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Beyond binding: from modular to natural vision

H. Steven Scholte'* and Edward H.F. de Haan ® 234~

The classical view of visual cortex organization as a collection of specialized
modules processing distinct features like color and motion has profoundly influ-
enced neuroscience for decades. This framework, rooted in historical philosoph-
ical distinctions between qualities, gave rise to the ‘binding problem’: how the
brain integrates these separately processed features into coherent percepts.
We present converging evidence from electrophysiology, neuroimaging, and le-
sion studies that challenges this framework. We argue that the binding problem
may be an artifact of theoretical assumptions rather than a real computational
challenge for the brain. Drawing insights from deep neural networks (DNNs)
and recent empirical findings, we propose a framework where the visual cortex
represents naturally co-occurring patterns of information rather than processing
isolated features that need binding.

Visual processing: from modular thinking to natural vision

Scientific understanding requires conceptual frameworks that bridge between phenomena and
their explanations. Such frameworks are essential for connecting different levels of explanation,
but can also lead to conceptual confusions when not carefully examined [1]. In visual neurosci-
ence, one such framework proposing that discrete brain areas process distinct features like
color and motion [2,3] has dominated thinking for decades. While there is broad consensus
that visual processing is more nuanced than simple parallel streams, this modular framework per-
sists in research and education as a presumed useful simplification.

The enduring influence of this framework stems from its power to bridge everyday psychological
concepts (like color perception) with neural implementation (specialized brain areas), creating an
intuitively satisfying sense of understanding [4]. However, as we will show, this intuitive mapping
between psychological concepts and brain regions may be precisely what prevents us from de-
veloping more accurate models of visual processing. Indeed, this type of mapping between psy-
chological concepts and neural implementation exemplifies what Wittgenstein called a ‘picture
holding us captive’ — where an appealing framework constrains our thinking and investigation
[5]. The evidence we present suggests this framework fundamentally misrepresents the relation-
ship between different levels of explanation while constraining research approaches and interpre-
tation of findings. We argue that rather than processing isolated features that must later be bound
together, the visual system is organized around naturally co-occurring patterns of information that
predict behaviorally relevant outcomes [6,7].

The constraining influence of this modular framework becomes particularly clear in how visual
neuroscience has approached its fundamental challenges. When viewing multiple objects si-
multaneously — say, a red car and a blue bicycle — how does the brain ensure that redness
gets bound to the car and blueness to the bicycle? This seemingly simple perceptual achieve-
ment posed a profound computational challenge within the modular framework. This chal-
lenge, known as the binding problem (see Glossary; Box 1), emerges directly from the
framework’s assumption that features like color and motion are processed separately and
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Highlights

Modern neurophysiological and neuro-
imaging studies reveal that visual neu-
rons and brain regions consistently
respond to multiple features simulta-
neously, challenging traditional modular
processing views.

Large-scale lesion studies have failed to
find predicted relationships between
specific visual deficits and damage to
supposedly specialized brain regions.

Detailed examination of classic ‘pure’ le-
sion cases reveals co-occurring deficits
were typical but overlooked, suggesting
truly selective visual impairments may
not exist.

Deep neural networks successfully pro-
cess visual information without solving
the classical binding problem, suggest-
ing natural vision may not require explicit
feature binding mechanisms.

Natural scene statistics research reveals
robust correlations between visual fea-
tures traditionally treated as indepen-
dent, indicating the visual system
exploits inherent statistical regularities.
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Box 1. The property binding problem: theoretical frameworks

The property binding problem asks how unified perceptual experiences emerge from separately processed visual features.
When viewing multiple objects simultaneously (like a red circle and blue square), how does the brain correctly associate
features processed in distinct neural populations to avoid ‘illusory conjunctions’ where features combine incorrectly? This
challenge has driven decades of theoretical development, with each framework making distinct predictions about neural
mechanisms and behavior.

Feature integration theory, later expanded into guided search theory [50,52], provided the first comprehensive solu-
tion in the 1980s, proposing that early vision processes basic properties in parallel, creating activation maps of feature dis-
tributions. When viewing multiple objects, focused attention acts as a ‘spotlight’ that selectively enhances and combines
features at specific locations, preventing incorrect combinations. This framework predicted, and experiments confirmed,
that binding errors increase under divided attention and that feature integration requires sequential attention shifts when
viewing multiple objects.

The temporal synchrony framework [80,81] emerged in the 1990s, proposing that features belonging to the same ob-
ject become bound through synchronized neural firing at gamma frequencies (30-70 Hz). When viewing multiple objects,
neurons representing features of one object would fire in synchrony while remaining desynchronized from neurons repre-
senting other objects. This framework predicted enhanced gamma synchrony between neurons processing features of
the same object. However, recent empirical evidence has largely refuted this mechanism [82]. Gamma synchrony proves
too weak to bind neurons across different brain regions or even between neurons separated by more than a few milime-
ters within the same area. Moreover, cortical neurons integrate inputs equally well whether they arrive synchronously or are
dispersed across time intervals up to 100 ms.

Binding by enhanced firing rates [63] developed from studies of attention and neural response modulation, showing
that features become bound through selective enhancement of neural activity. When attention selects an object, neurons
representing its various features across different brain regions simultaneously increase their firing rates. This enhancement
propagates through feedback connections from higher to lower areas and through horizontal connections within areas,
creating a flexible assembly of co-active neurons. This framework correctly predicts that attending to one feature of an ob-
ject automatically enhances processing of its other features, and that binding occurs sequentially for one object at a time.

Convergence theory [47] proposed a complementary mechanism where binding occurs through hierarchical integra-
tion, with higher-level neurons acting as ‘conjunction detectors’ for specific feature combinations. While this provides a
straightforward mechanism for commonly encountered feature combinations, it faces a combinatorial explosion challenge.
However, it successfully predicts faster binding of familiar feature combinations and explains how the visual system rapidly
processes common object configurations without requiring attention.

These frameworks have evolved from viewing binding as a problem of combining separately processed features to recog-
nizing it as part of the broader question of how the brain processes naturally structured visual information. Each approach
offers insights but also faces limitations. More fundamentally, as this review argues, these frameworks all share an under-
lying assumption: that visual features are processed separately and must subsequently be bound together. While
questioning strict feature segregation may simplify some aspects of binding, the fundamental challenge remains: how
does the visual system create coherent perceptual experiences from distributed neural representations? As evidence
mounts against strict functional segregation, we may need to reconsider not just how binding occurs, but whether the
binding problem itself emerges from our theoretical frameworks rather than reflecting a fundamental computational chal-
lenge for biological vision.

must later be recombined. The apparent need to solve this binding problem has profoundly
shaped experimental paradigms, theoretical frameworks, and our understanding of visual
CONSCiousness.

The modular framework gained its authority from its apparent ability to explain multiple converg-
ing lines of evidence: single-unit recordings in primates revealed neurons in area MT/V5 selective
for motion direction and neurons in V4 responding to color [8,9], neuroimaging studies identified
analogous specialized regions in humans [10,11], and brain lesions seemed to cause selective
impairments in specific visual functions [12—14]. These findings led to the influential ‘segregated
processing streams’ hypothesis [3,15], which proposed that motion, shape, and color signals
are processed in distinct, spatially organized cortical maps before feeding into two major path-
ways: a dorsal ‘where/how’ pathway specialized for spatial vision and action, and a ventral
‘what’ pathway dedicated to object recognition [16].
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Glossary

Achromatopsia: a condition
characterized by complete color
blindness, typically due to brain damage
rather than retinal defects. Historically
considered a ‘pure’ deficit of color
perception but often accompanied by
other visual impairments.

Akinetopsia: a neurological condition
where patients cannot perceive visual
motion, while other aspects of vision
remain relatively intact. First described in
patient L.M. following bilateral damage
to area MT/V5.

Binding problem: the theoretical
challenge of how the brain combines
different visual features (like color, shape,
and motion) processed in separate brain
regions into unified percepts of objects.
Convergence theory: this theory
proposed a complementary mechanism
to the temporal synchrony framework
suggesting that binding occurs through
hierarchical integration, with higher-level
neurons acting as ‘conjunction
detectors’ for specific feature
combinations predicting faster binding
of familiar feature combinations.

Deep neural networks (DNNs):
artificial neural networks with multiple
processing layers that learn hierarchical
representations of visual information,
often used as models of biological vision.
Feature integration: the process by
which separate visual features are
combined into coherent object
percepts. Traditionally thought to require
attention and sequential processing.
Feature integration theory: this
theoretical proposal suggests that when
we perceive a stimulus, the different
features are registered early,
automatically, and in parallel, and
subsequently integrated into objects that
are identified.

Guided search theory: this theoretical
proposal ensued the feature integration
theory, proposing that early vision
processes basic properties in parallel,
creating activation maps of feature
distributions and focused attention is
required for integration.

MT/V5: a region of visual cortex
traditionally considered specialized for
motion processing, located in the middle
temporal area. Named MT in monkeys
and V5 in humans.

Natural scene statistics: statistical
regularities and feature correlations

that occur in natural visual environments,
as opposed to artificial experimental
stimuli.
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However, as our experimental and analytical tools have become more sophisticated,
evidence has emerged that challenges this framework’s fundamental assumptions. Modern
neurophysiological and neuroimaging studies consistently reveal that visual neurons and
brain regions respond to multiple features simultaneously. Large-scale lesion studies have
failed to find reliable relationships between specific visual deficits and damage to supposedly
specialized regions. Perhaps most tellingly, artificial neural networks achieve robust visual
processing without ever separating and rebinding features, suggesting that the binding
problem itself may reflect limitations in our theoretical framework rather than a fundamental
challenge for biological vision.

This evidence points to the need for a new framework — one that better captures how the brain
actually processes visual information. We propose that the visual system is organized around nat-
urally co-occurring patterns of information rather than processing features in isolation. This frame-
work not only better explains recent empirical findings but also aligns with the brain’s fundamental
role in guiding behavior through complex natural environments (Figure 1).

In this review, we examine this evidence through five critical lenses. First, modern recording
techniques reveal distributed and interactive processing across visual areas, challenging the
notion of specialized processing modules [17-19]. Second, advanced neuroimaging
methods demonstrate how visual regions respond to multiple features simultaneously rather
than showing strict specialization [20-23]. Third, historical neuropsychological studies, when
carefully reexamined, challenge the notion of selective deficits [24-27]. Fourth, our recent
comprehensive population lesion study finds no reliable mapping between specific visual
deficits and damage to supposedly specialized regions [28]. Finally, insights from artificial
neural networks suggest alternative organizational principles that achieve robust visual pro-
cessing without feature segregation [29-31]. Through this analysis, we demonstrate how
moving beyond the modular framework opens new ways of understanding the relationship
between brain organization and visual experience. More broadly, this reconceptualization
provides a novel approach to bridging the gap between psychological concepts and their
neural implementation.

Trends In Cognltive Sclences

Figure 1. Classical modular versus natural co-occurrence models of visual processing. (A) The classical modular
framework posits that distinct visual features (motion, shape, and color) are processed in parallel specialized brain regions
before being integrated through a binding mechanism to form coherent percepts. This model necessitates solving the
binding problem. (B) Our proposed natural co-occurrence framework suggests cortical organization emerges from
statistical regularities in visual input combined with computational efficiency constraints. Visual areas develop sensitivity to
constellations of co-occurring features rather than isolated properties, with anatomical clustering of neurons that process similar
information patterns. This organization minimizes wiring costs while optimizing behavioral relevance. EC, early visual cortex.
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Optic ataxia: a condition where
patients have difficulty reaching for
objects under visual guidance, typically
associated with dorsal stream damage.
Temporal synchrony framework:
this theoretical proposal is based on the
feature integration and guided search
theories and suggests that features
belonging to the same object become
bound through synchronized neural
firing at gamma frequencies (30-70 Hz).
V4: a visual area traditionally associated
with color processing, though modern
evidence shows it processes multiple
features simultaneously.

Visual agnosia: a neurological
condition characterized by impaired
object recognition despite intact basic
visual processing, historically used to
support modular theories of vision.
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Evidence against strict functional segregation

In this section we will review findings from electrophysiology, neuroimaging, neuropsychology,
and from a recent study from our lab. Together these findings fundamentally challenge the simple
one-area-one-function framework and suggest instead that distributed, multi-feature processing
is the fundamental operating principle of the visual cortex.

Electrophysiology

The interpretation of single-unit recordings in primates initially appeared to support strong func-
tional specialization in the visual cortex. Early studies revealed direction-selective neurons con-
centrated in area MT/V5 and wavelength-sensitive neurons clustered in V4, suggesting a clear
mapping between cortical areas and specific visual functions. This apparent segregation reflects
both methodological biases and theoretical preconceptions about modular organization. When
investigating particular response properties in specific areas, results confirmed expectations —
yet systematic testing for other properties rarely occurred [17]. Striking demonstrations of distrib-
uted, multi-feature processing emerged from optical imaging in ferret visual cortex [18]. Rather
than examining single features in isolation, this approach systematically varied multiple stimulus
parameters simultaneously — orientation, length, motion axis, and speed. Results revealed that
the same neural populations could be activated by different combinations of these features. For
instance, neurons traditionally classified as ‘orientation-selective’ also respond to specific combi-
nations of motion direction and speed.

Recent large-scale population recordings have provided even stronger evidence for this distrib-
uted processing view. High-density recordings monitoring thousands of neurons across the
mouse visual cortex revealed inherently high-dimensional neural activity patterns [19]. Individual
neurons participated in multiple feature representations simultaneously, while even spontaneous
behaviors modulated visual responses across the entire visual hierarchy. These findings
demonstrate that the visual cortex operates as an integrated network rather than a collection of
specialized modules.

Neuroimaging

Early functional MRI and positron emission tomography (PET) studies appeared to provide strong
support for the modular organization of visual cortex, identifying distinct regions specialized for
processing specific features: V1 for orientation and spatial frequency, V4 or V8 for color, and
MT/V5 for motion [10,11]. However, this apparent confirmation of functional segregation may
have reflected methodological limitations rather than underlying neural reality — early imaging pro-
tocols typically mapped single features while averaging across others, potentially obscuring the
multidimensional nature of neural responses [32].

Studies that examined combinations of features revealed a more complex picture of feature pro-
cessing in the visual cortex. Ventral occipital cortex responds strongly to the complete color spec-
trum, but predominantly at low temporal frequencies [20]. In contrast, areas V3A and V5 showed
weak responses to blue-yellow modulations but strong activation to both luminance and red-
green alterations across temporal frequencies. Similar observations have reported demonstrating
that (i) area V3B/KO integrates motion and form cues for heading perception rather than simply
responding to them separately [21], (ii) the visual experience of viewing natural movies can be re-
constructed from brain activity patterns across multiple visual areas indicating that rich feature in-
formation is present throughout the visual hierarchy [22], and (iii) that there is a gradient of
representational complexity across the ventral stream where visual features are processed in
an increasingly abstract manner with each visual area processing multiple features simulta-
neously, rather than being segregated into distinct modules [23].

508 Trends in Cognitive Sciences, June 2025, Vol. 29, No. 6
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Together these findings show that, rather than being strictly segregated, both color and motion
information are processed across multiple visual areas, with each region showing different com-
binations of sensitivity to a wide range of features.

Neuropsychological studies

The search for selective deficits in visual perception has a long history in neuropsychology, from
Hughlings Jackson'’s first description of visual agnosia in 1876 through to modern case studies.
Early work by Lissauer [33] and others established a framework for understanding visual disor-
ders through careful documentation of selective impairments, laying important groundwork for
the concept of functional specialization in visual processing and the notion of mapping cognitive
functions to brain areas [4,34].

Several influential case studies have profoundly shaped theories of modular visual processing and
are frequently cited as evidence for modular organization of visual functions [35,36]. Patient L.M.,
who suffered bilateral posterior strokes affecting area MT, is often presented as the clearest ex-
ample of selective motion blindness or akinetopsia [13]. Initial reports emphasized her intact
basic visual functions (visual fields, acuity, contrast sensitivity, color perception) alongside a spe-
cific motion perception deficit. Similarly, patient M.S. has been widely cited as a quintessential
case of pure color blindness or achromatopsia [37,38]. Early studies highlighted his selective
color perception impairment while other visual abilities seemed preserved. Most famously, patient
D.F. was a key case used for arguing for the dual visual streams hypothesis. She showed pre-
served visuomotor control despite visual form agnosia after ventral stream damage. Her dissoci-
ation between impaired shape recognition but spared action was seen as evidence for separate
perception (ventral) and action (dorsal) pathways, especially compared to optic ataxia patients
showing the opposite pattern [16,39].

However, detailed examination of these cases reveals a more complex picture that challenges
this modular interpretation. L.M.’s impairment was not absolute — she could detect slower veloc-
ities and perceive biological motion. Crucially, she also showed deficits in perceiving 2D shapes
defined by non-motion cues and in copying complex figures [24]. In fact, there was a substantial
body of arguing that there can be no double dissociation between visual agnosia and optic ataxia
[40-44] that was largely ignored. Similarly, M.S. also exhibited significant object agnosia,
prosopagnosia, and texture discrimination deficits [45]. A meta-analysis confirmed that co-
occurring deficits are actually typical in achromatopsia [27]. Finally, recent testing revealed that
D.F. shows optic ataxia symptoms, with impaired peripheral reaching and online movement cor-
rection, following the typical pattern of increasing errors with target eccentricity [46].

It is also noted that early lesion studies in animals often neglected the fact that other visual func-
tions were also disrupted, such as a classic study [12] that focused on the detrimental effect on
motion perception after an MT lesion while the milder effect on contrast sensitivity was barely
mentioned. These cases illustrate a broader pattern in human and animal neuropsychology: the
tendency to interpret complex patterns of impairment through the lens of theoretical frameworks
that emphasize modularity and functional segregation.

Population lesion study

We recently conducted a large-scale study of ischemic stroke patients [28] that has provided an-
other empirical challenge for the functional segregation model of visual processing and the idea of
one-to-one mapping of features/function on the brain. This comprehensive investigation included
over 300 stroke patients, making it the largest systematic study of visual deficits following brain
damage ever conducted. Sophisticated methodologies including atlas-based lesion-symptom
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mapping and disconnectome analyses were used to examine the relationship between
brain damage and visual processing with unprecedented precision. The study assessed eight
fundamental visual features through carefully designed psychophysical tasks: color, shape,
contrast, location, orientation, glossiness, coherent motion, and texture. Each feature was tested
using gaze-contingent stimulus presentation to ensure precise control over retinal stimulation and
separate assessment of each visual hemifield. This methodological rigor allowed us to overcome
traditional confounds in lesion studies, such as compensatory eye movements or attentional
biases.

Despite the study's substantial statistical power and methodological sophistication, we found no
consistent relationships between impairments in these visual features and damage to specific
brain regions. This included the absence of predicted associations between color processing
and V4, or motion processing and MT/V5 - relationships that have been cornerstones of the
modular view of visual processing. The comprehensiveness of the null findings is particularly strik-
ing given the study’s ability to detect other predicted effects: they successfully replicated well-
established relationships between contralesional damage in early visual areas (V1, V2) and visual
field defects, validating their methodological approach. Even when employing advanced
tractography methods to examine disconnection patterns in white matter pathways, we found
minimal evidence for specialized processing streams. This suggests that the absence of
feature-specific effects cannot be explained by indirect effects of disconnection between special-
ized modules.

These findings raise a fundamental question: if the visual system does not operate through dis-
crete feature-specific modules, how can it achieve efficient processing while avoiding the compu-
tational challenges traditionally thought to necessitate modular organization? Insights into this
question can be found by examining artificial vision systems that successfully process complex
visual information without relying on explicit feature segregation.

Binding in DNNs

Deep neural networks (DNNs, see Box 2) do not suffer from the binding problem because they
never artificially separate features that would later need to be rebound. DNNs process visual in-
formation holistically through hierarchical layers where features remain inherently connected
throughout processing. Within early layers, units respond to local shapes and colors, while in
higher layers, units become selective for more complex features like shapes with different colors
[29]. Importantly, despite earlier theoretical concerns, this hierarchical processing does not lead
to the feared combinatorial explosion of having to represent every possible combination of fea-
tures separately. This efficiency likely emerges because the natural structure in visual data con-
strains the space of feature combinations that need to be represented [30].

Hierarchical feedforward architectures can avoid binding problems altogether. Models built on
gradually increasing feature complexity achieve robust object recognition without requiring ex-
plicit feature binding mechanisms [47]. However, these early hierarchical models were still rela-
tively simplified approximations of the visual system, with limited ability to handle occlusion,
viewpoint variation, and contextual integration that characterize real-world vision. The tethered
nature of DNN representations, while limiting their flexibility, naturally prevents binding problems
from arising. Since information about an object’s various properties remains linked through net-
work connections, there is no need to solve the computational challenge of determining which
features belong together [31]. This does not mean no structure emerges in networks. The degree
to which units, with different sensitivities, are shared or segregated in DNNs within layers depends
on the training objectives and the correlation structure of the input and the task [48].

510 Trends in Cognitive Sciences, June 2025, Vol. 29, No. 6
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Box 2. Deep neural networks (DNNs) bridge localist and holistic processing

The relationship between neural structure and cognitive function has been a central question in neuroscience since its in-
ception. Two dominant frameworks have historically shaped our understanding of this relationship: localizationism and ho-
listic processing. The localizationist perspective suggests that specific cognitive functions map onto discrete brain regions,
an idea that found powerful support in early neuroimaging studies revealing apparently specialized areas for processing
specific visual features such as motion (MT/V5) and color (V4) [4]. In contrast, the holistic perspective argues that cognitive
functions emerge from patterns of activity across broad neural networks, supported by discoveries of widespread feature
representation throughout visual cortex and the observation that even apparently specialized regions show mixed selec-
tivity for multiple features [32].

Architectural organization of DNNs

DNNs provide a compelling computational framework that transcends this traditional dichotomy. Their architecture is fun-
damentally hierarchical, with each processing stage building upon the previous one [83,84]. Early layers extract basic
visual features directly related to the input, such as edges and simple patterns. Middle layers learn to represent recurring
patterns that appear frequently in the visual environment. Later layers develop increasingly abstract representations that
are relevant to the network’s tasks. Importantly, this hierarchical organization maintains continuous connectivity between
features across processing stages, allowing information to flow and combine in flexible ways [23,29].

Emergent properties and biological parallels

The properties that emerge from this architecture offer important insights into how biological vision might work. Through ex-
posure to natural images, these networks automatically learn to capture statistical regularities and feature co-occurrences in
the environment, much like the human visual system [60]. They achieve this while maintaining remarkable efficiency in their
representations, leveraging the inherent constraints and structure present in natural visual input [85]. Individual units within
the network typically respond to multiple features simultaneously, mirroring the mixed selectivity observed in biological neu-
rons. Perhaps most importantly, the network’s organization becomes structured around computational demands — different
processing pathways emerge based on task requirements rather than being strictly predetermined.

Implications for understanding biological vision

This computational framework reveals how specialized processing can emerge naturally from distributed representations
through statistical learning and task constraints, without requiring either strict localization or pure holistic processing [30].
The resulting architecture allows features to remain linked throughout processing rather than being artificially separated
and later rebound, while developing structured representations that adaptively balance environmental regularities with be-
havioral demands, creating an organizational principle that bridges world statistics and task requirements [48].

However, this same characteristic that helps DNNs avoid the binding problem also creates impor-
tant limitations — they remain fundamentally tied to the immediate sensory input, making them un-
able to maintain stable object representations across occlusions, viewpoint changes, or temporal
gaps [31]. Unlike humans, they lack the ability to build persistent object representations that can
survive interruptions in sensory evidence and be updated flexibly based on new information [49].

Binding in natural versus artificial contexts

Visual binding research has been shaped by experimental paradigms using artificial stimuli with
arbitrary feature combinations, such as identifying a red cross among blue crosses and red
‘T’'s [50,51]. These experiments appeared to establish a fundamental truth about visual process-
ing: detecting feature combinations (like a red cross) requires more time and attention than de-
tecting single features (like color or shape alone) [52,53]. While some studies suggested the
possibility of ultra-rapid binding [54], closer examination revealed this apparent speed relied on
temporal integration across multiple presentations rather than true rapid binding [55].

However, a critical examination of this research reveals a circular logic: the experimental para-
digms presuppose that features like color, shape, and motion exist as separate entities that
must be bound together — an assumption embedded in both methodology and theoretical frame-
work. The strongest evidence for this critique comes from illusory conjunctions, where observers
incorrectly combine features from different objects [50]. For instance, when briefly shown a red
circle and blue square, observers might report seeing a blue circle — a binding error that reveals
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the artificial nature of the task. Rather than demonstrating the need to solve a binding problem,
these errors may actually reveal the consequences of violating natural feature co-occurrences.
Such binding errors emerge primarily when viewing briefly presented arrays of arbitrarily com-
bined features, precisely because these conditions disrupt the statistical regularities and contex-
tual constraints that normally guide visual processing [6,7,30,47].

In natural vision, features do not exist as free-floating properties that must be correctly combined,
but rather as elements of structured objects whose properties covary in predictable ways. For ex-
ample, in natural scenes, vertical orientations frequently co-occur with specific lighting gradients
due to the physics of light falling on standing objects, while certain colors reliably co-occur with
specific textures in biological objects like fruits and leaves [6]. These natural regularities provide
inherent constraints that the visual system can exploit. As Neisser [56] argued, artificial experi-
mental paradigms fundamentally fail to capture how perception operates in ecological contexts.
Natural scenes can be processed remarkably quickly, with object detection occurring within ap-
proximately 100 ms through primarily feedforward processing [30,57]. For commmon objects, sim-
ple or ‘base’ groupings are readily available, and features exhibit inherent statistical relationships
that constrain possible bindings. Additional recurrent processing becomes necessary primarily
for more complex perceptual tasks — such as figure-ground segregation, resolving occlusion,
or fine discriminations [58,59]. Natural scene statistics research provides strong support for
this view, revealing robust correlations between features that traditional binding experiments
treat as independent [6,7]. These insights from natural scene processing suggest we might
need to reconsider how the visual system processes and integrates information, moving from a
framework of explicit feature binding to one of natural feature co-occurrence processing.

Natural co-occurrence and neural mechanisms

The visual cortex’s organization reflects how the brain capitalizes on these natural regularities:
rather than being a collection of specialized modules that must solve the binding problem, it rep-
resents naturally co-occurring, task-relevant patterns of environmental information shaped by
both anatomical constraints and environmental statistics [60]. This principle manifests at multiple
levels of visual processing, from basic anatomy to complex neural dynamics, and explains how
the brain achieves efficient visual processing without requiring explicit binding mechanisms.

The hierarchical nature of this organization first emerges in the retina, where magnocellular and
parvocellular pathways establish distinct but complementary information channels, characterized
by different processing speeds and spatial resolutions [61]. This complementary processing is ev-
ident in everyday vision: while magnocellular pathways might rapidly detect a moving object in
your peripheral vision, parvocellular pathways then provide the detailed information needed to
identify it once you direct your attention there [62]. This basic anatomical organization operates
within a broader architecture of feedforward and feedback connections. While feedforward con-
nections rapidly extract patterns of co-occurring features, feedback projections allow higher-level
representations to modulate incoming sensory information based on learned statistical regulari-
ties and current behavioral goals [57,63]. These feedback connections not only help resolve am-
biguities but also explain how the brain can flexibly process feature combinations without
requiring a dedicated binding mechanism [63].

Rather than being truly specialized, brain regions develop heightened sensitivity to specific constel-
lations of co-occurring features [64]. This organization emerges through development [65,66] and
is shaped by three key factors. First, environmental statistics naturally lead certain features to con-
sistently co-occur [6]. Second, local connectivity limitations — the fact that neurons can only directly
connect to nearby neighbors — create pressure for similar computations to be physically grouped

512  Trends in Cognitive Sciences, June 2025, Vol. 29, No. 6



Trends in Cognitive Sciences

together [67]. Third, computational efficiency drives the grouping of similar operations, much like
how cities develop specialized districts to minimize transportation costs. The brain’s organization
reflects similar efficiency principles: related functions cluster together to minimize the metabolic
and wiring costs of neural communication [68,69]. Recent work shows that these constraints nat-
urally produce topographic organization (nearby neurons processing similar features) while main-
taining high performance [70]. For instance, while color and orientation processing may show
anatomical segregation [7 1], this organization reflects the brain optimizing its limited connectivity re-
sources rather than a fundamental need to process these features separately.

This efficient anatomical organization supports dynamic neural processing through enhanced fir-
ing rates that propagate across brain regions via feedback and horizontal connections [57,63].
These connections enable flexible assemblies of co-active neurons to represent behaviorally rel-
evant feature combinations. For instance, when viewing a red apple, neurons responding to the
fruit’s characteristic round shape, red coloration, and smooth texture fire together naturally due to
their frequent co-occurrence in experience, rather than requiring a separate binding mechanism
to associate these features. The statistical structure of natural input constrains which feature
combinations need to be represented, while attention can selectively enhance neural activity
when processing novel or complex combinations. From this perspective it becomes possible
to explain both the efficiency of visual processing for common feature combinations and why
we might need additional processing for unusual ones.

This framework of anatomically constrained co-occurrence processing resolves several apparent
contradictions in the experimental literature. Studies using isolated features tend to find evidence
for specialization [72,73], while natural vision studies reveal more distributed processing [74].
These findings reflect how our visual system optimizes for processing naturally co-occurring, be-
haviorally relevant information rather than arbitrary feature combinations, with its organization
emerging from the interplay between anatomical constraints and environmental statistics. This or-
ganization explains why we can rapidly recognize naturally occurring objects and scenes, while
artificial laboratory tasks often reveal limitations that rarely manifest in everyday vision.

Concluding remarks

The traditional view of parallel processing streams faces several empirical challenges. Modern
neurophysiological and neuroimaging studies consistently show neurons and brain regions
responding to multiple features simultaneously [17,20,75]. Lesion studies have failed to find
purely selective deficits [24,27,38,45,46], and our large-scale lesion study found no consistent re-
lationships between specific visual deficits and damage to supposedly specialized regions [28].
We propose that visual cortex organization reflects natural feature co-occurrences and behavioral
relevance rather than isolated feature processing.

This reconceptualization of visual processing has implications beyond understanding vision itself.
Bennett and Hacker’s analysis of neuroscience’s philosophical foundations [1] highlights how
frameworks are essential for bridging different levels of explanation — in our case, connecting vi-
sual experience with neural implementation. However, they also warn against conflating these
levels, such as when we attribute to specific brain areas properties that only make sense for
the whole visual system. Our evidence suggests that the modular framework, while historically
productive, may have led to exactly this type of conflation: treating brain areas as independent
processors of psychological properties like ‘color’ or ‘motion’.

The alternative framework we propose — organizing principles built around natural co-
occurrences and behavioral relevance — better respects the relationship between psychological
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Outstanding questions

How do visual areas develop their
apparent  specialization  during
development — is it driven by the sta-
tistical structure of natural visual
input, behavioral relevance, anatomi-
cal constraints, or some combination
of these factors?

What computational  principles
explain why deep neural networks
avoid combinatorial explosion when
processing feature combinations,
while still maintaining the flexibility to
generalize to novel situations?

If visual processing is organized
around naturally co-occurring feature
constellations rather than isolated fea-
tures, how does the brain maintain sta-
ble object representations across
changes in viewpoint and interruptions
in sensory input?

How can we better design
experimental paradigms that capture
the complexity of natural vision while
maintaining scientific rigor? What
methodological innovations might
help bridge the gap between studying
isolated features and understanding
integrated visual processing?

If specialized visual deficits following
brain damage are actually rare, what
explains the apparent clustering of
certain impairments with particular
lesion locations reported in earlier
case studies?

What role do attention and task
demands play in modulating how co-
occurring visual features are proc-
essed? How flexible is the visual system
in emphasizing different feature relation-
ships based on behavioral context?

How does early visual experience
shape the development of feature
co-occurrence  processing?  Are
there critical periods for establishing
these representations?

This revised list maintains focus on key
theoretical and empirical challenges
while avoiding redundancy and
keeping questions clear and concise.
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and neural levels of explanation. It explains why neural populations process multiple features si-
multaneously [17-19], accounts for the distributed nature of visual representations [22,23], and
aligns with the brain’s role in guiding behavior [76,77]. This perspective also explains why artificial
feature isolation may create artificial processing demands that do not reflect natural vision [78,79].

The success of DNNs in avoiding binding through architecture, while not suffering from a combi-
natorial explosion [30,31,48], points toward how we might move forward. Rather than asking
how features are bound, research should focus on how the visual system exploits statistical reg-
ularities in natural scenes while maintaining flexible object representations [6,60]. In doing so, we
might free ourselves from the ‘picture holding us captive’ [5] and develop frameworks that better

capture how the brain actually processes visual information (see Outstanding questions).
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