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Abstract

Ensemble perception refers to the process through which the visual system effi-
ciently extracts summary statistics such as mean and variance from the complex
external world, which holds significant importance for human adaptation to the
environment. Investigating its neural mechanisms contributes to understanding
how the visual system achieves efficient abstract representation. The present
review summarizes the temporal course of ensemble perception, reviews the
theoretical models and empirical evidence for this integration mechanism, and
distinguishes the functions and neural bases of ensemble coding versus mem-
ber or individual coding. Based on existing research findings, we propose a
“coarse-fine-calibration” integration model: during the processing of visual fea-
tures at different levels, the brain may sequentially recruit domain-general and
domain-specific mechanisms, with early coarse processing relying on the general
magnocellular pathway, followed by relatively fine, specific representations that
depend on the parvocellular pathways of feature-specific brain regions, and fi-
nally calibrated through iterative feedforward-feedback loops. Future research
may focus on the neural pathways and specific brain regions of visual ensemble
perception, the roles of feedforward and feedback processes, the generality and
specificity of information coding, and the influence of development and experi-
ence on ensemble perception.
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Abstract

Ensemble perception is the process by which the visual system efficiently ex-
tracts summary statistics (such as mean and variance) from complex visual
scenes at a glance, which is crucial for human adaptation to the environment.
Investigating its neural mechanisms helps us understand how the visual system
achieves efficient abstract representation. This article summarizes the tempo-
ral dynamics of ensemble perception, reviews theoretical models and empirical
evidence for this integration mechanism, and distinguishes the functional and
neural bases of ensemble coding from member or individual coding. Based on
existing research, we propose a “Coarse-Fine-Refine” integration model: when
processing visual features at different levels, the brain may sequentially em-
ploy domain-general and domain-specific mechanisms. Early processing relies
on coarse analysis via the general magnocellular pathway, followed by relatively
fine representations that are domain-specific and depend on parvocellular path-
ways in feature-selective brain regions, and finally undergoes calibration through
iterative feedforward-feedback loops. Future research should focus on the neural
pathways and specific brain regions underlying visual ensemble perception, the
roles of feedforward and feedback processes, the generality versus specificity of
information coding, and the influence of development and experience on ensem-
ble perception.

Keywords: ensemble perception, statistical summary representation, percep-
tual integration, temporal dynamics, neural mechanism
Classification Code: B842

1 Introduction

Imagine walking into a kitchen and glancing at a plate of apples. Without
deliberately scrutinizing each apple’ s details, you can instantly grasp their
overall size and ripeness. This “at-a-glance” ability is not coincidental but
rather reflects an efficient processing strategy of the visual system—ensemble
perception. When confronted with a group of similar stimuli, the visual system
can rapidly and accurately extract the group’s overall statistical properties (such
as mean and variance) rather than processing the details of individual stimulus
attributes (Ariely, 2001; Whitney & Yamanashi Leib, 2018). This mechanism
fully demonstrates the efficiency of the human visual system when handling
large amounts of information.

Ensemble perception is also known as ensemble coding. This field has developed
rapidly since Ariely’ s (2001) seminal work, with early researchers often using

chinarxiv.org/items/chinaxiv-202510.00180 Machine Translation


https://chinarxiv.org/items/chinaxiv-202510.00180

ChinaRxiv [$X]

the term “statistical summary representation”to describe this phenomenon (e.g.,
Tong et al., 2015). In vision science, both “ensemble perception” and “statistical
summary representation” refer to the cognitive process of statistical processing
and integration of large stimulus sets, and they are frequently used interchange-
ably in many research reports (Alvarez, 2011; Corbett et al., 2023). However,
some researchers have noted subtle differences between the two concepts: ensem-
ble perception emphasizes that the research object is a large, clustered group
of stimuli, whereas statistical summary representation highlights the statistical
computation process during representation. The former can include complex
attributes that are not amenable to statistical description, making it a broader,
more general concept (Li & Chen, 2022). Notably, there is not yet a unified
translation for “Ensemble Perception” in Chinese academia. Some researchers
translate it as “cluster perception” (Li & Chen, 2022), “ensemble perception”
(Liu, 2021), “global perception” (e.g., Hao et al., 2023), or “global awareness”
(e.g., Zhao et al., 2024). However, to avoid confusion with “cluster” in computer
science and industrial economics, and to distinguish it from the important con-
cept of “holistic processing” in cognitive science, this article recommends using
“ensemble perception.” Furthermore, if future research reports only involve the
“mean” or “variance” of stimulus sets, the terms “average representation” and
“variance representation” can be used directly.

Central tendency (e.g., mean) and dispersion tendency (e.g., variance) are two
core metrics of ensemble perception (Tong et al., 2015; Norman et al., 2015).
Average representation is a key indicator describing the central tendency of
stimulus sets. Ariely (2001) used a mean identification task with sets of circles of
different sizes and found that individuals could quickly and accurately represent
the set mean, and this representation was unaffected by set size (i.e., the number
of items), while accurate representation of individual set members was difficult.
Subsequent research has found that average representation exists widely across
multiple visual features, from low-level to high-level, including stimulus size
(Haberman & Suresh, 2021), spatial location (Sun et al., 2021), depth (Wardle
et al., 2012), orientation (Parkes et al., 2001), color and contrast (Rajendran
et al., 2021), brightness (Bauer, 2009), as well as high-level features such as
facial emotion (Haberman et al., 2009), facial gender (Haberman & Whitney,
2007), facial identity (de Fockert & Wolfenstein, 2009; Davis et al., 2021), gaze
direction (Florey et al., 2016), biological motion (Sweeny et al., 2013; Nguyen
et al., 2021), and trustworthiness (Marini et al., 2023; Chwe & Freeman, 2024).

Variance representation is an important indicator describing the dispersion ten-
dency of sets. Haberman, Lee, and Whitney (2015) were the first to explore
ensemble perception of facial emotion from a variance perspective. Using an
adjustment-matching method, they asked participants to adjust the variance of
one set of faces with different emotions to match another set. The results showed
that participants could accurately represent the set variance, unaffected by set
size. Subsequent research has further demonstrated that, similar to average
representation, the visual system can represent variance across multiple visual
features, including color (Maule & Franklin, 2020; Ward et al., 2016), brightness
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(Tong et al., 2015), size (Tokita et al., 2016), as well as facial gender and race
(Phillips et al., 2018). These studies show that the visual system is also efficient
in processing set dispersion. However, research on dispersion remains limited,
and whether it has cross-level, cross-feature perceptual universality similar to
average representation remains unclear.

In summary, visual ensemble perception is an efficient processing strategy for
coping with complex visual input. Investigating its neural mechanisms helps
us understand the neural computation of statistical information such as mean
values. This article delves into the early and late temporal dynamics of its
processing, the complex mechanisms of information integration (such as rep-
resentation hierarchy and computational mechanisms), clarifies the differences
in neural substrates between ensemble and single-stimulus coding and related
theoretical models, and proposes an integrated hypothesis of visual statistical
processing. Finally, we outline future research directions, hoping to provide
ideas and inspiration for further revealing the neural mechanisms of ensemble
perception.

2.1 Evidence for Early Automatic Processing in Temporal
Dynamics

Regarding attentional demands, recent Event-Related Potential (ERP) studies
have examined whether average representation of facial emotion depends on
attentional resources. Ji et al. (2018) used a cue-target paradigm, asking par-
ticipants to judge whether the average emotion of a face set was positive or
negative under valid or invalid cue conditions. The results showed that even un-
der invalid cue conditions with limited attention, participants could effectively
extract average emotion, and no N2pc (N2-posterior-contralateral) component
—reflecting spatial selective attention—was observed, indicating that average
emotion extraction relies minimally on attentional resources. Notably, under
valid cue conditions, the Sustained Posterior Contralateral Negativity (SPCN)
component—whose amplitude typically reflects visual short-term memory load
—did not differ significantly between ensemble and individual tasks, suggesting
that multiple face items were compressed into a “single” object stored in visual
short-term memory (Ji et al., 2018).

Under invalid cue conditions, although attentional resources were reduced, at-
tentional leakage remained possible. Building on this, Ji et al. (2024) further
investigated whether average emotion information could still be automatically
extracted under stricter attentional manipulation. Using an oddball paradigm,
participants performed a central fixation task unrelated to peripheral face emo-
tion sets. The results showed that despite full attention being focused on the
central task, participants could automatically detect changes in peripheral face
average emotion. This automatic detection showed significant valence differ-
ences: deviant stimuli with negative average emotion evoked a rapid and sus-
tained Visual Mismatch Negativity (vMMN) at approximately 92 ms, while
oddball stimuli with positive average emotion evoked a mismatch positivity
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(MP) at a later 168 ms. Multivariate Pattern Analysis (MVPA) results further
showed that the brain could distinguish standard from oddball stimuli around
90 ms. These findings indicate that average emotion extraction can proceed
automatically without attentional engagement, and that positive and negative
average emotions may involve different neural mechanisms.

Regarding processing speed and temporal dynamics, another ERP study using
the oddball paradigm explored the time course of ensemble perception composed
of multiple line segments. Researchers distinguished between oddball stimuli de-
fined by a single member versus those defined by the entire set. They found
that compared to the member condition, the P3b component latency was signifi-
cantly earlier for ensemble oddball stimuli. Additionally, MVPA results showed
that neural signals could classify standard versus oddball stimuli earlier in the
ensemble condition (starting around 102 ms post-stimulus). These results sug-
gest that ensemble perception occurs rapidly and that ensemble representation
precedes representation of individual member attributes (Epstein & Emmanouil,
2021).

However, a recent study on average orientation has challenged the fully auto-
matic mechanism of ensemble perception. Lukashevich et al. (2025) also used
an oddball paradigm with two experiments to test the necessity of attention
in average orientation identification. Experiment one was an attention condi-
tion where participants explicitly attended to and reported changes in ensemble
average orientation; clear P3 components were observed, typical markers of
conscious change detection and attentional engagement. Experiment two was
a non-attention condition where participants focused entirely on changes at a
central fixation point, ignoring background ensemble stimuli. Even when en-
semble average orientation changed identically to experiment one, no vMMN
component was detected. MVPA results aligned with ERP findings, failing to
decode average orientation changes under unattended conditions. The authors
concluded that at least for moderate differences in average orientation, identi-
fication and change detection are not fully automatic but require attentional
resources. This finding contrasts interestingly with Ji et al.” s (2024) results
on automatic processing of average emotion, suggesting that different types of
statistical summary information—such as facial emotion versus line orientation
—may rely on different cognitive mechanisms. Facial emotion has greater evolu-
tionary adaptive significance and may be linked to rapid emotional processing
pathways involving the amygdala, making average representation more likely
under unattended conditions. Additionally, the degree of automatic processing
may be influenced by the salience of differences; for example, the difference be-
tween negative and positive emotions may be greater than that between 40° and
60° orientations.

Furthermore, while studies by Im et al. (2021) and Roberts et al. (2019) pri-
marily explored the neural basis of ensemble versus individual coding, they also
analyzed the temporal dynamics of ensemble perception, with results involving
neural activity characteristics at different processing stages (see Section 4.1). It
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is important to emphasize that previous reviews based on behavioral research
have extensively discussed the relationship between automatic processing and
attention in ensemble perception (see Tong et al., 2015; Alvarez, 2011; Whitney
& Yamanashi Leib, 2018), so this article will not reiterate those points.

2.2 Evidence for Late Precision Processing in Temporal Dy-
namics

Recent studies have also used neurophysiological techniques to explore the late
temporal dynamics of ensemble perception, revealing that its construction may
be a gradually refined dynamic process.

Yashiro et al. (2024) combined the inverted encoding model (IEM) with Elec-
troencephalography (EEG) data to reconstruct neural representations of aver-
age orientation at different time points and correlated them with behavioral
responses (reported average orientation perception). They found that although
neural representations of homogeneous orientation conditions could be signifi-
cantly decoded relatively early (174-828 ms), the strength of neural represen-
tations for heterogeneous condition average orientation was enhanced only in
a later time window (400-700 ms), and this strength correlated significantly
with behavioral performance only at an even later stage (600-700 ms). The
researchers thus speculated that ensemble perception may combine parallel
and serial processing: ensemble information is coarsely extracted quickly via
rapid feedforward processing, while more precise representations require itera-
tive feedforward-feedback mechanisms for refinement (Yashiro et al., 2024).

Gong et al. (2025) recently used Magnetoencephalography (MEG) combined
with MVPA and IEM to reveal similar temporal dynamics. Investigating en-
semble orientation (where no member orientation matched the average orien-
tation), they found that although ensemble orientation information could be
decoded around 112 ms post-stimulus, only the decoding peak at 600 ms corre-
lated significantly with behavioral accuracy. IEM analysis showed that neural
activity truly representing the ensemble average orientation appeared at an even
later time point (around 370 ms) and exhibited a unique neural representation
pattern different from simple summation of member information.

Together, these studies suggest that while initial extraction of ensemble infor-
mation may be rapid, forming precise ensemble perception that differs from
simple summation of individual items requires longer processing time, likely
through recursive, iterative, or more complex processes to refine the representa-
tion (Yashiro et al., 2024; Gong et al., 2025).

3 Integration Mechanisms of Ensemble Perception

How does the visual system integrate ensemble perception from complex indi-
vidual stimulus information? This is a core scientific question. Early theoretical
models provided a basic framework for understanding this process, while sub-
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sequent research has revealed more complex neural computational mechanisms
that go beyond simple linear averaging.

3.1 Signal Pooling Hypothesis: A Descriptive Theoretical
Assumption

Whitney and his team have conducted extensive research in ensemble perception
and made outstanding contributions. Based on substantial behavioral evidence
in this field, they proposed a theoretical framework regarding the neural path-
ways and representation processes underlying ensemble perception, which we
call the Signal Pooling Hypothesis (Haberman & Whitney, 2012; Whitney et
al., 2014).

As an important early theoretical framework, Signal Pooling provides an ex-
planation at the computational principle level for how the visual system effi-
ciently processes large amounts of information. However, this hypothesis also
has limitations; aspects such as the specific integration mechanisms of ensemble
perception, the influence of attention and awareness, and the processing mech-
anisms for cross-domain stimuli require further investigation. The main points
are as follows: (1) The neural mechanism of ensemble perception may involve
pooling of neural signals through linear integration or population coding. For
example, for a set of line segments with different orientations, neurons sensitive
to each orientation are activated in the primary visual cortex (V1). Neural sig-
nals are pooled layer by layer along the visual hierarchy, ultimately forming a
perception of the entire set. This framework is based on hierarchical representa-
tion in the visual system, relying on the characteristic that neuronal receptive
fields increase progressively at each level (Rousselet et al., 2004), and suggests
that pooling can effectively reduce noise and improve representation precision
through averaging. (2) Ensemble perception relies on implicit, parallel process-
ing mechanisms. Its representation process is unaffected by the number of items
in the set (Chong & Treisman, 2003) and can proceed with limited attentional
resources (Wolfe et al., 2015). (3) Different ensemble perceptions occur at differ-
ent hierarchical levels and pathways of visual processing. For example, pooling
of low-level features such as average brightness, color, and orientation may oc-
cur in V1 or even subcortical regions, while high-level features like shape and
faces may be localized in the ventral pathway, and average motion and position
may be related to the dorsal pathway.

Recent neuroimaging studies support the view of progressive pooling along vi-
sual processing pathways. For example, researchers used functional Magnetic
Resonance Imaging (fMRI) and ITEM to investigate average orientation represen-
tation in grating ensembles. They found that although overall Blood-Oxygen-
Level-Dependent (BOLD) signals did not differ significantly between ensemble
and individual tasks, neural responses obtained through IEM showed differences.
Under task-relevant conditions, both occipital and frontoparietal regions showed
selective responses to average orientation (ensemble task) and individual orien-
tation (individual task). Notably, selective responses to average orientation

chinarxiv.org/items/chinaxiv-202510.00180 Machine Translation


https://chinarxiv.org/items/chinaxiv-202510.00180

ChinaRxiv [$X]

were not significant in V1 but were significant in V2 and V3, showing a signifi-
cant linear increase from V1 to V2 to V3. These results indicate that the visual
system pools information at multiple levels to form neural representations of
statistical summary information, supporting the progressive pooling view (Tark
et al., 2021).

However, evidence also suggests that the pooling process is not a simple lin-
ear average of low-level signals at high levels but rather a high-order (Allik
et al., 2022) or high-dimensional (Jia et al., 2022) integration. Additionally,
when forming average representations of high-level visual stimuli (e.g., faces),
the brain needs advanced neurons that receive input from multiple faces. This
means the brain requires not only numerous neurons representing individual
faces but also an even larger number of “statistical summary neurons.” Whit-
ney’ s team later acknowledged that simple hierarchical pooling models struggle
to explain ensemble perception at the object level (Whitney & Yamanashi Leib,
2018). Therefore, when addressing the relationship between wholes and indi-
viduals (especially when explaining crowding effects), sparse selection models
(Chaney et al., 2014) and reverse hierarchy theory (Hochstein et al., 2015) may
be more applicable. In these cases, statistical information processing may rely
more on population coding, where multiple neurons representing different faces
are activated simultaneously, forming an ensemble representation at the popu-
lation level.

Furthermore, the Signal Pooling Hypothesis emphasizes that ensemble percep-
tion is an automatic process relying on parallel processing and is not limited by
attentional resources or set size. While there is some supporting evidence—for
instance, crowding effect studies show that ensemble perception performance
remains good even when attention and awareness of individual members are im-
paired (Parkes et al., 2001; Fischer & Whitney, 2011), and studies of unilateral
spatial neglect (USN) patients show that average representation of contralat-
eral visual information is relatively preserved despite right parietal lobe damage
causing left spatial neglect (Yamanashi Leib et al., 2012; Pavlovskaya et al.,
2015)—this view remains controversial. Some studies suggest that ensemble per-
ception precision may decline with increasing set size, possibly due to capacity
limitations or early encoding noise (Marchant et al., 2013; Utochkin & Tiurina,
2014), and that attention may modulate ensemble perception by increasing the
weighting of individual items (Ying, 2022).

Finally, the Signal Pooling Hypothesis posits that multiple rather than single
mechanisms exist across different levels of visual processing. However, current
empirical results on this issue remain inconsistent (Chang, Cha & Gauthier,
2024; Haberman, Brady et al., 2015), making it an active research area (see
Section 6.3).

chinarxiv.org/items/chinaxiv-202510.00180 Machine Translation


https://chinarxiv.org/items/chinaxiv-202510.00180

ChinaRxiv [$X]

3.2 Computational Models of Integration

Although hierarchical pooling or traditional linear averaging assumptions pro-
vide a basic framework for understanding ensemble perception, they are merely
descriptive theoretical overviews. To better explain integration mechanisms,
advances in computational modeling have provided more specific neural compu-
tational pathways and hypotheses.

The population response model proposed by Utochkin et al. (2024) can be under-
stood as a computational version of the Signal Pooling Hypothesis, suggesting
that ensemble perception results from pooling population responses of feature-
selective neurons. This can be simulated through a two-layer neural network
model. The first layer is a feature layer with relatively small receptive fields,
where signals from low-level neurons encoding individual stimuli are fed forward
through weighted synaptic connections to the second layer. The second layer is
a pooling layer with larger receptive fields that integrates incoming signals to
form an overall population response tuning curve reflecting the statistical prop-
erties (e.g., mean, variance, distribution shape) of the stimulus set. This pooling
mechanism based on population coding can effectively represent statistical infor-
mation at the neural level through feedforward mechanisms without requiring
arithmetic operations of “summing then dividing by number.” This model re-
ceived further support from Iakovlev and Utochkin (2023), who used skewed
distributions of orientation sets and found that participants’ estimated average
orientation was systematically biased toward the distribution mode. The degree
of deviation depended not only on the distance between mean and mode but
also on the entire distribution shape. Importantly, in the population response
model, neural signals pool in feature space, naturally causing the response peak
to shift toward denser regions of the distribution (near the mode), with devia-
tion degree influenced by the width of neuronal tuning curves. This provides a
neurally plausible explanation for “robust averaging”that down-weights outliers,
suggesting that the population response model can serve as a neural basis for
understanding non-uniform integration phenomena including saliency weighting
and attentional modulation (Iakovlev & Utochkin, 2023; Utochkin et al., 2024).

Additionally, Robinson and Brady’s (2023) Perceptual Summation model reveals
ensemble representation mechanisms based on the Target Confusability Com-
petition (TCC) framework, validated by experimental data. They argue that
ensemble perception reflects direct summation of distributed activation patterns
evoked by each item’ s features, with representation based on probability rather
than point estimates. The model has only one signal-to-noise ratio parameter
() estimated from individual item memory tasks and no free parameters. The
summation process is thought to occur at early encoding stages rather than
memory stages, relying on individual representations rather than being an au-
tomatic process independent of individual representations (Robinson & Brady,
2023).
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T'pns = argmax ((Z f(l‘)?/) + Unoise)

Note: rpyg represents the model s predicted feature value for the ensemble
perception task (Ensemble Task, abbreviated as ENS), i.e., the value represent-
ing the ensemble average feature that the model predicts participants will select.
d’ (d prime) is the signal-to-noise ratio parameter quantifying the strength or
clarity of each individual memory representation, adjusting the intensity of ac-
tivation patterns f(x); according to memory task demands (e.g., memory load,
encoding time, memory interval). (Quoted from Robinson & Brady, Nature
Human Behavior (pp. 1638-1651) (2023))

Computational models provide a potential neural computational framework for
ensemble perception. The population response model simulates how statistical
information (including robust estimation of skewed distributions) can be effi-
ciently generated from individual information through neural networks. The
perceptual summation model emphasizes simple linear summation of early per-
ceptual responses.

3.3 Evidence Against Simple Linear Averaging

Increasing evidence shows that the brain’ s integration of individual information
to form ensemble perception is far more complex than expected. Some studies
have challenged the linear pooling mechanism held by Whitney’ s pooling hy-
pothesis and the linear summation model without free parameters, suggesting
that integration of set items may involve more complex nonadditive integration
mechanisms or non-uniform weighting (Choi & Chong, 2020; Jia et al., 2022;
Wang et al., 2023; Gong et al., 2025; Tiurina et al., 2024; Kanaya et al., 2018).

On one hand, the integration process may not be simple linear summation
based on member representations. To investigate whether specialized neural
mechanisms for ensemble perception exist in the brain, Jia et al. (2022) used
Steady-State Visual Evoked Potential (SSVEP) to track neural responses to en-
semble representations of average size in periodically changing ring sets. They
observed neural responses to overall average size at parieto-occipital electrodes
and used Time Response Function (TRF) to separate neural responses to indi-
vidual size and inter-item interactions (including global and local interactions).
Results showed that only global interactions directly contributed to overall size
perception, indicating the existence of specific neural mechanisms in the brain
dedicated to representing ensemble size. This mechanism does not involve sim-
ple linear averaging of individual information but represents relative relation-
ships between individuals, manifesting as high-dimensional integration (Jia et
al., 2022). Another study from the same team used regression-based Event-
Related Potentials (rERPs) to further propose that ensemble perception relies
on nonadditive integration mechanisms (Wang et al., 2023). They separated
neural responses at three information levels from EEG signals (individual items,
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local interactions, global interactions) and found that only neural representa-
tions of global interactions correlated significantly with behavioral perceptual
precision, and distributed attention could enhance early neural responses of
global interactions. Therefore, linear averaging is insufficient to capture inter-
actions between stimuli and their contribution to the whole, failing to accurately
reflect complex relationships within stimulus sets (Jia et al., 2022; Wang et al.,
2023). Gong et al. (2025) also provided direct neural evidence for this inte-
gration mechanism beyond simple linear summation. Using IEM to analyze
MEG data, they found that for heterogeneous orientation sets, the brain’ s
average orientation representation reconstructed via IEM differed significantly
from that predicted by linearly summing responses to individual member orien-
tations. Specifically, actual representations showed higher fidelity and response
strength at the average orientation. Additionally, Bayesian probabilistic decod-
ing of source-reconstructed neural activity also confirmed that neural activity
patterns evoked by heterogeneous sets differed from patterns simulating simple
summation, with the former showing higher orientation response strength at
the average orientation. These findings strongly suggest that when forming en-
semble representations, the brain does not simply perform linear summation of
individual information but involves additional, more complex integration pro-
cesses (Gong et al., 2025).

On the other hand, weighting during integration may be non-uniform, with
attention, item saliency, and spatial location playing important roles. For ex-
ample, more salient items (e.g., larger, higher frequency) may be weighted more
heavily, causing perceived averages to be biased toward these items and produc-
ing an “amplification effect” (Kanaya et al., 2018). Selective attention can also
actively modulate this weighting process, not only directly increasing weights
of attended items but also influencing final average estimates through “percep-
tual enlargement” (i.e., increasing weights of attended items), particularly when
attention is pre-cued to specific items (Choi & Chong, 2020). Moreover, this
weighting process is not uniform across visual space. Tiurina et al. (2024) found
that when estimating ensemble average orientation, participants showed clear
spatial anisotropies, specifically a strong bias toward stimuli presented at the
fovea, with this bias increasing as stimulus uncertainty increased (e.g., when
stimulus orientation was oblique or ensemble variance increased).

Human cognitive processes are often more complex than models. Behavioral
and neuroscientific evidence reveals that nonadditive integration, saliency- and
attention-based weighting, and stimulus spatial location all play important roles
in forming ensemble perception. These empirical studies reveal the complexity
of integration mechanisms in ensemble perception, challenging simple linear av-
eraging or uniform weighting assumptions. Future research needs to integrate
findings from these different approaches (e.g., computational methods of inte-
gration, temporal stages, attentional modulation, spatial weighting) to build
more comprehensive neural integration models of ensemble perception.
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4 Neural Basis Specific to Single-Stimulus Coding

Whether ensemble coding and single-item coding are fundamentally different
seems to be the most famous debate in the ensemble perception field (Ariely,
2001; Corbett et al., 2023). Are there differences in neural substrates and pro-
cessing characteristics between processing ensemble wholes and single stimuli?
How does the brain distinguish and process ensemble global attributes versus
member information? This section explores evidence for potential dissociation
between neural mechanisms of ensemble coding and individual coding, includ-
ing theoretical frameworks of underlying mechanisms, processing priority, in-
volved neural pathways, sensitivity to different information, and representation
in working memory.

4.1 Neural Basis of Ensemble and Individual Coding

Research has shown that specific neural mechanisms exist in the brain for rep-
resenting ensemble attributes (Roberts et al., 2019; Jia et al., 2022). Recent
studies have used various neuroimaging techniques to investigate how the brain
processes information from ensemble versus single stimuli, analyzing activation
patterns and functional division of labor in relevant brain regions. For example,
ensemble coding and individual coding show functional dissociation between dor-
sal and ventral pathways (Im et al., 2017; Im et al., 2021). Spatial distribution
of stimuli (Sama et al., 2024) and different spatial frequencies (Zhao, Shen et al.,
2023) also differentially affect ensemble versus individual stimulus information.
Additionally, research has examined brain regions involved in working memory
storage of ensemble representations (e.g., prefrontal and occipitoparietal cortex)
and their pattern differences (Oh et al., 2019).

First, Roberts et al. (2019) used EEG to explore the neural basis of facial identity
ensemble perception, investigating whether specific neural mechanisms exist for
holistic processing of face ensemble information. The experiment presented par-
ticipants with face sets or single faces. The ensemble condition showed smaller
P1 amplitudes and shorter N1 and N2 latencies. Multivariate pattern analysis
using linear Support Vector Machine (SVM) for neural decoding revealed that
neural signals could distinguish not only different single faces but also face sets
with different average identities. Interestingly, neural signals struggled to dis-
tinguish between two sets with the same average identity but different members
(results marginally significant). The temporal course of ensemble representation
decoding differed from that of single-face representation, reflecting a gradual
accumulation of perceptual information over time. Neural signal-based image
reconstruction could accurately visualize ensemble representation content. In
another article from this research group (using face set data from Roberts et al.,
2019), multivariate feature selection based on linear SVM and recursive feature
elimination found that neural signals (in time and frequency domains) could dis-
tinguish different face sets. Compared to single faces and words, face sets relied
not only on temporal-occipital electrode channels but also on central channels
(Nemrodov et al., 2020).
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Additionally, to examine perceptual differences between ensemble emotion cod-
ing and single-face emotion coding, researchers used fMRI to explore dissociation
in activated brain regions. They found that the intraparietal sulcus and superior
frontal gyrus in the dorsal pathway participated in holistic ensemble emotion
perception, while the fusiform cortex in the ventral pathway participated in
individual face emotion perception. This study also found right hemisphere
lateralization advantage for facial emotion ensemble coding (Im et al., 2017).

In 2021, this team replicated their previous findings using MEG, showing that
the dorsal pathway participated in holistic processing of ensemble facial emo-
tion while the ventral pathway participated in identifying and discriminating
individual facial emotion. Importantly, MEG revealed that the dorsal pathway
could respond very rapidly to ensemble facial emotion (68 ms post-stimulus),
likely relying on fast information input from the magnocellular pathway to form
ensemble perception of facial emotion (Im et al., 2021).

Zhao et al. (2023) further explored how different spatial frequencies affect ensem-
ble facial emotion perception. They generated high spatial frequency (HSF), low
spatial frequency (LSF), and broadband (BSF) face ensemble stimuli through
different filtering and tested participants’ recognition of happy, neutral, and
fearful emotions in face ensembles. They found that LSF conditions facilitated
recognition of fearful ensemble faces. fMRI results revealed differential roles
of spatial frequency in group emotion perception: HSF information primarily
activated the ventral visual pathway (e.g., fusiform gyrus, bilateral middle and
inferior occipital gyri), processing detailed information but poorly supporting
holistic emotion identification; broadband information conditions activated the
right inferior frontal gyrus, indicating that integrating multi-frequency informa-
tion requires more cognitive resources.

To further explore division of labor within ensemble information processing,
Sama et al. (2024) used a novel center-surround paradigm (one central face sur-
rounded by six peripheral faces) combined with EEG and MVPA to reveal the
dynamic temporal course of neural representations for central versus peripheral
ensemble faces. They found that neural decoding of the central face occurred
significantly earlier than decoding of peripheral ensemble faces. Interestingly,
the temporal course of central face decoding was very similar to that of single
faces presented alone, while decoding patterns differed extensively between sin-
gle faces and ensemble faces. This suggests that the brain may process attended
individual information (even when within an ensemble) and broader ensemble
information through relatively independent neural mechanisms. This finding
provides direct evidence for temporal dynamic dissociation between ensemble
coding and individual coding and between peripheral and central focus infor-
mation, emphasizing the potential role of attention in distinguishing these two
processing types (Sama et al., 2024). Additionally, by independently manipu-
lating face shape and surface attributes, the study found both attributes played
important roles in ensemble representation, with the latter contributing more,
as reflected in higher classification accuracy.
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Finally, some researchers have examined whether working memory representa-
tions are structured like visual hierarchical representations, with higher-level
brain regions representing statistical summary information and lower-level re-
gions representing complex sensory information. Using line orientation ensem-
ble stimuli and IEM to decode EEG signals, results supported the structured
representation hypothesis. Specifically, both stable coding of simple features
(stable coding, generalizable over time) and stable coding of ensemble averages
existed in frontocentral regions. Importantly, frontocentral activity even cor-
related significantly with behavioral ensemble judgments. In parieto-occipital
regions, dynamic coding of features existed (dynamic coding, not generalizable
over time), with stable coding of ensemble averages only present in target ad-
justment tasks, not in old-new judgment tasks, indicating modulation by task
demands. In summary, the higher the brain region in the visual hierarchy, the
more abstract the content of working memory representation (Oh et al., 2019).

4.2 Reverse Hierarchy Theory

The Reverse Hierarchy Theory (RHT) proposed by Hochstein and colleagues
(Hochstein & Ahissar, 2002; Hochstein et al., 2015) provides a fundamental
theoretical framework for the internal mechanisms of ensemble perception. Some
argue that RHT, as a broad and comprehensive theoretical framework explaining
rapid processing of ensemble information (e.g., “seeing the forest before the
trees” ), is currently the most effective model for explaining ensemble perception
(Corbett et al., 2023).

In contrast to traditional “bottom-up” models, RHT emphasizes that visual
perception first grasps the “gist” of the ensemble. Its core view is that visual
processing follows a “fast feedforward and detailed feedback” pattern along the
visual cortical hierarchy (see Figure 1 [Figure 1: see original paper]). Initial vi-
sual processing is implicit and feedforward, with information about local features
transmitted bottom-up and forming summary representations of the ensemble
at higher brain regions (i.e., “vision with a glance” ). Subsequently, conscious
perception follows a reverse hierarchical path: when local detail information
needs to be processed, conscious perception returns to lower-level brain regions
via feedback connections in a top-down manner to form precise representations
of individual members (i.e., “vision with scrutiny” ). Local processing can then
correct and supplement details to the initial visual representation approxima-
tion (Hochstein & Ahissar, 2002). Hochstein et al. (2015) further noted that
this “global-first, local-refinement” processing progression is closely related to
the rapid, holistic processing characteristics of ensemble perception.

Figure 1. Traditional hierarchical structure and Reverse Hierarchy
Theory (RHT).

Note: The traditional view holds that visual input is first received and processed
by neurons in low-level visual cortical areas that respond to simple geometric
shapes of stimuli. Information is then transmitted bottom-up layer by layer,
representing global features. Finally, information is integrated in higher cortical
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areas to form representations of abstract shapes, objects, and categories, without
feedback involvement. RHT proposes that feedforward pathways only implicitly
process feature information, while conscious visual holistic perception forms in
high-level cortex as summary representations of scene gist. Conscious percep-
tion then returns to corresponding low-level cortex via feedback connections to
form more detailed representations. (Adapted with permission from Hochstein
& Ahissar, Neuron (pp. 791-804) (2002))

Empirical studies also support RHT’ s assumption that ensemble representa-
tion precedes local representation. For example, Tian et al. (2021) indirectly
revealed this holistic priority through average discrimination and attractiveness
rating tasks. They found that participants’ perception of average attractive-
ness depended on average face representation. When facing large-capacity sets
(e.g., 12 faces), the dominant role of synthesized average representation was
more significant, while with smaller sets (e.g., 4 faces), more detail processing
resources were allowed, individual face information influence increased, and the
dominance of synthesized average representation decreased accordingly. Recent
ERP studies have also reached supportive conclusions. Epstein and Emmanouil
(2021) found that compared to member oddballs (defined by specific line seg-
ment orientation), participants responded faster to ensemble oddballs (defined
by ensemble average orientation), with earlier EEG neural response latencies,
earlier decoding, higher accuracy, and stronger generalization patterns. Liu
et al. (2023) further revealed the time-dependency of this processing priority
by manipulating presentation duration and item number of ensemble faces: at
short durations (e.g., 50 ms), participants’ judgments of average facial emotion
were better than single-face emotion, while at long durations (e.g., 750 ms) the
opposite was true. Additionally, ERP results showed that the N2pc component
reflecting item individuation was unaffected by face number in the set under
short-duration conditions but increased with face number under long-duration
conditions.

Therefore, RHT provides an explanatory framework for understanding different
processing mechanisms and priorities when the brain processes ensemble versus
member information. The dissociation between ensemble and member informa-
tion in neural mechanisms and temporal course not only explains the global
precedence effect observed at the behavioral level but also implies differences
in neural substrates between ensemble coding and individual coding. However,
we must recognize that the complex mechanisms of ensemble perception may
not be fully covered by a single theory. While viewing RHT as an effective
perspective for explaining ensemble perception, we should also integrate other
theoretical models and related empirical research to build a more comprehensive
understanding (Corbett et al., 2023).
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5 Initial Exploration of Neural Mechanisms for Variance
Representation

Variance representation helps humans identify and evaluate information diver-
sity, uncertainty, and reliability, and also guides attentional bias based on statis-
tical saliency, helping us quickly locate “anomalies”to flexibly cope with complex
external worlds. Deeply investigating the neural mechanisms of variance repre-
sentation will reveal how the brain encodes the dispersion or heterogeneity of
stimulus sets, helping to clarify the internal mechanisms by which the visual
system represents group diversity and regularity information. However, current
neuroscience research on variance representation remains limited.

Visual variance representation may occur in early visual pathways, perhaps even
beginning in subcortical structures. For example, Norman et al. (2015) found
that variance adaptation depends on retinal coordinates (relative to fixation
position) rather than spatial visual coordinates. To further explore the neural
basis of variance coding, this study tested a patient with visual cortex dam-
age and found no significant difference from normal participants in accuracy
of grating orientation variance representation. The patient only had intact left
hemisphere V1, with damage to many visual areas including bilateral ventro-
medial occipitotemporal cortex, right hemisphere V1, and partial bilateral V2,
V3, and V4 regions, suggesting that variance representation may occur at early
stages of the visual system, such as V1 (Norman et al., 2015). Animal stud-
ies also provide evidence that variance representation depends on early visual
processing pathways; for example, the lateral geniculate nucleus (LGN) in cats
can produce specific responses to brightness standard deviation (Bonin et al.,
2006). Behavioral studies also suggest that subcortical structures may play im-
portant roles in variance representation. Using a stereoscope to present stimuli
separately to participants’ eyes, researchers found that participants’ accuracy
in variance judgment was higher when two stimulus sequences were presented
to the same eye (monocular presentation) than when presented to different eyes
(dichoptic presentation). This “same-eye advantage effect” suggests that visual
variance information may be preliminarily processed in subcortical structures
before signals reach V1 (Zeng et al., 2024).

Recent electrophysiological studies provide direct evidence for automatic pro-
cessing mechanisms of variance. Chen and Ji (2025) used a reverse oddball
paradigm in an ERP study, requiring participants to focus attention on a cen-
tral fixation discrimination task while peripheral face ensembles unrelated to
the task were presented. They manipulated consistency of emotional intensity
within sets to distinguish high versus low emotional variance (which served as
standard and oddball stimuli). Results showed that when average emotion was
neutral, only high-emotion-variance face ensembles as oddball stimuli evoked
vMMN components. When average emotion was angry, both high- and low-
emotion-variance oddball stimuli could evoke late visual mismatch positivity
(vMMP) and vMMN components, respectively, indicating that the brain can
automatically process variance information of facial emotion ensembles under
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non-attentional conditions. However, when average emotion was happy, no sig-
nificant effects were observed, suggesting that social information such as emotion
type can modulate the brain’ s sensitivity to variance changes. In terms of tem-
poral course, MVPA results further showed that across all conditions, the brain
could begin discriminating stimuli with different variance levels at a very early
stage (approximately 70-90 ms post-stimulus).

Furthermore, different variance levels in stimulus sets may lead to differential
activation strength in brain regions. On one hand, activity in some brain re-
gions positively correlates with variance level. For example, Michael et al.” s
(2015) fMRI study found that BOLD signals in visual cortex and superior pari-
etal lobule increased with higher stimulus set variance. Similarly, Allard et
al. (2021) distinguished high- versus low-variance orientation groups by vary-
ing orientation differences in grating sets, asking participants to judge whether
the average orientation was clockwise or counterclockwise relative to vertical.
fMRI results showed that high-variance orientation grating sets activated right
superior frontal gyrus and left middle frontal gyrus significantly more than low-
variance sets. Activation in these high-level brain regions observed in the study
may be related to participants needing to complete ensemble average orienta-
tion discrimination tasks (Allard et al., 2021). On the other hand, Michael et
al. (2015) revealed the opposite activity pattern: BOLD signals in dorsomedial
Prefrontal Cortex (dmPFC) and anterior insula actually decreased with increas-
ing variance, showing stronger activation when stimuli were more homogeneous
(low variance). Overall, different brain regions may play different roles in vari-
ance representation, with activation patterns related not only to task demands
and stimulus physical salience (Allard et al., 2021; Michael et al., 2015) but
also closely linked to the social significance of stimuli themselves (e.g., emotion)
(Chen & Ji, 2025).

However, from early animal experiments and single-patient brain damage stud-
ies to later behavioral, brain imaging, and electrophysiological studies, we can-
not draw definitive conclusions about human neural mechanisms for dispersion
representation from such limited research. Future studies could adopt different
experimental paradigms and techniques to provide new insights. For example,
combining explicit judgment paradigms that require participants to directly
compare or estimate set variance with fMRI can identify brain regions whose
activity changes systematically with stimulus variance. Additionally, applying
the classic neural adaptation paradigm to variance representation tasks com-
bined with fMRI adaptation suppression analysis is an effective means to test
for the existence of variance-specific tuned neuronal populations. Meanwhile,
MVPA methods can decode distributed neural activity patterns to provide fur-
ther insights into specific representation modes of variance information. Finally,
applying high temporal resolution EEG/MEG techniques to these paradigms
could reveal the complete temporal course of variance information extraction
and processing. Notably, future research addressing this issue needs to dis-
tinguish potential effects of different visual-level stimuli while also attending
to interactions between average and variance representations (see Section 6.3
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6 Research Outlook

This article systematically reviews research on neural mechanisms of visual en-
semble perception, covering its basic characteristics, temporal dynamics, inte-
gration mechanisms, and dissociation between ensemble and individual coding.
Future research should not only focus on the temporal course of ensemble cod-
ing and the significance of feedback signals but also need to address the func-
tions of different visual pathways and potential influences of development and
experience. We also recommend that researchers distinguish between neural
mechanisms of ensemble perception and statistical summary representation. Fi-
nally, based on existing research, we propose that ensemble perception follows
a “Coarse-Fine-Refine” multi-stage processing model and discuss its similarities
and differences with major theories in the field (see Section 6.6).

6.1 Ensemble Perception and Feedback Signals

Different theoretical models hold different views on whether ensemble perception
involves feedback signals. On one hand, feedforward-dominant models (such as
Signal Pooling Hypothesis and population response model) advocate that ensem-
ble perception is based on a feedforward process. Neural signals pool progres-
sively along the visual hierarchy from lower to higher brain regions, ultimately
forming stable representations of ensemble statistical properties. Feedback roles
are limited to relatively minor functions, such as marking or identifying ex-
treme values in ensembles (Whitney et al., 2014; Utochkin et al., 2024). On
the other hand, stage-processing models argue that top-down feedback is cru-
cial. For example, Reverse Hierarchy Theory proposes that visual perception
follows a “forest before trees” global precedence principle, where feedforward
forms overall awareness of the forest and feedback forms awareness of member
trees (Hochstein et al., 2015). Similarly, Predictive Coding (PC) theory also
emphasizes the important role of feedback (Gilbert & Sigman, 2007; He et al.,
2012; Shipp, 2016). According to predictive coding, ensemble perception may
involve feedback processes: for sets or groups of multiple objects, we may first
form predictions about ensemble statistical properties, which are then fed back
to visual cortex to compare with actual visual input. Differences between them
constitute prediction errors, which the visual system minimizes by continuously
updating predictions. Both Reverse Hierarchy Theory and predictive coding can
explain the previously observed phenomenon of ensemble precedence, where peo-
ple’ s average representations of ensembles are better than their representations
of members (Chong & Treisman, 2003; Li et al., 2016).

Although direct neural evidence confirming the importance of feedback in en-
semble perception is still needed, research from related fields such as perceptual
integration and feature binding provides indirect support. For example, Liu et
al. (2017) studied brain activity during integrated pattern perception and found
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that during integration of discrete stimuli in the visual field, the posterior intra-
parietal sulcus (IPS) in the dorsal visual pathway was rapidly activated (within
100 ms) and modulated activity in early visual areas (EVAs) through feedback.
In feature binding tasks, researchers also found feedback connections from V5
to V2 (Zhang et al., 2014).

6.2 Functions of Different Visual Processing Pathways in
Ensemble Perception

First, regarding whether ensemble perception relies on ventral or dorsal path-
ways, existing research evidence is relatively scarce. Whitney et al. (2014) argue
that ensemble perception is not mediated by a single brain region or pathway.
For example, low-level visual features like orientation depend on the occipital
lobe, object motion or position information depends on the dorsal pathway,
while high-level stimuli like faces or shapes depend more on the ventral tem-
poral pathway. However, while empirical research partially supports the multi-
pathway view, it reveals different roles for different brain regions: ensemble
perception of facial emotion relies more on the dorsal visual pathway (Im et al.,
2017, 2021; Zhao, Shen et al., 2023), while representation of orientation ensem-
bles is not limited to the occipital lobe but extends to parietal cortex (Tark et
al., 2021). Similarly, the roles of magnocellular (M) and parvocellular (P) path-
ways—closely related to dorsal and ventral pathways—in ensemble perception
remain controversial (Im et al., 2021; Lee & Chong, 2021). Evidence support-
ing magnocellular involvement comes from Im et al.” s (2021) MEG study, which
observed rapid activation of the dorsal pathway around 68 ms after ensemble
face stimulus presentation, with temporal characteristics highly consistent with
magnocellular rapid transmission properties. However, a behavioral study us-
ing a flicker adaptation paradigm reached the opposite conclusion: suppressing
magnocellular activity not only failed to impair ensemble perception precision
but actually improved it, leading the authors to argue that ensemble percep-
tion relies more on fine information provided by parvocellular pathways (Lee
& Chong, 2021). Future research needs to examine whether dorsal and ventral
pathways and magnocellular and parvocellular pathways play different roles and
have different importance in ensemble perception.

Furthermore, whether V1 can process statistical information remains contro-
versial. V1 neurons have extremely small receptive fields that often cannot
simultaneously cover multiple items in a set, leading to the belief that ensemble
perception occurs in higher visual areas beyond V1. However, direct evidence
supporting this view is limited: Joo et al. (2009) found that neural computa-
tion of visual statistical information occurs after binocular fusion and binocular
suppression, i.e., not earlier than V1. In contrast, evidence supporting V1 or
earlier stage involvement comes from multiple reports. On one hand, from early
animal physiology studies (Bonin et al., 2006) to observations of patients with
extrastriate and high-level visual cortex damage (Norman et al., 2015), variance
representation appears to occur in V1. On the other hand, recent behavioral
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studies found that the brain can represent and extract mean and variance infor-
mation for circle sizes before binocular information fusion, suggesting that en-
semble perception may even originate in subcortical structures before V1 (Zhao,
Zeng et al., 2023; Zeng et al., 2024).

Importantly, existing neuroimaging studies have inconsistent conclusions about
V1. Tark et al. (2021) used fMRI and TEM analysis and found that although oc-
cipital V1/V3 regions showed significant ensemble orientation selectivity when
average orientation was an irrelevant feature in individual tasks, considering V1
receptive field size limitations, the authors ultimately concluded that V1 does
not directly participate in ensemble perception, emphasizing instead the role of
V3. In contrast, Gong et al. (2025) used high temporal resolution MEG com-
bined with IEM and source reconstruction analysis to show that V1, V2, and
V3 all contributed to average orientation coding. They revealed delayed activa-
tion of V1 from a temporal dimension, proposing that V1 may encode ensemble
information through two mechanisms: first, relying on horizontal connections
within early visual areas to promote interactions between individual items; sec-
ond, using iterative or recursive processes of recurrent signals to optimize weight
distribution within ensembles for precise ensemble perception.

From behavioral to neural evidence, it is difficult to draw definitive conclusions
about human neural mechanisms of ensemble perception. Differences in research
results likely stem from variations in stimulus features themselves. Future re-
search addressing this issue should also distinguish potential effects of different
stimulus levels while further investigating whether average and variance repre-
sentations have different neural mechanisms.

6.3 Domain-General or Domain-Specific Mechanisms

A core and unresolved question is whether the visual system relies on domain-
general neural mechanisms or multiple domain-specific mechanisms when pro-
cessing statistical summary information across different levels (e.g., orientation,
facial identity), different visual features within the same level (e.g., color, orien-
tation), or different statistical indices (e.g., mean, variance). Current research
on this issue mainly focuses on the behavioral level, with many conflicting con-
clusions (Chang, Cha, McGugin et al., 2024; Haberman, Brady et al., 2015).

First, early individual-differences-based studies found no correlation between
tasks across different visual levels (i.e., between-domain, high vs. low), support-
ing specific mechanisms (Haberman, Brady et al., 2015). However, recent stud-
ies using latent variable models found that a single latent variable could explain
performance across levels, supporting a domain-general hypothesis (Chang, Cha
& Gauthier, 2024). Cross-domain variance adaptation aftereffect studies also
suggest that variance representation may involve domain-general mechanisms
(Maule & Franklin, 2020). Second, within the same visual level (within-domain),
low-level color and brightness (Rajendran et al., 2021) and size and orientation
(Yoruk & Boduroglu, 2020) may involve specific mechanisms, but other stud-
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ies found shared mechanisms between size and orientation (Kacin et al., 2021;
Yang et al., 2018). High-level features (e.g., facial identity and emotion) may
be dissociated (Haberman & Whitney, 2009; Kwon & Chong, 2023), but studies
of non-face complex objects found evidence of domain-general ability (Chang
& Gauthier, 2022). Finally, regarding different statistical indices such as mean
and variance, some studies reveal independent processing (Norman et al., 2015;
Michael et al., 2015), such as no significant correlation between mean and vari-
ance estimation for size and orientation (Khvostov & Utochkin, 2019; Yang et
al., 2018). However, more studies reveal interactive influences and shared mech-
anisms (Chang, Cha & Gauthier, 2024; Hansmann-Roth et al., 2021; Jeong &
Chong, 2020; Michael et al., 2014; Tong et al., 2015). For example, in two-
alternative forced-choice tasks with larger sample sizes, participants’ judgments
of mean size and variance size for dot sets showed significant correlation (Cha
et al., 2022), and perceptual adaptation effects for color variance depended on
color mean (Maule & Franklin, 2020).

Conflicting behavioral results highlight the limitations of inferring underlying
mechanisms from behavioral measures alone. Behavioral correlations cannot
distinguish early visual feature extraction from later statistical processing in
temporal course, nor can they differentiate shared neural computational pro-
cesses from other potential confounding factors. Therefore, to truly resolve the
“specificity”versus “generality”debate in ensemble perception coding mechanisms,
future research urgently needs to go beyond behavioral correlation analysis and
directly employ neuroscientific techniques.

In fact, neural evidence reveals that magnocellular-related dorsal pathways may
play a key role in ensemble perception, with significant parietal activation found
for both grating and face stimuli (Tark et al., 2021; Im et al., 2017, 2021).
We therefore propose that in the early stage of ensemble coding, there exists
a domain-general mechanism dependent on magnocellular pathways, followed
by domain-specific mechanisms dependent on parvocellular systems and various
brain regions (see the “Coarse-Fine-Refine” model below). This model integrates
the debate between domain-general and domain-specific mechanisms. Future re-
search can use fMRI-based MVPA combined with Representational Similarity
Analysis (RSA) to directly compare whether activation patterns for different
stimulus types (high/low level), different features, or different statistical indices
(mean/variance) overlap or show similar neural representations, thereby deter-
mining whether their neural bases are shared or dissociated. The high temporal
resolution of EEG/MEG can help reveal similarities and differences in process-
ing time courses across different task types, more clearly elucidating differences
and commonalities in neural mechanisms of ensemble perception across dimen-
sions and providing more solid evidence for understanding how the visual system
efficiently processes complex information.
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6.4 Neural Development and Experience Effects

Ensemble perception is a relatively automatic psychological process, leading us
to naturally expect genetic influences to outweigh experiential ones. Unfortu-
nately, existing limited research cannot resolve this issue.

First, in typical neural development, ensemble perception ability gradually im-
proves with age. Studies show that although 4-5-year-old children can represent
average size of object sets, their representation efficiency is lower than adults’
, suggesting that ensemble perception ability is a gradually maturing process
(Sweeny et al., 2015). Karaminis et al. (2018) observed similar developmental
trends in ensemble perception of facial emotion, with children performing worse
than adults in both average emotion discrimination and single-face emotion dis-
crimination. These findings collectively indicate that as the visual system and
related cognitive functions mature, individuals’ ability to extract and utilize
statistical summary information is enhanced.

Second, cultural background and individual experience also shape ensemble per-
ception. Zhao et al. (2024) examined ensemble perception of facial emotion in
cross-cultural contexts and found significant “other-ethnicity effects,” where par-
ticipants perceived emotions of their own ethnicity more accurately but tended
to overestimate the emotional weight of other ethnicities in mixed-race groups.
This finding resonates with Peng et al.” s (2021) observation that British partic-
ipants showed stronger average representation tendencies for their own gender
faces (while Chinese participants did not), collectively indicating that cultural
experience and social group identity may modulate ensemble perception mecha-
nisms for high-level social stimuli like faces. Additionally, reward value may not
affect averaging itself but only the late conscious representation stage of ensem-
ble perception (Dodgson & Raymond, 2020). Similarly, specific long-term expe-
riences and related clinical disorders may affect ensemble perception. Chang et
al” s (2025) ERP study on individuals with Internet Gaming Disorder (IGD)
found that IGD patients showed attentional bias toward negative emotions in
early automatic processing stages and deficits in later cognitive regulation and
interference inhibition. This suggests that long-term specific behavior patterns
(e.g., excessive gaming) may alter ensemble perception of social emotional infor-
mation.

Beyond typical developmental changes, individual differences in ensemble per-
ception and its manifestations in specific neurodevelopmental disorders have
begun to receive attention, such as in individuals with Autism Spectrum Disor-
der (ASD) and Attention-Deficit/Hyperactivity Disorder (ADHD). Karaminis
et al. (2018) found that ASD children (typically considered to have difficulties
in social information processing) did not differ significantly in task performance
from typically developing children, but computational modeling indicated that
their ensemble perception ability correlated with nonverbal reasoning ability,
suggesting ASD children may adopt different cognitive strategies for ensemble
perception. For ADHD individuals, Yuan et al.’” s (2025) large-sample rERPs
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study found that ADHD patients’ attention deficit symptoms correlated signif-
icantly with reduced neural responses in both early global and late local infor-
mation processing, suggesting that core cognitive deficits in ADHD may involve
multiple levels of statistical summary information formation.

Thus, ensemble perception ability is not static, and its formation and devel-
opment are not entirely determined by innate factors. Neural system matura-
tion and individual experience also significantly influence it. Previous research
reveals possible interactions between atypical development and environmental
factors in shaping ensemble perception ability and provides new perspectives
for understanding individual differences and potential interventions. Future re-
search should adopt longitudinal designs to track developmental trajectories and
deeply explore specific neural mechanisms by which different experiential factors
affect ensemble perception, for example, by combining neuroimaging techniques
to examine how experience reshapes neural circuits for ensemble perception.

6.5 Whether Neural Activity in Ensemble Perception
Equates to Statistical Summary Representation

Although most researchers use the two concepts interchangeably—for example,
Whitney’ s team argues that when observing an ensemble, people can automat-
ically extract statistical summary information, and that automated coding of
ensemble information equates to statistical summary representation (Whitney
et al., 2014; Whitney & Yamanashi Leib, 2018)—this equivalence is reasonable
in behavioral research but problematic in neuroscience research. The reason is
that when the brain processes ensemble information, increased member number
leads to accumulated neural signals, i.e., enhanced activity levels. For example,
studies found that N170 amplitude increased with set size (Puce et al., 2013),
and even in primary visual cortex, C1 amplitude evoked by multiple items in a
set could be a linear superposition of its member items (Chen et al., 2016). This
neural activity enhancement due to quantity increase is not the neural mecha-
nism of statistical summary representation, which depends on global integration
of ensemble content.

However, most current research on neural mechanisms of ensemble perception
infers mechanisms by comparing differences between ensemble and individual
item processing (Im et al., 2017, 2021; Roberts et al., 2019). These neural
activity differences include not only the brain mechanisms of statistical summary
representation but also neural activity differences caused by quantity differences,
making psychological processes impure. Therefore, future research needs to be
clearly aware that ensemble perception and statistical summary representation
may differ in neural mechanisms.

6.6 Coarse-Fine-Refine Model

Based on existing research, we propose that ensemble perception follows a
“Coarse-Fine-Refine” multi-stage process (see Figure 2 [Figure 2: see original
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paper]): The “Coarse”stage relies on dorsal visual pathways driven by magnocel-
lular pathways, representing a widely distributed, cross-domain domain-general
mechanism that can rapidly extract scene or ensemble “gist” to form coarse sum-
mary representations or predictions under limited attentional resources. The
subsequent “Fine” stage relies on ventral visual pathways driven by parvocel-
lular pathways, representing relatively refined processing specific to particular
stimulus features and showing domain specificity. Finally, the coarse represen-
tation or prediction is fed back to stimulus-specific brain regions, and the initial
summary impression is calibrated through iterative feedforward-feedback loops
to achieve final precise ensemble perception.

Figure 2. Schematic diagram of the “Coarse-Fine-Refine” model of
visual ensemble perception (using facial emotion stimuli as an exam-
ple): (1) The “Coarse” stage processes low-frequency information to rapidly
form summary representations; (2) The “Fine” stage processes high-frequency
information to form relatively refined representations; (3) The “Refine” stage
forms final precise representations through iterative feedforward-feedback loops.

Inferences about the model are as follows:

First, the formation of precise ensemble perception involves multiple stages, a
view proposed by integrating series of neural evidence on ensemble perception
temporal dynamics. Existing studies show that ensemble information can be ex-
tracted by the brain at very early post-stimulus stages and differs neurally from
individual/member stimulus processing (Epstein & Emmanouil, 2021; Im et al.,
2021; Roberts et al., 2019). Moreover, early EEG component emergence reflects
the rapid and even partially automatic processing characteristics of ensemble
perception (Ji et al., 2018; Ji et al., 2024; Epstein & Emmanouil, 2021; Chen
& Ji, 2025). However, studies using IEM to decode EEG/MEG signals reveal
that although early neural signals exist, stable and precise ensemble perception
only correlates significantly with behavioral performance at later stages, a pro-
cess that may involve more complex processing such as recursion and iteration
(Yashiro et al., 2024; Gong et al., 2025). These combined evidence suggest that
ensemble perception is a multi-stage process from rapid, coarse initial processing
to late, precise deep processing.

Second, coarse and fine information in ensemble perception are transmitted via
fast magnocellular and slow parvocellular pathways, respectively, a reasonable
speculation based on previous theories. Previous research on efficient recogni-
tion of objects and natural scenes proposed a Coarse-to-Fine view, suggesting
that the visual system first processes low spatial frequency coarse information
via magnocellular pathways and projects it to high-level cortex (e.g., frontopari-
etal cortex) to form initial “gist” perception or predictions (Bar, 2003, 2004;
Bar et al., 2006; Kveraga et al., 2007). Subsequently, parvocellular pathways
transmit high spatial frequency information for detailed processing (Kveraga et
al., 2007; Kandel et al., 2021; Kauffmann et al., 2014). Although ensemble infor-
mation is not objects or natural scenes, it can be understood as special scenes
composed of multiple objects. The physiological characteristics of magnocel-
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lular pathways—high temporal resolution and low spatial resolution—facilitate
rapid, pre-attentive processing of ensemble information, forming coarse statis-
tical summary signals in dorsal pathways (e.g., intraparietal sulcus). Existing
neural evidence has revealed important roles of both magnocellular and parvo-
cellular pathways in ensemble perception (Im et al., 2017, 2021; Lee & Chong,
2021; see Section 6.2), and the Coarse-to-Fine view 143 unifies these two oppos-
ing pieces of evidence.

Third, coarse representations dependent on magnocellular pathways are domain-
general, while fine representations dependent on parvocellular pathways are
domain-specific, an inference synthesizing existing evidence. Studies show that
high-level emotional face ensembles can activate ventral pathways (Im et al.,
2017), while low-level grating orientation ensembles activate occipital cortex
(Tark et al., 2021), seemingly supporting domain-specific hypotheses (Haberman,
Brady et al., 2015; Whitney et al., 2014). However, what cannot be ignored is
that both high-level emotional face ensembles and low-level line orientation en-
sembles can cause significant activation in frontoparietal regions (Im et al., 2017,
2021; Tark et al., 2021; Gong et al., 2025; Michael et al., 2015), which cannot
be explained by single domain-general or domain-specific mechanisms. Com-
bined with extensive research revealing that magnocellular pathways play rapid
coarse representation roles across various visual stimulus types (Bar, 2003, 2004;
Bar et al., 2006; Kveraga et al., 2007), and that slower parvocellular pathways
undertake detailed analysis and identification functions (Kveraga et al., 2007;
Kandel et al., 2021; Kauffmann et al., 2014), we have reason to speculate that
ensemble perception may involve an early, domain-general neural basis in the
“Coarse” stage, followed by differential representations in different brain regions
for specific stimulus features at different levels (specific processing) that refine
“Fine” representations. This view integrates the debate over whether ensem-
ble perception relies on domain-general or multiple domain-specific mechanisms
(see Section 6.3).

Finally, coarse representations or predictions formed by frontoparietal networks
can act top-down on feedforward signals representing details in stimulus-specific
brain regions (Gilbert & Sigman, 2007; Shipp, 2016), calibrating initial summary
impressions through feedforward-feedback loops. This view is also a theoreti-
cal inference based on predictive coding theory and existing neural evidence.
When task demands require higher precision or initial perception mismatches
predictions, high-level brain regions such as frontal cortex intervene via feedback
connections. For example, through feedback connections, attentional resources
are focused on one or more key items in the ensemble (e.g., extreme values or
outliers), causing items to be weighted differently in final perception (Choi &
Chong, 2020; De Fockert & Marchant, 2008). Additionally, outlier suppression
is another manifestation of feedback calibration. Studies show that the visual
system can robustly compute averages after excluding outliers (De Gardelle &
Summerfield, 2011), a process considered relatively slow and iterative, highly
dependent on feedback mechanisms (Epstein et al., 2020). Through iterative
feedforward-feedback processing, the visual system can not only integrate en-
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semble information but also flexibly adjust representations to ultimately achieve
precise and robust ensemble perception.

In summary, the “Coarse-Fine-Refine” model is developed based on predictive
coding theory and Coarse-to-Fine theoretical perspectives (Gilbert & Sigman,
2007; He et al., 2012; Shipp, 2016; Bar, 2003, 2004; Bar et al., 2006; Kveraga et
al., 2007), tailored to the characteristics of ensemble perception and the latest
research evidence. It differs from major theoretical viewpoints in the ensemble
perception field. First, the “Coarse-Fine-Refine” model includes both feedfor-
ward and feedback processes, while Signal Pooling Hypothesis and population
response model emphasize direct feedforward effects. Signal Pooling Hypothesis
is a descriptive hypothesis based on behavioral evidence proposing the possibil-
ity of neural signal pooling along visual hierarchy (Haberman & Whitney, 2012;
Whitney et al., 2014). Population response model provides more specific com-
putational pathways for hierarchical pooling by simulating neuronal population
tuning curves (Utochkin et al., 2024; Iakovlev & Utochkin, 2023). The “Fine”
process in  “Coarse-Fine-Refine” likely achieves hierarchical pooling. In fact,
feedback connections from top to bottom are possible (Utochkin et al., 2024),
and pure feedforward hierarchical models are insufficient to explain nonlinear
phenomena like outlier suppression that require iterative processing (Gong et
al., 2025; Wang et al., 2023). Therefore, after fine processing, the feedforward-
feedback iterative “Refine” process begins. Second, the “Coarse-Fine-Refine”
model also differs in emphasis from Reverse Hierarchy Theory. RHT advocates
that conscious summary information forms during feedforward stages, with feed-
back allocating attentional resources to local details to achieve local member
representation (Hochstein & Ahissar, 2002; Hochstein et al., 2015). Although
this theory also emphasizes feedback, its role is to achieve local representation,
following a “global before local” process. In contrast, our model corresponds
to the “global” representation stage in RHT, where the formation of statistical
information itself undergoes multiple dynamic stages.

The “Coarse-Fine-Refine” hypothesis integrates multi-faceted evidence on en-
semble perception regarding temporal dynamics, neural pathways, and compu-
tational mechanisms, providing a unified perspective for understanding how the
visual system balances efficiency and precision. Although this provides a richer
understanding of how the brain efficiently processes visual ensemble information,
it still requires further empirical testing.

In conclusion, exploration of neural mechanisms underlying visual ensemble per-
ception has made significant progress but remains at a critical stage of in-depth
development. Future research needs to integrate multidisciplinary perspectives
and methods from cognitive psychology, neuroscience, and computational mod-
eling, focusing on elucidating precise neural pathways and temporal courses,
synergistic roles of feedforward and feedback processes, domain-generality and
specificity of information coding, influences of development and experience, and
clarifying differences between concepts. These efforts will greatly deepen our un-
derstanding of how the visual system “simplifies complexity” to achieve efficient
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abstract representation from complex information.
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