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Abstract

Although sensory registration is capacity-unlimited, this does not imply that
the visual system is exempt from efficiently processing the vast amounts of
visual information encountered in daily life. Statistical summary representa-
tion constitutes an efficient information processing mechanism whereby, when
presented with a set comprising multiple visual stimuli, the visual system can
rapidly extract statistical summary information such as the average properties
of the set. Statistical summary representation is an important psychological pro-
cess for understanding neural computation. Numerous studies have currently
uncovered certain cognitive mechanisms underlying this process, including auto-
matic processing mechanisms and mechanisms of specificity or generality across
different levels or features. However, only a limited number of studies have
examined its neural mechanisms, and future research should employ neurosci-
entific techniques to directly investigate the neural mechanisms of statistical
summary representation.
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Abstract: Despite the unlimited capacity of sensory registration, this does not
mean that the visual system does not need to efficiently process the massive
amount of visual information we face daily. Statistical summary representation
is an efficient information processing mechanism whereby, when presented with
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a set composed of multiple visual stimuli, the visual system can rapidly ex-
tract statistical summary information such as the average properties of the set.
Statistical summary representation is an important psychological process for
understanding neural computation. Currently, numerous studies have revealed
certain cognitive mechanisms underlying this process, such as automatic pro-
cessing mechanisms and mechanisms of domain specificity or generality across
different levels or features. However, only a small number of studies have focused
on its neural mechanisms, and future research requires more investigations using
neuroscience techniques to directly examine the neural mechanisms of statistical
summary representation.

Keywords: statistical summary representation; ensemble coding; ensemble
processing; neural mechanism

Although sensory registration has unlimited capacity, this does not mean that
the visual system can ignore processing efficiency issues and leave everything
to attention and working memory. In fact, our visual system is not only ca-
pable of perceptual organization but can also extract core critical information
from ensembles. When presented with a set containing a group of similar stim-
uli, the visual system can rapidly and accurately extract the overall statistical
properties of the set (rather than individual stimulus properties), forming sta-
tistical summary representations (Ariely, 2001; Haberman & Whitney, 2007).
Both statistical summary representations and perceptual organization reflect
the efficiency of visual system processing.

Statistical summary representation is an important psychological process for
studying neural computation. Building upon the encoding of individual stimuli,
neurons form statistical summary representations of sets composed of multiple
stimuli. How this neural computation process works and what its characteristics
are have attracted significant attention from researchers. This review covers re-
search on the automatic processing mechanisms of statistical summary represen-
tations, as well as debates regarding their domain-specific and domain-general
mechanisms, with a focus on introducing recent studies that have employed
cognitive neuroscience methods to investigate their neural mechanisms. Based
on this foundation, we provide a summary and outlook to offer ideas and di-
rections for future research on the neural mechanisms of statistical summary
representations.

Central tendency (such as mean) and dispersion tendency (such as variance) are
two important metrics of visual statistical summary representations (Haberman,
Lee, et al., 2015; Norman et al., 2015). For a stimulus set, both central tendency
representation and dispersion tendency representation appear indispensable for
a relatively complete representation (Tong et al., 2015). Mean representation is
an important indicator for describing the central tendency of stimulus sets.

In his seminal study on statistical summary representations of circle size, Ariely
(2001) found that mean representation was rapid, accurate, and unaffected by
set size (i.e., the number of members), yet participants could not accurately
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represent individual items within the set, suggesting that ensemble mean rep-
resentation is privileged over member representation. In addition to stimulus
size, researchers have found mean representations across a wide range of stim-
uli from low-level to high-level features, including stimulus size (Haberman &
Suresh, 2021), spatial location (Sun et al., 2021), depth (Wardle et al., 2012), ori-
entation (Parkes et al., 2001), motion direction (Watamaniuk & Duchon, 1992),
color and contrast (Rajendran et al., 2021), brightness (Bauer, 2009), and higher-
level features such as facial emotion (Haberman, Harp, et al., 2009), facial gender
(Haberman & Whitney, 2007), facial identity (de Fockert & Wolfenstein, 2009;
Davis et al., 2021), gaze direction (Florey et al., 2016), and biological motion
(Sweeny et al., 2013; Nguyen et al., 2021).

Variance representation is an important indicator for describing the dispersion
tendency of stimulus sets. Haberman, Lee, and Whitney (2015) were the first to
examine statistical summary representations of facial emotion from the perspec-
tive of variance. Using an adjustment-matching method, they asked participants
to adjust the variance of one set of emotional faces to match the variance of an-
other set of faces with different emotions, using the average adjustment error
as the metric. The results showed that participants could reliably represent
the variance of emotional face sets, and this ability was unaffected by set size.
Subsequent studies have found that our visual system can compute variance
across various visual features, such as color (Maule & Franklin, 2020; Ward et
al., 2016), brightness (Tong et al., 2015), size (Tokita et al., 2016), and facial
gender and race (Phillips et al., 2018), demonstrating that the visual system
can effectively represent the dispersion tendency of ensembles.

2. Holistic and Automatic Processing of Visual Statistical
Summary Representations

Tong et al. (2015) reviewed two processing modes of statistical summary rep-
resentations: holistic parallel distributed processing (unaffected by set size or
the number of members) and individual-based sampling processing. Holistic
processing differs from individual processing mechanisms in that participants
can accurately represent the ensemble mean but cannot accurately represent in-
dividual items within the set (Ariely, 2001; Whitney & Yamanashi Leib, 2018).
Holistic processing is automatic ( “fast, task-irrelevant stimuli can also form
statistical representations, unaffected by attention allocation, and capable of
detecting global changes even when local changes cannot be detected” ) (Tong
et al., 2015). Therefore, this review will not elaborate further on many studies
concerning processing time and attentional resources, focusing instead on new
neuroscientific evidence and evidence from unconscious processing studies.

Automatic processing has the following characteristics: fast, unconscious, unaf-
fected by attentional resources (distributed attention or parallel processing, can
still be processed when attentional resources are limited), unintentional, and un-
controllable. It should be noted that very few cognitive processes and behaviors
satisfy all automatic features, and even driving activities cannot meet all the
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above criteria. Therefore, when understanding and distinguishing automatic
from non-automatic processes, it is unnecessary to adopt a dogmatic all-or-none
standard.

Fortunately, a small number of neuroscience studies have provided supporting
evidence for the automatic processing of statistical summary representations.
First, regarding the influence of attention, an ERP study investigated whether
mean representation of multiple facial expressions requires attention. Using a
cueing paradigm, participants were asked to judge whether the average expres-
sion of a face set or the expression of a single face was positive or negative
under valid and invalid cue conditions. The results showed that participants
could still extract the average expression under invalid cue conditions, without
observing a significant N2pc component (which reflects spatial selective atten-
tion to target stimuli), indicating that participants could extract the average
expression under limited attentional conditions. Interestingly, under valid cue
conditions, there was no significant difference in the SPCN component between
ensemble and individual tasks (which typically increases with the number of
items in visual short-term memory until reaching memory capacity), suggesting
that multiple faces in a set may be compressed into a “single” object stored in
visual short-term memory (Ji et al., 2018).

Second, regarding processing speed or time course, an ERP study used an odd-
ball paradigm to explore the temporal dynamics of ensemble representation com-
posed of multiple lines. The researchers distinguished between oddballs based
on an individual item within the set and oddballs based on the entire set, find-
ing that the P3b latency evoked by ensemble-based oddballs was significantly
earlier than that for individual-based oddballs. Multivariate pattern analysis
(MVPA) also revealed that neural signals could differentiate between standard
and deviant stimuli under ensemble conditions earlier than under individual con-
ditions (classification began at 102 ms). This indicates that ensemble perception
can occur rapidly and that representation of the whole precedes representation
of individual object properties (Epstein & Emmanouil, 2021), consistent with
behavioral research by Li et al. (2016) which found that mean representation
had already begun by 50 ms and was better than member representation. It
should be noted that although ensemble processing occurs earlier than individ-
ual processing, some behavioral studies have revealed that statistical summary
representations occur at relatively later stages, at least later than size illusions,
perceptual constancy using depth cues, and binocular fusion. Specifically, mean
size judgments are influenced by the Ebbinghaus illusion, suggesting that mean
size may be computed after perceptual size (Im & Chong, 2009); under depth
cues from binocular disparity, statistical summary representations are based on
objects’ real size rather than retinal size, meaning that mean representation oc-
curs on the basis of perceptual constancy (Tiurina & Utochkin, 2019); studies
on binocular rivalry have also found that statistical summary representations
are formed after binocular fusion (Joo et al., 2009).

The impact of unconscious processing on statistical summary representations re-
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mains controversial. Using the crowding paradigm from unconscious processing
research (Crowding, where discrimination of a target object in the peripheral
vision becomes difficult when other objects are presented around it), researchers
found that although participants could not report the orientation of individual
gratings, they could reliably estimate the mean orientation of grating ensembles,
suggesting that orientation information in primary visual cortex, while not yet
reaching consciousness, had already been averaged under crowding (Parkes et
al., 2001). Similarly, mean representations of location and facial emotion can
overcome the crowding bottleneck (Fischer & Whitney, 2011; Greenwood et al.,
2009). However, for mean size of circles, unconscious individual members can-
not contribute to mean representation in either crowding or binocular rivalry
paradigms (Banno & Saiki, 2012; Joo et al., 2009).

3.1 Encoding Mechanisms of Statistical Summary Repre-
sentations Across Different Levels and Features

Whether there exist separate neural codes or a general neural code across differ-
ent visual levels or features—that is, whether the neural mechanisms of visual
statistical summary representations are domain-specific or domain-general (or
universal, general)—remains a key question. Whitney et al. (2014) proposed
that visual mean representations may be computed at multiple levels in the
visual system. Some ensembles, such as mean brightness, color, and orientation,
may be generated in early cortical or even subcortical areas, while mean facial
identity may be represented in later stages of the ventral pathway.

Haberman et al. (2015) first examined the domain-specificity of encoding for
visual stimuli at different levels using behavioral experiments. They employed
an individual differences approach, having observers extract mean features from
different stimulus sets. In a series of experiments (facial identity and grating
orientation, facial emotion and dot color, triangle orientation and triangle color,
grating orientation and dot color, grating orientation and triangle orientation,
facial identity and facial emotion), the researchers calculated the correlation of
errors between participants’ mean representations for two types of stimuli to in-
vestigate whether statistical summary representations across different domains
share a common mechanism or multiple mechanisms. The results showed that
individuals’ mean representation performance was uncorrelated between high-
and low-level domains, suggesting the existence of multiple representation mech-
anisms specific to different high-low level domains—that is, statistical summary
representations between high- and low-level domains are domain-specific rather
than mediated by a single, general mechanism spanning different levels. This
finding has been supported by subsequent studies. Peng et al. (2019) found
that priming of interdependent self-construal enhanced mean representation of
facial identity but had no effect on mean representation of dot size. Sama et
al. (2019), using face ensemble stimuli and a series of behavioral experiments,
revealed the independence of mean representations for high-level features (facial
identity) and low-level features (facial viewpoint).
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Notably, although Haberman et al. (2015) found correlations in mean representa-
tion performance between different features within high- and low-level domains
respectively, they did not conclude whether mean representations of different
features within the same level operate via a general mechanism or separate
mechanisms. They acknowledged two possibilities: first, that statistical sum-
mary representations within the same level domain may indeed share a general
mechanism, or second, that correlations between mean representations of differ-
ent features may result from error. However, some other studies have drawn
conclusions in favor of domain-general mechanisms based on correlational re-
sults. In fact, regarding whether domain-general mechanisms exist for different
features within high- and low-level domains, there are indeed some controversies
among different empirical studies.

Regarding research within low-level domains, most studies suggest that statis-
tical summary representations of different features are domain-specific. Rajen-
dran et al. (2021), in their study of mean representations for color and bright-
ness, found differences between color and brightness mean representations: color
mean representation requires indirect inference, whereas brightness can be di-
rectly statistically estimated, possibly reflecting the specificity of two distinct
summary representation mechanisms. Attarha and Moore (2015), using gratings
as stimuli, found that participants could simultaneously represent both size and
orientation of gratings, suggesting that mean representations of size and orien-
tation are not limited by processing capacity and implying that the mechanisms
underlying statistical summary representations of size and orientation are inde-
pendent. Yoriik and Boduroglu (2020) demonstrated that mean representations
of line length and orientation were uncorrelated, possessing independent mech-
anisms. In contrast, Kacin et al. (2021), attempting to replicate Yoriik and
Boduroglu’ s study, reached the opposite conclusion, arguing for a common,
domain-general mechanism across different features. By improving stimulus
parameter settings and task designs, they found correlations between mean rep-
resentations of line length and orientation. Similarly, Yang et al. (2018), using
an individual differences approach, found significant correlations in accuracy be-
tween mean representations of strawberry size and lollipop orientation, leading
the researchers to propose that size and orientation summary representations
share a common mechanism. Their view is that if performance on mean rep-
resentations for two features shows strong correlation, this indicates that these
two features’ mean representations share a common mechanism.

Domain-specificity in statistical summary representations also exists between
different features within high-level domains. Haberman and Ulrich (2019) found
certain differences in precision between mean representations of facial identity
and facial expression. Studies on face inversion have also revealed a dissocia-
tion between mean identity and mean emotion: Haberman and Whitney (2009)
found that inversion impaired the precision of mean emotion representation,
whereas other studies found that inversion did not affect mean representation
of face identity sets (Sun & Choo, 2020; Davis et al., 2021). The differences
between mean identity and mean emotion may be based on fundamental differ-
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ences between identity and emotion themselves. Haxby et al. (2000), in their
model of “the distributed human neural system for face perception,” mentioned
differences in processing and encoding between facial identity and facial expres-
sion, where the fusiform gyrus primarily analyzes invariant facial features and
plays an important role in identity recognition, while the superior temporal sul-
cus mainly analyzes changeable facial features and plays an important role in
perceiving facial expression, eye gaze direction, and lip movements.

Currently, very few studies have investigated whether variance representations
across different domains are domain-specific. Maule and Franklin (2020) pro-
posed that variance representation may be domain-general. Using a variance
adaptation aftereffect paradigm, they found that adaptation to a high-variance
hue stimulus ensemble caused participants to underestimate the variance of sub-
sequently presented orientation stimuli—this being the first evidence for cross-
domain adaptation aftereffects in visual statistical summary representations.
This result implies that visual variance representation is encoded by a domain-
general mechanism.

In summary, these behavioral studies show uncontroversially that mean rep-
resentations exhibit domain-specific mechanisms between high- and low-level
domains, while whether variance representations do so remains to be explored.
What remains controversial is whether domain-specific mechanisms exist for dif-
ferent features within the same level domain. These controversies suggest that
we need not only further detailed and systematic behavioral investigations but
also, more importantly, direct examination of the neural encoding mechanisms
underlying visual statistical summary representations across different levels and
different features within the same level—work that would be significantly pio-
neering.

3.2 Encoding Mechanisms Between Different Statistical In-
dices of Statistical Summary Representations—Mean and
Variance Representations

Studies on adaptation aftereffects for mean and variance representations have
revealed the existence of specific neural codes in the brain responsible for sta-
tistical summary representations (Corbett et al., 2012; Norman et al., 2015).
Whether the processing mechanisms for these two metrics are identical is an im-
portant question in investigating the mechanisms of visual statistical summary
representations.

Some studies have found that mean and variance representations are indepen-
dent of each other. For both orientation and color, adaptation aftereffects to
variance are unaffected by changes in mean values (Maule & Franklin, 2020; Nor-
man et al., 2015). In dual-task paradigms, these two ensemble tasks of mean
and variance representation do not interfere with each other, also suggesting
that they can be estimated independently (Khvostov & Utochkin, 2019). On
the other hand, no significant correlation exists between performance on mean
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discrimination tasks and variance discrimination tasks (Yang et al., 2018).

However, other evidence challenges the independence of mean and variance rep-
resentations. In perceptual priming studies, participants could complete mean
representation tasks for targets well as long as variability matched (i.e., vari-
ability of prime and target stimuli matched in the same stimulus dimension),
indicating that variability processing influences mean representation (Michael
et al., 2014). Conversely, mean representation can also influence variance rep-
resentation (Tong et al., 2015). Similarly, in adaptation aftereffect studies with
orientation stimuli, adaptation to variance was found to affect mean discrimi-
nation, while adaptation to mean affected subsequent variance discrimination
(Jeong & Chong, 2020).

4. Possible Neural Mechanisms of Visual Statistical Sum-
mary Representations

Visual statistical summary representation is a process that efficiently processes
complex visual input, and investigating its neural mechanisms helps us under-
stand how the visual system computes statistical information such as the mean.

Haberman and Whitney (2012) and Whitney et al. (2014) elaborated on the-
oretical proposals regarding the neural pathways and representation processes
through which the brain performs statistical summary representations, suggest-
ing that visual mean representations may be computed at multiple hierarchical
levels in the visual system. For example, mean brightness, color, and orienta-
tion may be represented in early cortical or even subcortical regions, high-level
shapes and faces may be represented in the ventral pathway, while mean motion
and location may be represented in the dorsal pathway. The mean representa-
tion process may be related to signal pooling. For instance, when viewing a
set of lines or gratings with different orientations, orientation-selective neurons
(possibly in V1) are activated by visual stimuli, and activity from some or all
orientation-selective neurons is pooled together to ultimately generate a holistic
percept.

Corbett et al. (2012) used adaptation aftereffects to study mean size represen-
tation of dot ensembles, revealing specific neural codes for statistical summary
representations in the brain. Participants adapted to dot sets of different sizes
and then judged the size of test dots. After adapting to a set with a large mean
size, test dots were perceived as smaller, and vice versa, producing a percep-
tual aftereffect. The authors proposed that mean size appears to be explicitly
represented as a feature dimension in the brain. However, where this representa-
tion is located remains uncertain, with possibilities ranging from primary visual
cortex to lateral occipital cortex neuron populations that encode object size.
Behavioral studies have revealed that neural computation of visual statistical
information occurs after binocular fusion and binocular suppression, that is, no
earlier than primary visual cortex.

Specifically, participants can judge the mean size of circle ensembles distributed
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across both eyes, and if some items are suppressed through binocular rivalry,
the mean representation of set size is impaired (Joo et al., 2009).

However, directly investigating the neural mechanisms of statistical summary
representations is not straightforward. One major reason is the difficulty in se-
lecting a control condition that matches the statistical summary representation
of ensembles. If single stimuli are used as controls for comparison with ensem-
bles, the stimulus materials are mismatched, potentially causing differences in
evoked neural activity from the outset. Indeed, the research path for statistical
summary representations has been tortuous. Initially, researchers inferred possi-
ble neural mechanisms underlying statistical summary representations through
behavioral experiments. Later, some researchers examined the neural mecha-
nisms of ensemble coding, which can be divided into two categories: one is
object ensemble representation that does not contain statistical summary infor-
mation (similar to texture or spatial layout), and the other is object ensemble
representation that contains statistical summary information. Such studies of-
ten compare ensembles composed of multiple stimuli with single stimuli, but
because the number of stimuli is mismatched, differences between the two can-
not reflect pure neural mechanisms of statistical summary representation.

4.1 Spatial Distribution and Outliers in Ensemble Representation

Cant and Xu’s research group has conducted a series of studies on the function of
the parahippocampal place area (PPA) in ensemble representation. They found
that when object identity remains consistent within an ensemble (Cant & Xu,
2012), neural adaptation occurs in the PPA even when density changes (Cant &
Xu, 2015). However, when an ensemble contains two types of objects and their
relative density changes (Cant & Xu, 2015), or when the ensemble contains
outliers of different objects (Cant & Xu, 2020), the degree of adaptation is
affected.

Cant and Xu (2012) used an fMRI adaptation paradigm to examine brain acti-
vation when participants processed object ensembles. They found that when the
same object ensemble with identical texture statistics was repeatedly presented,
even as different images (with different local features), the anterior-medial ven-
tral visual cortex, including the parahippocampal place area (PPA), showed
adaptive changes. The PPA is a brain region that processes scenes and textures,
suggesting that object ensemble representation may employ neural coding simi-
lar to texture statistics representation.

In another study, they manipulated the spatial distance between individuals
in an ensemble and their relative proportions to investigate the effects of abso-
lute density and relative density on ensemble representation. They found that
when the density of the same object ensemble changed, the PPA also showed
adaptation, with adaptation magnitude comparable to when density remained
unchanged. However, when an ensemble contained two types of objects and
the proportion between them was changed (altering the relative density of each
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object type), neural adaptation in the PPA decreased. This demonstrates that
the PPA’ s processing of object ensembles relies more on high-level visual infor-
mation such as object proportion rather than low-level visual information like
spacing or spatial frequency (Cant & Xu, 2015).

Using the same fMRI adaptation paradigm to study the representation of out-
liers in the human brain, experiments first presented a homogeneous ensemble
containing one object type (e.g., strawberries), then presented either the same
homogeneous ensemble (strawberries) or a heterogeneous ensemble containing
mostly the same objects with a few different objects as outliers (strawberries plus
a few watermelons). Participants judged whether the two ensembles were iden-
tical. The results showed that different outliers reduced the adaptation effect
in the PPA, a scene-selective region. Interestingly, when a strawberry ensemble
was first presented, followed by a watermelon ensemble or mostly watermelons
with a few strawberries, and participants judged whether the two ensembles
were different, matching outliers enhanced the PPA adaptation effect. This sug-
gests that the PPA and related brain regions may mark outliers during visual
perception and weight them in subsequent behavioral decision-making (Cant &
Xu, 2020).

Cant and Xu’ s research found that the parahippocampal place area adapts to
the same ensemble with different spatial layouts, but the amount of adaptation
changes when the objects in the ensemble are altered. Specifically, the hip-
pocampal representation of ensembles does not depend on statistical properties
like spatial layout. We speculate that the PPA’ s representation of ensembles
may depend on concepts, so when relative density or outliers affect concepts,
hippocampal adaptation also changes.

4.2 Ensemble Coding in Extracting Visual Statistical Summary Rep-
resentations

Ensemble coding refers to the encoding of ensemble stimuli by the visual sys-
tem. We primarily focus on the following points: there exist specific neural
mechanisms in the brain for holistically processing ensemble properties (Jia et
al., 2022; Roberts et al., 2019), and ensemble coding and individual coding are
dissociated in the dorsal and ventral pathways (Im et al., 2017). The neural
mechanisms of grating ensembles are related to the occipital and parietal lobes,
possibly involving signal pooling (Tark et al., 2021) and interactions among
ensemble members (Jia et al., 2022).

To investigate whether specialized neural mechanisms for processing holistic
ensemble perception exist in the brain and how the brain computes holistic
ensemble perception, researchers used frequency-tagged EEG (SSVEP) to track
brain activity related to holistic representation of periodically changing circle
ensemble sizes. Neural responses to holistic ensemble size were detected at
occipitoparietal electrodes. They then used temporal response functions (TRF)
to separate neural responses to individual member sizes and interactions among
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individuals (including global interaction and local interaction), finding that only
global interaction directly contributed to holistic size perception. These findings
indicate the existence of specific neural mechanisms for holistically processing
ensemble size (Jia et al., 2022).

To examine perceptual differences between ensemble coding and individual cod-
ing of emotional faces, researchers used fMRI technology to explore the dissoci-
ation of activated brain regions. They found that the intraparietal sulcus and
superior frontal gyrus in the dorsal pathway participated in holistic perception
of emotional faces, while the fusiform cortex in the ventral pathway participated
in individual perception of emotional faces. This study also found that holis-
tic coding of emotional faces shows right-hemisphere lateralization advantages
(Im et al., 2017). In 2021, they used MEG technology to validate these find-
ings, confirming that the dorsal pathway participates in holistic processing of
face ensembles while the ventral pathway identifies and discriminates individual
faces. Importantly, MEG revealed that the dorsal pathway can perform very
rapid holistic coding of face ensembles. They proposed that the dorsal pathway
may rely on fast magnocellular pathway input to form holistic representations
of crowd emotion (Im et al., 2021).

Researchers used EEG to explore the neural basis of facial identity statistical
summary representations. In experiments presenting participants with face en-
sembles or single faces, the P1 amplitude was smaller and N1 and N2 latencies
were shorter in the ensemble condition. Using multivariate pattern analysis
(MVPA) with linear support vector machines (SVM) (incorporating time points
and electrode sites into the model) for neural decoding, they found that neural
signals could not only discriminate between different single faces but also dis-
criminate between face ensembles with different average identities. Interestingly,
when two ensembles had the same average identity, neural signals could not dis-
criminate between them even when the individual members differed (marginally
significant) (Roberts et al., 2019). In another article by these researchers (which
actually used face ensemble data from Roberts et al., 2019), multivariate feature
selection based on linear SVM and recursive feature elimination similarly found
that neural signals (in both time and frequency domains) could discriminate
between different face ensembles (Nemrodov et al., 2020).

Using fMRI and inverted encoding models (IEM), researchers constructed selec-
tive neural responses to mean orientation and individual member orientation in
grating ensembles. They found that although BOLD signals did not differ signif-
icantly between ensemble and individual tasks, the neural responses constructed
by IEM differed. Under task-relevant conditions, selective neural responses to
both mean orientation (in ensemble tasks) and individual orientation (in indi-
vidual tasks) existed in the occipital and frontoparietal lobes. Notably, under
task-relevant conditions, selective responses to mean orientation were not signif-
icant in V1 but were significant in V2 and V3, with important linear increases
from V1 to V2 to V3. These results suggest that pooled signals at multiple lev-
els of the visual system form neural representations of holistic perception (Tark
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et al., 2021).

Researchers examined whether working memory representations are structured
like hierarchical representations in the visual system. Using line orientation en-
semble stimuli and IEM to decode EEG signals, results supported the structured
representation hypothesis. Static coding observed in frontocentral regions could
represent both simple features and abstract ensemble averages, correlating with
behavioral measures, while dynamic and static coding observed in occipitopari-
etal regions was modulated by top-down task demands (Oh et al., 2019).

Currently, only a few studies have preliminarily explored the neural coding of
variance. Researchers found that adaptation to variance depends on retinal co-
ordinates (dependent on fixation position) rather than spatiotopic coordinates.
Furthermore, in a brain-damaged patient with only the left hemisphere V1 in-
tact, variance representation accuracy showed no significant difference compared
to normal participants. This patient had bilateral ventromedial occipitotempo-
ral cortex damage, right hemisphere primary visual cortex damage, and partial
damage to bilateral V2, V3, and V4, suggesting that variance representation
may occur at early stages of the visual system, such as primary visual cortex
(Norman et al., 2015). In summary, the brain regions involved in variance neural
coding and its temporal origin require extensive further research.

5. Research Outlook

We propose that two statistical summary representation mechanisms coexist in
the brain: a hierarchical pooling mechanism (signal pooling) and a neural ensem-
ble coding mechanism. The former represents statistical properties of low-level
visual stimuli, while the latter represents statistical properties of high-level vi-
sual stimuli through simultaneous activation of neurons that encode individual
members. Whitney et al. (2014) theoretical model suggests that mean represen-
tation processes may involve signal pooling. For example, when viewing a set
of lines or gratings with different orientations, orientation-selective neurons are
activated, and the activity of multiple orientation-selective neurons is pooled
together to ultimately generate holistic ensemble perception. This theory is
supported by empirical evidence showing significant linear increases in selective
responses to mean orientation from primary visual cortex to extrastriate cortex
(Tark et al., 2021). This theory appears to well explain statistical summary
representations of low-level visual stimuli, as visual cortex indeed contains sim-
ple neurons and higher-level complex neurons that receive and pool information
from simple neurons. However, for high-level visual stimuli such as faces, form-
ing a mean representation would imply the existence of higher-level neurons in
the brain that receive input from multiple faces. This would require not only a
considerable number of neurons representing individual faces but also an even
larger number of neurons for statistical summary representation. The hierarchi-
cal pooling theory, like the Grandmother Cells theory, would similarly fail to
solve the efficiency problem. In this case, statistical representation may rely on
neural ensemble coding, where simultaneous activation of multiple faces forms
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a statistical summary representation of the ensemble. Therefore, for statistical
summary representations, the brain may contain not only hierarchical pooling
mechanisms but also ensemble coding mechanisms based on simultaneous acti-
vation of member-representing neurons.

Although the preceding review has provided preliminary understanding of sta-
tistical summary representation mechanisms, many unresolved or unexplored
issues remain for future research to investigate thoroughly.

5.1 Systematic Investigation of Neural Mechanisms Using Neuro-
science Techniques

First, regarding whether ensemble representation relies on the ventral or dorsal
pathway, the very limited existing studies have not reached consistent conclu-
sions (Im et al., 2017; Im et al., 2021; Cant & Xu, 2020). There are also
inconsistencies regarding whether the magnocellular system participates in sta-
tistical summary representations (Im et al., 2021; Lee & Chong, 2021). Future
research needs to examine whether the ventral and dorsal pathways, as well as
magnocellular and parvocellular systems, play different roles and have different
importance in statistical summary representation processes. Additionally, we
need to investigate whether top-down feedback signals and interactive signals
within the same level play essential roles in statistical summary representations.
To clarify these issues, we must also consider the modulatory effects of stimulus
level and task demands.

Second, we need to examine the cortical origins and temporal processing dy-
namics of statistical summary representations. Since receptive fields in primary
visual cortex are very small and often cannot cover multiple stimuli in an en-
semble, it seems reasonable to believe that statistical summary representations
occur after primary visual cortex. However, this view lacks direct neuroscientific
evidence. Behavioral evidence suggests that mean size representation of circles
occurs no earlier than primary visual cortex (Joo et al., 2009). Research on
variability suggests that statistical summary representations may occur earlier.
A study of a patient with damage to extrastriate and higher visual areas found
that orientation variance representation was not impaired, suggesting that ori-
entation variance representation may rely on primary visual cortex (Norman et
al., 2015). Animal studies have found that the cat’ s lateral geniculate nucleus
(LGN) can respond specifically to the standard deviation of brightness, indicat-
ing that early visual processing pathways can process variability information
(Bonin et al., 2006). From animal experiments to single-patient brain damage
studies to behavioral research, it is difficult to draw definitive conclusions about
the cortical origins of human statistical summary representation mechanisms.
Future research addressing this issue also needs to distinguish potential effects
of different stimulus levels while answering whether mean and variability repre-
sentations have different neural mechanisms.

Finally, we need more direct investigation of domain-specific or domain-general
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mechanisms for statistical summary representations across different levels and
different metrics (central tendency vs. variability)—whether they are mediated
by specific brain regions or share a common processing pathway, and whether
the temporal dynamics across different levels and metrics are consistent. Reveal-
ing these important issues cannot remain at the behavioral level as described
previously (Haberman, Brady & Alvarez, 2015). Future research must employ
clever experimental designs and various brain imaging techniques to directly
address these questions.

5.2 Are Statistical Summary Representations Innate or Experience-
Dependent?

Statistical summary representation is a psychological process with relatively
high automaticity, naturally leading to the expectation that genetic influences
outweigh experiential influences. Unfortunately, the few studies on cultural dif-
ferences cannot resolve this issue. Statistical summary representations show no
significant differences between own-race and other-race faces. However, British
participants show stronger averaging tendencies for faces of their own gender,
while Chinese participants do not show this tendency, possibly due to differ-
ences in holistic processing biases (Peng et al., 2021). A study on statistical
summary representations of size in 4-5-year-old children found that although
children’ s visual functions were not yet fully developed at this age (such as
selective attention, spatiotemporal attentional resolution, and visual working
memory capacity), they could already perform summary representations of ob-
ject ensembles, identifying mean size rather than individual items in the set.
Of course, compared to adults, children’ s representation efficiency was lower,
because as age increases and visual functions gradually mature, the capacity for
statistical summary representation also improves (Sweeny et al., 2015). Addi-
tionally, reward value may not affect averaging itself but only affects high-level
conscious representations of statistical summary representations (Dodgson &
Raymond, 2020).

5.3 Are Neural Mechanisms of Ensemble Coding and Texture Rep-
resentation Equivalent to Those of Statistical Summary Representa-
tion?

Many studies investigating neural mechanisms have inferred the neural mecha-
nisms of statistical summary representations by comparing differences between
ensembles and individuals. This approach is problematic. Differences in neural
activity between ensembles and individuals may include brain mechanisms of
statistical representation but cannot exclude differences caused by quantitative
disparities—that is, the psychological process is not pure. Indeed, the number
of items affects neural activity: as ensemble size increases, N170 amplitude in-
creases (Puce et al., 2013), and even in primary visual cortex, C1 amplitude
evoked by multiple items in an ensemble can be a linear sum of its member
items (Chen et al., 2016).
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Compared to statistical summary representation, texture representation seems
to lack a neural computation process. Future research needs to employ clever
methods to isolate neural activity that is purely related to statistical summary
representation.
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