.,
about five; (Sims et al., 2012)). Accordingly, the average ca-
pacity of about 27 bits would support reliable storage of only
a limited number of objects. This is consistent with high
performance in the 3-object condition, increasing difficulty in
the 6-object condition and low performance in the 10-object
condition. Notably, estimated memory demands were higher
for the IEM (≈38 bits) than for the EEM (≈33 bits), indicating
that item-based representations are more strongly affected by
capacity constraints. Within this framework, the TAEM pro-
vides a natural account of how observers may flexibly shift
between item-based and ensemble-based processing as WM
demands increase across set size and presentation time.

One potential limitation of the present design is that par-
ticipants were aware in advance of whether they would re-
produce an individual or an ensemble position, which may
have biased strategy selection in favor of ensemble percep-
tion. An argument for why our findings might still hold
if participants were not primed for the reproduction task is
given by the log-likelihoods calculated per task: the EEM
accounted for individual localization performance compara-
bly to the IEM (𝐸𝐸𝑀 − 𝐼𝐸𝑀 = 3.21), while providing a
superior explanation over the IEM of ensemble localization
behavior (𝐸𝐸𝑀 − 𝐼𝐸𝑀 = −61.50). This suggests that the
advantage of the EEM is not solely driven by task-specific
expectations but reflects a more general explanatory strength
across task demands. Nevertheless, future experiments that
manipulate or remove task predictability will be important
to assess the flexibility of representational strategies more di-
rectly. Importantly, the explanatory scope of the EEM extends
beyond ensemble perception, as it has also been proposed as
a plausible mechanism for allocentric scene coding in spa-
tial reaching tasks (Khoozani et al., 2019), highlighting its
broader relevance for spatial cognition.

Our findings highlight the ensemble-based encoding of the
EEM as the strongest and most efficient explanation of spa-
tial behavior, extending beyond classic ensemble perception
tasks. Nevertheless, the high performance of the TAEM un-
derscores that perceptual strategies can be best understood as
components of a flexible representational system, rather than
mutually exclusive explanations. With larger or more informa-
tive datasets, the TAEM may prove superior in formal model
comparisons. Future work should continue to develop mod-
els for resource-rational representations by integrating item-
and ensemble-based perception and flexibly weighting these
processes in a continuous fashion, while testing these models
in carefully designed experimental scenarios.
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