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Categorization is ‘baked’ 
into the brain
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Abstract

Categorization, the grouping of objects, living organisms, actions 
or events into equivalence clusters, is fundamental to adaptive 
behaviour. Traditionally, it is assumed that categorization begins with 
feature detection and ends with assigning representations stored in 
memory. Here we review converging evidence from neuroanatomy, 
electrophysiology, brain imaging and cognitive science to suggest  
an alternative view: categorization is not the end stage of perception 
but occurs throughout signal processing, from the very beginning.  
It is a core computational strategy of the brain, implemented through 
a neural context created by predictive feedback signals that organize 
feedforward processing. Implications for theory, future research and 
neuropsychiatric disorders are discussed.
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and, in the long run, improves health and the chances of reproductive 
success. The central nervous system of vertebrates has long been 
viewed as a system for compressing sensory signals6,12–14 into more 
efficient, stable and relevant signals of lower dimensionality (for 
example, refs. 15–24). The brain’s signal compression is lossy, mean-
ing that high-dimensional details are not retained; when remembered 
later, they must be inferred. A substantial degree of compression takes 
place in the cerebral cortex itself, whose cytoarchitecture suggests that 
transforming the dimensionality of signals is intrinsic to its function.

A cortical architecture for dimensionality reduction
The morphology and structural arrangement of pyramidal neurons 
in the cerebral cortex, particularly in the superficial cortical layers, 
naturally form a dimensionality reduction gradient that runs from 
primary visual, auditory and somatosensory cortices (V1, A1 and S1, 
respectively) to multimodal (or heteromodal) limbic areas (depicted 
in Fig. 1a; for more detail and additional references, see refs. 25–27). We 
use the word ‘limbic’ in its original anatomical meaning, outlined by 
Broca, to denote the cortical areas that ring subcortical nuclei. Cortical 
limbic areas have monosynaptic connections to the subcortical nuclei 
that maintain allostasis and regulate metabolism via their control of 
the viscera and tissues of the body (for example, see refs. 28–31 and 
references therein).

Starting at the sensory edge of the gradient, pyramidal neurons 
gradually increase in size and decrease in density, forming a many-to-
fewer gradient (Fig. 1b; also see ref. 32); correspondingly, there is a 
progressive increase in connectivity and in the diameter and myelina-
tion of pyramidal axons27,33,34. Consequently, high-dimensional signals 
arriving at V1, A1 and S1 are successively compressed into increasingly 
efficient, stable and relevant signals of lower dimensionality as they 
flow towards the limbic edge. Signals flow from many small, sparsely 
connected pyramidal neurons that map the receptive fields of the ret-
ina, cochlea and other sensory surfaces to fewer but increasingly large 
and more densely connected pyramidal neurons. They eventually arrive 
at the limbic edge, which contains some of the largest and most densely 
connected pyramidal cells in the cerebral cortex, including subgenual 
and pregenual sectors of the anterior cingulate cortex, posterior orbito-
frontal cortex, ventral anterior insular cortex and medial entorhinal 
cortex. Importantly, several limbic cortices are also a member of the 
brain’s ‘rich club’35 and function as a communication backbone that 
synchronizes signalling throughout the brain36.

The many-to-fewer gradient of pyramidal neurons in the cerebral 
cortex is loosely coordinated with changes in the pattern of thalamo-
cortical projections (Box 1). Most relevant here is the observed varia-
tion in the number and segregation of stellate or granule cells, which 
receive inputs from the thalamus, referred to as variation in cortical 
granularity. Structurally, limbic cortical regions are called agranular 
(or periallocortical) in their architecture, because their granule cells 
are not segregated into a well-defined layer 4 (or granular layer). Vari-
ations in cortical granularity, when combined with the topography of 
the pyramidal cells in layers 2 and 3, describe the degree of cortical 
lamination34,37,38. Feedforward signals flow from areas of more devel-
oped to less developed cortical lamination, whereas feedback signals 
flow in the other direction. Limbic cortices are the least laminated parts 
of the cerebral cortex, whereas V1, A1 and S1 have the most developed 
lamination, a point that we return to shortly when we discuss predictive 
category construction.

Further compression of feedforward signals occurs as they proceed 
from entorhinal cortex to the hippocampus (for example, refs. 39,40), 

Introduction
A category is a group of objects, living organisms, actions or events 
that are similar enough to be treated as equivalent for some purpose or 
function. Categorization, the process of treating something as equiva-
lent to something else, is fundamental to life. The ability to determine 
‘this is like that’ allows animals to draw on past experiences to guide 
present actions. All animals categorize, generalizing from past experi-
ences at temporal and spatial scales relevant to their biology and eco-
logical niche. Categorization reduces metabolic costs by minimizing 
uncertainty in a constantly changing, partially predictable world.

In this Perspective, we discuss the possibility that categorization 
is not the pinnacle of brain processing, as is traditionally assumed. 
Instead, categorization is a fundamental operating principle that 
describes the functional consequences of signal processing through-
out the brain. We integrate evidence from neuroanatomy, electrophysi-
ology, brain imaging and cognitive science to suggest that category 
construction begins as patterns of predictive feedback signals for 
abstract motor plans. Feedback signals create a neural context that 
actively shapes the processing of feedforward sensory signals, organ-
izing the reduction of their dimensionality to serve situated, functional 
goals. In this view, the brain categorizes sensory signals from the outset, 
rather than as a final-stage process following sensation, attention and 
perception.

We begin with a review of the main cytoarchitectural gradient 
that reduces the dimensionality of feedforward sensory inputs to the 
cerebral cortex. We then discuss the seemingly counterintuitive idea 
that reverse signal flow along this gradient expands dimensionality 
to generate prediction signals that shape the processing of and ulti-
mately categorize those inputs to give them meaning. This universal 
continuous category construction starts at the limbic core of the brain, 
in areas that are at the core of the brain’s regulation of the body, and 
supports metabolic efficiency by anticipating and preparing for energy 
needs before they arise, a condition known as allostasis1,2. In this way, 
continuous category construction and the resulting categorization 
satisfy a key biological constraint, energy optimization, which is an 
organizing principle of life and evolution2–4.

The brain compresses sensory signals
A brain is a signal processor. It receives a wide array of signals from 
the sensory surfaces in the body, such as signals from the rods and 
cones of each retina, olfactory receptors embedded in the epithelium 
of each nasal cavity, glucose monitors in the intestines and muscle 
fibres, oxygen sensors in the carotid arteries and airways of the lungs, 
thermoreceptors in neurons and so on. With its own intrinsic signals, 
a brain continually transforms these incoming signals of very high 
dimensionality (many small, specific details) into fewer signals of lower 
dimensionality, a type of signal processing called signal compression. 
Redundancies (correlations in time and space) are reduced. Signal 
duration and intensity are modulated. Stochastic noise is reduced so 
that fewer dimensions have the same, or more, informational value. 
Noise can also be enhanced (for example, to sharpen faint or salient sen-
sory signals, facilitate sensory discrimination and selection, improve 
motor control, and perhaps even improve control and coordination of 
the body; for example, refs. 5–10). Noise may also enable generative 
modelling of past states to construct compressed ensembles that could 
become possible future states11.

In engineered systems, compression increases signal quality while 
decreasing processing cost. In a living animal, any immediate reduc-
tion in metabolic burden is a saving that can be invested elsewhere 
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which is cortical (specifically, allocortical) in structure. Compression also 
occurs within the hippocampus itself, both along the transverse axis from 
the dentate through the CA fields to the subiculum and along the lon-
gitudinal axis from posterior to anterior (here we use the hippocampal 

terminology for a macaque brain; in a rodent brain, the longitudinal 
hippocampal gradient runs from dorsal to ventral).

Sensory signals for olfaction, gustation and interoception undergo 
more substantial compression before they reach their primary sensory 
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Fig. 1 | The limbic-to-sensory cytoarchitectural gradient of the cerebral 
cortex. a, A schematic depiction of the main cytoarchitectural gradient of 
pyramidal cells in layers 2 and 3 of the mammalian cerebral cortex, shown as 
concentric rows of coloured circles. Not all areas and connections are depicted. 
The primary sensory areas for distance senses (somatosensory, auditory and 
visual) are depicted as small yellow circles; these areas correspond to high-
dimensional, concrete features. Areas that make up the limbic core of the 
cortex are depicted in violet and correspond to lower-dimensional, multimodal 
compressed summaries. Across this gradient, running from the limbic cortex to 
primary somatosensory cortex (S1), primary auditory cortex (A1) and primary 
visual cortex (V1), pyramidal neurons successively decrease in size, receptive 
field (not shown), connectivity (depicted by thickness of line) and intracortical 
myelination of individual axons (not shown), while at the same time increasing in 
density and cortical layering (segregation into different lamina). Each concentric 
dotted line depicts a ‘cortical type’, from areas of less laminar differentiation 
(bottom circles) to those of greater lamination (top circles), although in reality, 
the gradient is continuous and ‘types’ are not discrete. Cortical lamination 
is depicted in boxes at the bottom left, with the five-layered agranular (also 
called periallocortical) cortex in purple and six-layered koniocortical sensory 

areas in yellow. As feedback signals flow from limbic to sensory, they are 
decompressed so that their dimensionality is expanded. Feedforward signals 
flow in the other direction. Several primary sensory areas, such as primary 
olfactory cortex (O1), primary gustatory cortex (G1) and primary interoceptive 
cortex (I1) are topographically and cytoarchitecturally limbic or are close 
to the limbic edge. b, A schematic of cytoarchitectural shifts along the main 
cortical gradient. The x axis depicts increasing degrees of lamination. The y 
axis depicts the relative magnitudes of the features that contribute to laminar 
differentiation. For example, the shaded blue curve corresponds to the degree 
to which the stellate cells (also called granule cells) that receive thalamic inputs 
are segregated into a definable layer 4. Agranular areas have stellate cells, but 
they are not organized into a well-defined granular layer 4. The segregation of 
stellate cells increases in areas of cortex with greater definition in their cellular 
layers. Layer 4 size increases along the gradient, with koniocortices (V1, A1 
and S1) having the largest, most defined layer 4. EC, entorhinal cortex; Hipp, 
hippocampus (dentate gyrus and CA); M1, primary motor cortex; MCC, mid 
cingulate cortex; sgACC, subgenual anterior cingulate cortex. Part a was adapted 
with permission from Fig. 3a in ref. 32, Elsevier. Part b was adapted from Fig. 9 in 
ref. 38, CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

http://www.nature.com/nrn
https://creativecommons.org/licenses/by/4.0/


Nature Reviews Neuroscience

Perspective

areas. All are within the insular cortex and are considered largely or 
partially limbic (Fig. 1a).

Several decades of high-resolution histological studies in macaque 
monkeys and other mammals, which reveal this many-to-few architec-
tural arrangement, provide corroborating evidence for dimensional-
ity reduction in feedforward signals along the cortical gradient (for 
example, refs. 34,37,38,41). Specifically, the majority of corticocortical 
feedforward signals originate in pyramidal cells within the deep layers 
of a cortical territory and terminate in the upper layers of cortical ter-
ritories with fewer pyramidal cells (that is, in cortical territories with 
relatively less cortical lamination). The majority of corticocortical 
feedback signals flow in the other direction, along axons originating 
in the deep layers of relatively less-laminated cortical areas that project 
to pyramidal neurons in the upper layers of areas with relatively more 
cortical lamination. This pattern of connectivity is part of a larger signal 
processing motif referred to as the structural model of the cerebral 
cortex, described in Box 2, which we return to later in the paper when 
we discuss its relevance for categorization.

Electrophysiological recordings of single neurons in macaque 
monkeys similarly provide direct evidence of dimensionality reduction 
within this many-to-fewer, sensory-to-limbic, cytoarchitectural gradi-
ent. Feedforward sensory signals gradually become more abstract and 
behaviourally relevant with the parallel reduction in neural population 
dimensionality42,43.

Brain imaging evidence of functional connectivity gradients within 
the cerebral cortex are similarly consistent with the hypothesis of signal 
compression in this many-to-fewer architectural gradient (for example, 
refs. 44–47). Evidence further suggests that cortical, hippocampus and 
cerebellar compression gradients align with one another (see ref. 48 
for evidence and references therein).

There is also a temporal aspect to the signal compression. Small 
pyramidal cells in the sensory end of the gradient change their firing at 
faster timescales (milliseconds), whereas the larger cells in the limbic 
edge change on slower timescales (seconds to minutes)49–51.

One consequence of the spatial and temporal dimensionality 
reduction within the many-to-few convergent architecture is that 
the specificity of visual, auditory and somatosensory maps gradu-
ally disappears as feedforward signals move from their respective 
primary sensory cortices towards the limbic edge. The pyramidal 

neurons of V1, for example, create a high-dimensional, retinotopic 
map. This is called nearest-neighbour, array-to-array mapping because 
the spatiotemporal relationships of rods and cones in the retina cor-
respond to the spatiotemporal relationships of receptive fields of 
neurons in primary visual cortex. Nearest-neighbour, array-to-array 
mapping also exists in A1 (for the cochlea) and S1 (for the body)27,52. 
As spatiotemporal redundancies are increasingly removed by lossy 
compression, nearest-neighbour mappings become increasingly less 
fine grained, both spatially and temporally, until the array-to-array 
signal maps are eventually lost. Mappings increasing reflect semantic 
or conceptual similarity53. The primary sensory areas for olfaction 
(O1), gustation (G1) and interoception (I1) do not contain fine-grained 
array-to-array spatial maps of their corresponding sensory surfaces, 
consistent with the evidence that olfactory, gustatory and interocep-
tive signals undergo substantial compression before they reach their 
respective primary sensory areas in the insula (again, see ref. 23 for 
evidence and references therein).

The anatomical arrangement and signal processing differences 
between proximal senses (olfaction, gustation and interoception) 
and distance senses (vision, audition and aspects of somatosensa-
tion) suggest that the former may condition and even gate the latter, 
a hypothesis that is supported by growing empirical evidence54,55 (also 
see ref. 32 for discussion and additional references). More generally, 
accumulating evidence suggests that the proximal senses broadly 
shape brain-wide signalling through multiple pathways, consistent with 
their anatomical position in the limbic-to-sensory cortical gradient 
(for example, ref. 56; also see ref. 32 for discussion and additional 
references).

A second, related consequence of signal compression is multimo-
dality. The compressed signals in the limbic edge of the gradient are sta-
tistically related to and contain some information about the signals of 
all sensory systems (for example, refs. 57–60), meaning that they share 
mutual information in the Shannon sense. Importantly, these multi-
sensory compressed signal summaries at the limbic edge also function 
as abstract motor control signals that create action plans for both 
motor systems in the body: the visceromotor system, which controls 
the internal organs (or viscera) and other tissues of the body, and the 
skeletomotor system, which controls the voluntary muscles that move 
parts of the skeleton. Limbic cortical neurons, which create the most 

Box 1 | Variations in thalamocortical projections along the main cortical gradient
 

There is a variety of types of thalamic input to the cerebral cortex 
(for a sample of relevant references, see refs. 100,106,252–256), and 
their projection patterns appear to vary with cortical lamination. The 
typical distinction is between so-called core projections, which are 
considered drivers of feedforward cortical signals, and so-called 
matrix projections, which are thought to modulate feedback cortical 
signals; the utility of this distinction has recently been challenged257, 
but we use it here because it may be more familiar to readers. Core 
projections originate in the more lateral and posterior subnuclei 
of the thalamus, which receive a higher proportion of inputs from 
sensory surfaces. They arrive to the stellate cells in the middle layer of 
the cerebral cortex (layer 4) and are progressively denser in areas of 
greater cortical lamination towards the sensory edge of the cortical 
gradient. The more diffuse matrix projections, which originate from 

more medial and anterior thalamic nuclei, receive fewer inputs from 
sensory surfaces and relatively more multimodal, compressed inputs 
from the hippocampus as well as signals from nuclei involved in 
visceromotor and skeletomotor regulation, such as the hypothalamus 
and basal ganglia. Matrix projections arrive to all cortical layers other 
than layer 4. Agranular cortical regions at the limbic edge of the 
gradient have no well-defined layer 4, and their stellate cells primarily 
receive matrix projections. In fact, matrix projections preferentially 
target layers 1 through 3 of limbic cortices106. Cortical efferents 
to the thalamus from the deep layers of cortex (primarily layer 6) 
are thought to result in compressed, lower-dimensional patterns 
at the thalamus107,258,which can then be relayed back to cortex via 
the medial nuclei to ensure efficient, coordinated brain-wide signal 
processing109,110,259.
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Box 2 | The structural model of corticocortical architecture
 

The notion of a hierarchy is sometimes used to 
describe the flow of signal across the cerebral 
cortex. This is a point of considerable contention. 
Various signal flow organizations have been 
proposed34, including parallel, overlapping 
streams of hierarchical signal flow (for example, 
ref. 260), task-dependent hierarchies (for example, 
refs. 261,262) and organizing schemes that 
dispense with the notion of hierarchy altogether 
(for example, refs. 263,264). At other times, the 
notion of a hierarchy is used to describe the 
architectural arrangement of neurons, which is 
then used to predict signal flow. We use this latter 
definition of hierarchy, relying on the structure 
model of corticocortical signalling by Barbas 
and colleagues (for example, refs. 37,38,41,265). 
This is a lamination-based organization of the 
cerebral cortex that describes its main gradient 
as a loose hierarchy of pyramidal cells that has 
been observed to predict the majority of cortical 
signal flow. This loose hierarchy, in conjunction 
with other cytoarchitectural features such as the 
landscape of inhibitory neurons and the patterns 
of re-entrant thalamocortical connections, allows us to make specific 
hypotheses about signal processing patterns that give rise to category 
construction and categorization.

Lamination-based hierarchies of the cerebral cortex and 
their ability to reliably predict something about signal flow 
remain an active area of research. The structural model is derived 
from more than three decades of anterograde and retrograde 
tract-tracing studies in primates and other mammals (for example, 
refs. 37,38,41,265). Other lamination-based hierarchical models of the 
cortex, such as the Felleman and van Essen model and the distance 
rule model, also have value, but do not predict signal flow across 
the expanse of the cerebral cortex as well as the structural model. In 
contrast to the structural model, hierarchy rules such as the distance 
rule do not hold in prefrontal areas266.

According to the structural model, signal flow largely follows 
two particular motifs, one for feedback signals and the second for 
feedforward signals (see the Figure for a depiction). The purple 
box is a schematic depiction of agranular cortex in the limbic core 
(for example, posterior orbitofrontal cortex, which is a primary 
visceromotor cortex, or primary olfactory cortex). The green box is 
a schematic depiction of dysgranular cortex (for example, anterior 
mid cingulate cortex, which is a primary visceromotor cortex and an 
association region for the skeletomotor system, or dorsal mid insula, 
which is part of primary interoceptive cortex). The yellow box depicts 
a schematized granular cortex (for example, primary visual cortex or 
primary auditory cortex). The cytoarchitectural features of these 
cortical areas are printed in black (repeated from Fig. 2).

Feedback signals (depicted in blue) originate from neurons within 
the deep layers of relatively less-laminated cortical areas (layers 5 
and 6) and terminate in the upper layers of similar or relatively 
more laminated cortex (layers 2 and 3; also see refs. 134,147). 

The pyramidal cells in layers 5 and 6 of the cerebral cortex issue 
projections to subcortical and spinal neurons involved in control 
of the viscera and skeletal muscle (visceromotor and skeletomotor 
control signals, respectively), as well as to the thalamus. Efference 
copies of the motor control signals are sent to other cortical areas of 
comparable lamination (considered lateral pathways) and cortical 
areas of greater lamination as feedback or signals (in blue). These 
correspond to prediction signals147 (Fig. 3). A single pyramidal cell 
projects simultaneously to multiple cortical and subcortical targets 
(for example, refs. 267–270 and also see ref. 139). Feedforward signals 
(in red) flow in the other direction. They originate from neurons within 
the upper layers of relatively more laminated cortical areas and 
terminate in the deep layers of similar or relatively less laminated 
cortex (again, see refs. 134,147).

The figure depicts heuristics for signal flow that apply to any 
portions of the cortical gradient that differ in laminar differentiation 
(and not just the areas depicted or named in the Figure). For example, 
primary interoceptive cortex (I1) has a laminar structure that is less 
differentiated than the structure in primary visual cortex (V1). Direct or 
indirect signals originating in the deep layers of I1 (layers 5 and 6) and 
terminating in the upper layers of V1 (layers 2 and 3) would function 
as feedback or visual prediction signals to V1. Signals flowing in the 
other direction would function as feedforward or prediction error 
signals (as discussed in the main text).

Both the feedback signal flow motif, with any single axon and 
its collaterals projecting to multiple neurons, and the feedforward 
motif, with a greater number of smaller neurons projecting to fewer, 
larger neurons, have been observed across the expanse of the 
cerebral cortex. Both motifs have functional implications for category 
construction, categorization and category learning, as discussed in 
the main text.

Figure adapted with permission from Fig. 3b in ref. 32, Elsevier.
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compressed, multisensory cortical summaries, simultaneously serve 
as primary visceromotor control regions (for example, anterior cingu-
late cortices), skeletomotor association regions (for example, ventral 
premotor cortex) or both (for example, anterior mid cingulate61,62). 
The hippocampus, which is also considered limbic cortex (being allo-
cortical), is multisensory and plays a substantial role in sensing and 
controlling the viscera (for example, refs. 63,64). This empirical evi-
dence of sensory and motor multimodality in the cortical areas with 
the most signal compression is consistent with evidence that cognition 
is embodied (for example, ref. 65).

Motor control signals leave pyramidal cells in the deep layers of 
limbic cortices (particularly layer 5) as descending efferent signals to 
subcortical areas. This is the case throughout the entire expanse of the 
cerebral cortex, but here we are particularly concerned with the abstract 
motor control signals descending from the limbic edge of the gradient. 
Efferent signals from the deep layers of limbic cortices expand in dimen-
sionality (they become increasingly particularized) as they move down 
the midbrain and brainstem to the spinal cord, where they eventually 
specify particular muscle contractions in the skeletomotor system61,66. 
In a similar manner, efferent signals decompress as they descend to the 
vagus nerve and spinal cord to control the autonomic nervous system, 
the immune system, the endocrine system and other systems of the 
body’s internal milieu. Low-dimensional action plans can therefore be 
understood as multimodal action categories25,67,68, action goals61 or action 
maps69 that correspond to ethologically relevant behaviours.

Summary
In summary, a many-to fewer convergent architectural gradient in the 
cerebral cortex is an anatomical organization that exploits the statis-
tical structure of co-occurring feedforward signals, reducing their 
dimensionality by compressing them into shared lower-dimensional 
sensorimotor summaries. Compression is a signal processing substrate 
that contributes to categorization: momentary equivalences are cre-
ated from differences for behavioural purposes, always involving both 
visceromotor and skeletomotor action plans. Many high-dimensional 
sensory signals become functionally similar to one another in terms of 
the lower-dimensional action plans that they contribute to. Categoriza-
tion, entailed by compression, offers a powerful adaptive advantage.  
It reduces the massive sensory complexity of an animal’s environmental 
niche to enable efficient and flexible action planning. This advantage 
becomes even more powerful when signal compression is shaped by 
past experience manifest as signal decompression, which we discuss 
in the next section.

The traditional view and the neural context view  
of categorization
Every animal’s immediate environment (its niche) is a signal scape of 
exceptionally high dimensionality, rivalled only by the number of sig-
nals inside its body. As an animal moves, signals from the body’s sensory 
surfaces are in constant flux. Animals must reduce this massive sensory 
complexity of their signal scape in a manner that makes action planning 
more efficient according to their own physical and temporal ecology. 
Creating momentary similarities from differences for the purpose of 
action planning is a necessary form of simplification to survive and 
thrive in the ever-changing and only partly predictable world.

Categories capture inferred relations beyond what raw sensory 
inputs explicitly provide. This can range from simple, deterministic 
groupings based on a single feature to more complex groupings that 
are probabilistic, conjunctive or disjunctive and depend on inferring 

abstract features not directly present in the external world (for a 
review, see ref. 70). As a result, many small sensory particulars that 
co-occur during a specific spatiotemporal event become function-
ally similar to one another in terms of the lower-dimensional signals 
they contribute to. We previously described function as ‘action plans’ 
or ‘action concepts’. Psychologically speaking, the functions of these 
lower-dimensional signals can also be described as abstract mental 
features, such as ‘threat’, ‘value’, ‘reward’, ‘pleasure’, ‘pain’ and other 
so-called semantic features29,53.

The utility of creating functional equivalences from sensory dif-
ferences is amplified when an animal abstracts across different spa-
tiotemporal events, lest they be stranded in an immediate present of 
novelty and uncertainty. Different high-dimensional sensory arrays 
that occur in different contexts are rendered functionally equivalent 
when they are compressed across numerous instances into a common 
low-dimensional action category. Any abstract action category can 
be decompressed into more than one pattern of motor particulars, as 
described above.

A human, for example, has the possibility of compressing multiple 
high-dimensional ensembles of feedforward metabolic, propriocep-
tive, olfactory, gustatory, visual, auditory and haptic signals into a 
common low-dimensional action category for ‘threat’ or for ‘reward’. 
When compressed to share abstract features, prior events from differ-
ent situations can be generalized to plan action for a new occurrence 
in the present, even when those past events looked different, sounded 
different, tasted different, required different specific muscle contrac-
tions and so on. In particular, words may serve as powerful features 
of equivalence that invite categorization (for example, refs. 71–74) 
because they prompt a search for some underlying sameness that 
transcends any noticeable differences (for example, refs. 75–78). The 
ability to transcend detailed physical differences by treating them as 
functionally equivalent supercharges a brain to flexibly generalize from 
past to present and to efficiently accumulate knowledge for use in the 
future (for a similar point, see refs. 15,17).

Categories are therefore an effective avenue of simplification 
and generalization both during a single signal-processing event and 
across longer spans of time. Different signal patterns with a dimen-
sionality of x, that vary and in space and time, become equivalent or 
interchangeable for the purpose of planning action when they are 
compressed to share the same (or a similar) multimodal summary of 
fewer dimensions, n. A multimodal summary of n dimensions, there-
fore, can be thought of as the abstract features of equivalence for a 
category of signal ensembles of x dimensionality, where n < x. Any 
set of higher-dimensional signals that are compressed (and therefore 
become equivalent in terms of) some smaller set of lower-dimensional 
signals can be understood as a category. This is how categorization 
enables inference and permits generalizations from past category 
instances that share the same features of equivalence. The categories 
that result from lossy compression have been depicted both as neu-
ral geometry within a neural state space that includes both x and n 
dimensions79 (as discussed in ref. 80) and as geometry within a mental 
feature space in which the dimensions correspond to the mental fea-
tures that are thought to arise from the neural computations. In this 
latter option, n features are depicted as lower-dimensional manifolds 
within a higher x-dimensional geometric space81.

This logic holds for signal compression across the entire cortical 
gradient. A feature of equivalence at one level of dimensionality reduc-
tion (for example, the neurons whose signals constitute the category 
RED) serves as a higher-dimensional feature for a more abstract 
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category of lower dimensionality (for example, ‘red’ is a feature of 
FLOWER), with features becoming relatively more abstract as signals 
flow towards the limbic edge. When viewed from this perspective, cat-
egorization is not about assigning instances to equivalence groupings. 
It goes beyond what is given (sensory signals) to create equivalences 
that exist in relation to the brain doing the signal processing. As a 
consequence, a brain is an information-gaining system that creates 
meaning. Once categorized, a high-dimensional signal ensemble and 
its causal impacts are explained82.

Effective categorization involves choosing the optimal dimen-
sionality for features of equivalence, tailoring them to immediate task 
demands (for example, refs. 15,20,39,83). A brain that relies primarily 
on abstract features of equivalence risks overgeneralization, context 
insensitivity and poor episodic memory (as occurs in major depressive 
disorder). Generalization becomes more difficult when relying on 
higher-dimensionality sensory features of equivalence to the exclu-
sion of lower-dimensional, multimodal abstractions and results in 
insufficiently flexible and overly situation-specific actions (as occurs 
in some variants of autism spectrum disorder).

The traditional view of categorization
In the traditional view, depicted in Fig. 2, categorization begins with 
the bottom-up decoding of objects and scenes in the world, starting 
with feature detection. This traditional decoding account is assumed 
to be the process by which newly encountered objects, people and 
events are detected in the world and are assigned to existing catego-
ries, or by which newly acquired categories come to be represented 
by forming stable mental structures called concepts (for example, 
refs. 84–86). For example, while out for a walk, say you encounter a 
small furry black animal that purrs, with whiskers and pointy little 
ears. It is assumed that your brain registers low-level features of the 
animal, the street you are walking on and so on, detecting lines, edges 
and other features of high dimensionality within the receptive fields 
of primary visual cortex, muscle contractions and cutaneous tactile 
features in the receptive fields of somatosensory cortex, vibrations 
that become tones in the receptive fields of primary auditory cortex, 
odorants in primary olfactory cortex and so on. Feedforward sensory 
signals are thought to successively activate neurons as they move along 
the cytoarchitectural hierarchy of the cerebral cortex, successively 
binding features together until those signals, as compressed summa-
ries, reach the territory of semantic memory. At this point, the signal 
patterns are supposedly evaluated and categorized, eventually result-
ing in an appropriate action plan, such as to reach down and pet the 
cat or swerve to avoid it. (Traditional accounts of categorization rarely, 
if ever, consider the visceromotor actions and other dynamics of the 
body’s internal milieu that are required to support the skeletomotor 
movements involved.)

In this conventional description, categorization is almost exclu-
sively entailed by signal compression. A high-dimensional signal array 
is simplified into a more manageable, lower-dimensional summary 
that can be categorized by matching it to a category prototype or 
prior instance (an exemplar) that is retrieved from semantic memory. 
So, as you encounter the cat, your brain ‘decodes’ the meaning of 
all the sensory signals and somehow binds them into a compressed 
summary. Only then does your brain retrieve a representation of the 
category CAT to categorize the compressed summary. The prototype, 
for example, is said to be a single instance that summarizes a graded 
distribution of similarity or family resemblance for all cats across time 
and space87. Every individual cat that has ever existed or will exist in 

the world shares a family resemblance because of their family resem-
blance with this prototype. Most laboratory studies of categories, in 
which objects are presented as stimuli to be categorized, are designed 
with the assumption that categories are pre-existing in the world 
and therefore stable across place and time88. Even exemplar-based 
theories of categorization, which allow for more context sensitivity 
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Fig. 2 | The traditional view of categorization. In the conventional feedforward 
conception, categorization is almost exclusively signal compression. A high-
dimensional signal array of features in objects and scenes is decoded and 
simplified into a more manageable, lower-dimensional summary. The summary 
is categorized by matching it to a category prototype or exemplar that is retrieved 
from semantic memory. In this example (read from the bottom up), you detect 
lines, edges and other features of high dimensionality within the receptive fields 
of primary visual cortex, muscle contractions and cutaneous tactile features in 
the receptive fields of somatosensory cortex, vibrations that become tones in the 
receptive fields of primary auditory cortex, odorants in primary olfactory cortex 
and so on. Feedforward sensory signals successively activate neurons as they move 
along the cytoarchitectural hierarchy of the cerebral cortex, successively binding 
features together to create limbs, paws, a nose, whiskers and so on, until the 
brain has constructed a compressed representation of a cat. This representation 
is categorized by comparing it to the prototype or prior exemplar of a cat that 
is retrieved from semantic memory, resulting in an appropriate action plan to 
reach down and pet the cat. Traditional accounts of categorization rarely, if ever, 
consider the visceromotor actions and other dynamics of the body’s internal 
milieu that are required to support the skeletomotor movements involved.
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in categorization, assume that a brain stores and retrieves previously 
experienced instances (exemplars) of already existing categories, so 
as to categorize new objects or events in terms of their similarity to the 
retrieved category instances (for example, refs. 85,89).

Categories as dimensionality expansion of feedback signals
The traditional decoding account of categorization as the compression 
of feedforward signals is made implausible, however, by a growing 
number of empirical considerations. Together, this evidence sug-
gests that categories first emerge as low-dimensional feedback signals 
(corresponding to abstract, multimodal features) whose dimension-
ality is then expanded (decompressed) as they propagate from the 
limbic edge to the sensory and motor periphery. These feedback 
signals of expanding dimensionality actively shape the compression 
of feedforward signals and therefore play a prominent (and perhaps 
dominant) role in how incoming sensory signals are categorized.

First is the repeated observation that feedback signals far out-
number feedforward signals in the cerebral cortex, suggesting that 
signals flowing from few (limbic) to many (sensory) projection neurons 
far exceed those that flow in the opposite direction. Precise ratios for 
the proportion of feedforward versus feedback synapses across the 
entire cortical gradient are not yet available and, given the complex-
ity of the task, may not be available for some time90, but anatomical 
studies of individual cortical areas are instructive. V1, constituting 
the sensory edge of the gradient, contains no projection neurons 
that feedback to other cortical areas90. The majority of synapses in V1 
bring feedback signals from other areas of cortex; they are not core 
projections from the lateral geniculate nucleus of the thalamus that 
carry feedforward signals (on the order of 90% are feedback; for exam-
ple, refs. 91–93). Even the lateral geniculate nucleus of the thalamus, 
which carries retinal signals to V1, receives more feedback from the 
cortex than feedforward signals from the retina92. Moreover, feed-
back connections are capable of generating their own receptive fields 
in V1 neurons, in addition to the traditional feedforward receptive 
fields, allowing a brain to infer feedforward signals that are missing94. 
Thus, categorization is unlikely to be solely or even primarily driven 
by feedforward dimensionality reduction. Even in primary sensory 
cortices, the signal flow is primarily efferent to the thalamus rather than  
afferent from it.

Second, as feedforward signals arrive to any given pyramidal neu-
ron, they are met and shaped by the feedback signals that the neuron 
is already processing. Feedback signals oscillate more slowly than 
feedforward signals and therefore can provide a temporal organizing 
context for their processing (called cross-frequency phase coupling; 
for example, ref. 95). The cortical compression of feedforward signals 
can therefore be actively shaped by the many feedback signals that are 
decompressing in few-to-many divergent patterns.

Third, there is some question as to whether feedforward signals 
to the cerebral cortex are pure, bottom-up sensory signals in the first 
place. Afferent sensory signals are positioned to be shaped by efferent 
signals even before they reach the brain. For example, efferent signals 
originating in the brain shape processing in the olfactory bulb (for 
example, ref. 96) and in the retina (for example, ref. 97; also ref. 98). 
Efferent signals in the vagus nerve and the nodose ganglia have the 
potential to shape ascending viscerosensory signals (see ref. 23 for 
discussion and references). Once in the brain, there are many oppor-
tunities for afferent and efferent signals to influence one another 
before the afferent signals reach the cerebral cortex, for example, in 
brainstem nuclei, superior colliculus, hypothalamus and thalamus.

In addition, as discussed in Box 1, the entire cerebral cortex 
receives two types of thalamic projection, neither of which can be 
considered pure bottom-up signals.  Core projections originate in the 
more lateral and posterior subnuclei of the thalamus and preferentially 
terminate in the stellate neurons in or around layer 4. These projec-
tions receive a higher proportion of inputs from sensory surfaces 
than matrix projections and are considered ‘drivers’ of feedforward 
sensory signals99,100, but they are not unimodal. For example, the lateral 
geniculate nucleus receives signals from the retina as well as interocep-
tive inputs from the periaqueductal grey (for example, ref. 101), the 
parabrachial nucleus (for example, ref. 102) and the hypothalamus (for 
example, ref. 103); it also receives monosynaptic inputs from the limbic 
pregenual anterior cingulate (for example, ref. 104; for additional refer-
ences, see refs. 29,105). The more diffuse matrix projections originate in 
more medial and anterior ‘higher-order’ thalamic subnuclei and arrive 
at all cortical layers other than layer 4, preferentially targeting layers 1 
through 3 of limbic cortices106. They receive fewer inputs from sensory 
surfaces and relatively more inputs from the hippocampus, hypo-
thalamus, basal ganglia and deep layers of cortex. These projections 
are thought to bring compressed, lower-dimensional signals107,108 that 
shape feedback signals and ensure efficient, coordinated brain-wide  
signalling109,110.

Fourth, even if the feedforward signals received by the cortex 
were pure bottom-up signals, object decoding could be achieved only 
if the receiving cortical neurons had fixed receptive fields so that their 
axons functioned as labelled lines with inherent meaning independent 
of context. Then, somehow these features would bind into a coherent 
percept. However, it is now well established that cortical receptive 
fields are highly sensitive to context. Neurons across the cerebral cor-
tex show multifunctional ‘mixed selectivity’, meaning that they code 
many different features in a manner that changes with context (for 
example, refs. 111–113). This context-dependent variation is observed 
even at the sensory edge of the cortical gradient, such as in V1 (for 
example, refs. 114–120).

These four sources of evidence together suggest that a pyramidal 
neuron’s response necessarily depends on the larger ensemble of 
neurons that it is communicating with momentarily, called its neural 
context (for discussions see refs. 111,121–125). Given the sheer number 
of feedback connections in cortex, the neural context for any cortical 
pyramidal neuron probably contains the many feedback signals it 
receives (relative to the fewer feedforward signals) in addition to inputs 
from inhibitory neurons. Inhibitory neurons, particularly those in the 
upper cortical layers, dynamically shape the transmission of signals 
(for example, refs. 126,127). A neuron’s action potentials therefore 
have relational meaning that is situated in and changes with its neural 
context. That an action potential’s meaning depends on the relation 
between sending and receiving neurons is further reinforced by the 
signal flow motif described in Box 2.

Even if feedforward signals were purely bottom-up with inherent 
meanings, their decoding would be unlikely to proceed to categoriza-
tion in a purely feedforward fashion. Feedforward signals are inher-
ently uncertain and ambiguous. Afferent sensory signals are woefully 
incomplete128. For example, synapses in the retina are noisy, and up to 
half the signal information is lost as it makes its way along the optic 
nerve to the brain2. Afferent sensory signals are also effects that can 
have more than a single cause. Signals from the body’s sensory surfaces 
are the outcomes of changes in the body and in the world. Any given 
signal corresponding to an edge, a tone, a glucose or oxygen concentra-
tion, and so on, can result from more than one plausible change. Such 
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ambiguities are more fervent in sensory modalities with substantial 
spatial compression at the sensory surfaces (such as olfaction and some 
viscerosensory modalities). A brain never has access to the events that 
initiate the sensory signals, resulting in an inverse problem of massive 
scale. This inverse problem is made more challenging by the fact that 
the incoming signals dynamically change, carrying different degrees 
of noise and varying in temporal scale. A brain must solve this inverse 
problem, from outcomes to causes, in a metabolically efficient way for 
an animal to plan and execute action in the moment and, ultimately, to 
survive and reproduce.

Summary
The dominance of feedback signals in the cortex and the ambiguity of 
feedforward signals makes the traditional account of categorization 
unlikely. Instead, what emerges is an inverse problem: a brain must 
always attempt to infer from feedforward signals the causal factors 
that produced them. A predictive processing account of categoriza-
tion offers a counterintuitive solution to the brain’s inverse problem: 
the lower-dimensional, feedback signals that dominate the cerebral 
cortex and determine how a neuron responds to higher-dimensional 
feedforward signals are realized in advance of the feedforward signals. 
An ensemble of feedback signals can be understood as the features 
of equivalence for a momentarily constructed category of signals 
that anticipate feedforward signals. Decompressing feedback signals 
are possible futures that ultimately give feedforward signals mean-
ing in relation to the momentary internal state and ecology of the 
animal. Ultimately, any conjunction of expanding feedback signals 
and compressing feedforward signals eventually results in the cat-
egorization of feedforward signals in terms of their metabolic and 
motor consequences. In the next section, we describe the details of 
how a predictive processing approach, rooted in the structural model 
of corticocortical connections, describes categorization as emerg-
ing from whole-brain feedback and feedforward signal dynamics. 
Neurons at the limbic edge of the cerebral cortex are the source of 
prediction signals, powerfully shaping category construction and 
categorization from the outset.

Prediction and category construction
Predictive processing has emerged as a powerful neurocomputational 
research tradition of many research programmes that account for 
diverse psychological phenomena subserved by a brain. A core hypoth-
esis is that motor control signals, and the sensory prediction signals 
they give rise to, begin as compressed multimodal feedback signals in 
the brain, fashioned from reassembled past experiences (that is, they 
are remembered). Ample evidence exists for such memory reconstruc-
tions (for example, refs. 129–132), with the assembly of low-dimensional 
features proceeding faster than for high-dimensional features (for 
example, ref. 133). Feedback signals are continually tested against 
feedforward signals, correcting when necessary. A variety of specific 
computational proposals abound, but they are united by the idea that 
cognition, in the most general sense (including motor control, emo-
tion, perception and so on), can be described within a common set of 
operating principles134. In our account of predictive processing, one 
of these operating principles is categorization25. Feedback signals, 
as groups of prediction signals, solve the inverse problem and give 
feedforward signals meaning in terms of the action plans (or the vis-
ceromotor and skeletomotor control signals) required to deal with 
them. This predictive account of categorization integrates the several 
decades of neuroanatomical evidence discussed previously (Box 2) 

with evidence that supports a predictive account of brain function 
(for a review of evidence, see refs. 134–139, and for specific examples, 
see refs. 140–145).

We hypothesize that category construction begins as compressed 
multimodal summaries in the hippocampus and in the deep layers of 
agranular and some dysgranular cortices that make up the limbic edge. 
They are reinstated (remembered) ensembles of low-dimensional 
signals that correspond to abstract features. These low-dimensional 
signals expand as efferent signals that cascade down to successively 
more numerous, smaller neurons in the hypothalamus, midbrain, brain-
stem, vagus nerve and spinal cord. In effect, these signals decompress 
as probabilistic inferences of higher dimensionality for controlling 
the autonomic nervous system, the immune and endocrine systems, 
and the skeletomotor system. At the same time, copies of these effer-
ent motor control signals (called efference copies146) leave the deep 
layers of limbic cortices and flow along the fewer-to-many cortical 
gradient to the superficial layers of increasingly granular cortices  
(in which superficial pyramidal neurons are increasingly smaller with 
increasingly fewer connections). These signals decompress (expand) 
as probabilistic inferences of successively higher dimensionality, even-
tually serving as low-level sensory prediction signals when they reach 
the more granular primary sensory areas of cortex.

This account of category construction is heavily influenced by 
the decades of empirical evidence that support the structural model: 
feedback (or prediction) signals flow along the fewer-to-many cortical 
gradient in a manner that is organized by patterns of relative cortical 
lamination. Feedback signals arise from pyramidal neurons in the deep 
layers of the relatively less-laminated areas. Areas of the limbic edge, 
being the least laminated of all cortical areas, are therefore at the top of 
this hierarchy26,147. They send but do not receive feedback signals. This 
is consistent with the idea that limbic cortical neurons function as the 
most powerful source of feedback signals in the brain148 and inform our 
hypothesis that category construction in the cerebral cortex begins at 
the limbic edge.

Category construction therefore involves signal decompression 
in two directions at once (Fig. 3a). Lower-dimensional signals descend 
subcortically as efferent, motor control signals destined for the vagus 
nerve and spinal cord. These signals carry ever-more particularized 
(decompressed) commands to coordinate and regulate the organs, 
tissues and skeletal muscles of the body. At the same time, efference 
copies (for example, ref. 149) of these motor control signals function as 
cortical feedback signals that are increasingly decompressed into prob-
abilistic inferences of higher dimensionality as they cascade towards 
the primary sensory cortices. Efference copies are the predicted con-
sequences of the motor movements that will result from the motor 
control signals. The implication is that all categories involve motor 
plans and movements, even though movements will not always be 
perceptible to the naked eye.

A category can therefore be described as an ensemble of low- 
dimensional motor control signals and the feedback signals they give 
rise to, fashioned from past experiences via Hebbian learning princi-
ples150 (Fig. 3b). A category is predictive because it is assembled before 
the arrival of the expected feedforward signals. A category is abstract 
because the signals originating in limbic cortices are necessarily low-
dimensional, multimodal summaries, as already reviewed. These 
signals propagate from the limbic edge and are increasingly decom-
pressed into probabilistic inferences of higher dimensionality. At 
every neuron, incoming signals of n dimensions expand into an ensem-
ble of signals of x dimensions (recalling that n < x). Each n dimension 
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therefore functions as a more abstract feature of equivalence (with 
some likelihood of occurrence) for the resulting higher-dimensional  
x signals.

A category, in this view, is a dynamic event, not a fixed, stable 
cognitive structure. It is constructed in the moment, not retrieved. 
In a specific situation, a momentary ensemble of lower-dimensional 

Limbic
core

E�
er

en
t s

ig
na

ls
 d

ec
om

pr
es

s 
in

to
pr

ed
ic

te
d 

se
ns

or
y 

co
ns

eq
ue

nc
es

E�
er

en
t s

ig
na

ls
 d

ec
om

pr
es

s 
in

to
m

or
e 

pa
rt

ic
ul

ar
is

ed
 m

ot
or

 s
ig

na
ls

Primary sensory 
cortices for
distance senses

Primary sensory
cortices for
proximal senses

Motor
cortex

Sensory
predictions

Skeletomotor
predictions

Visceromotor (and
skeletomotor) control

Skeletomotor
(and visceromotor)
control

Subcortical and
brainstem nuclei

Sensory
predictions

Sensory
predictions

Sensory
predictions

a

Vagus Spinal

Internal milieu and
skeletomotor muscles

Primary 
allostatic
control

Visual, auditory
and somatosensory
predictions

Olfactory, gustatory
and interoceptive
predictions

Skeletomotor
predictions

Via
skeletomotor
areas

Via subcortical areas

Via subcortical
areas

Visceromotor and
skeletomotor control

Via visual,
auditory and
somatosensory
areas

Via visual,
auditory and 
somatosensory
areas

b

Via olfactory, gustatory
and interoceptive areas

Fig. 3 | Prediction signal flow in category construction. a, A schematic summary  
of hypothesized prediction signal flow. The coloured shapes depict anatomical 
areas within the mammalian nervous system and the arrows depict signal flow. 
The cortical gradient is organized to propagate progressively decompressed 
signals in two directions simultaneously, as indicated in the long vertical arrow 
on the left side of the figure running from yellow (top) to orange (bottom). The 
purple to orange colours indicate the progressive expansion of dimensionality 
in motor control signals. The purple to yellow colours indicate the progressive 
expansion of dimensionality in sensory prediction signals. Motor control signals 
originate in the primary visceromotor regions in the limbic core of the cortex 
and become increasingly particularized as they descend through subcortical 
nuclei to the vagus and spinal cord, where they coordinate and control the 
internal milieu of the body (depicted by the left side of the body) and the skeletal 
muscles (depicted by the right side of the body), respectively. At the same time, 
efference copies of motor control signals function as prediction signals when 
they reach the upper layers of cortical areas of greater laminar differentiation. 
They progressively decompress (and become increasingly particularized) as they 
propagate towards the sensory edge of the cortical gradient. Efference copies of 
visceromotor control signals are received by the upper layers of primary motor 
cortex (M1) as skeletomotor prediction signals. Efference copies that project to 
the upper layers of primary sensory areas function as sensory prediction signals. 
This same signal motif exists throughout the cortical gradient. The pyramidal 
neurons in layer 5 of M1 send skeletomotor control signals that are progressively 
expanded in dimensionality as they descend through subcortical nuclei to the 
vagus and spinal cord. At the same time, efference copies of skeletomotor control 

signals function as another set of sensory prediction signals that reach the upper 
layers of primary sensory areas of relatively greater laminar differentiation (that 
is, primary sensory areas for the distance senses: primary somatosensory cortex 
(S1), primary auditory cortex (A1) and primary visual cortex (V1)). Pyramidal 
neurons in layer 5 of the proximal sensory modalities (olfaction (O1), gustation 
(G1) and interoception (I1)) send signals to subcortical areas (depicted as 
unlabelled arrows, because their functions have not yet been clarified in the 
predictive processing framework). Their efference copies are sensory prediction 
signals that arrive to the upper layers of S1, A1, and V1. b, The same figure is 
relabelled to depict the types of signal involved in category construction during 
feedback-driven predictive signal flow. The coloured shapes now depict signals 
and the arrows depict anatomical features. Category construction begins as 
multimodal, compressed signal summaries that originate in the hippocampus 
and deep layers of the limbic core of the cerebral cortex. These summaries can be 
described as abstract (lower-dimensional) features such as reward, threat and so 
on. A single multimodal summary is decompressed into a grouping of possible 
future motor movements and their resulting sensations in a specific situation 
or context, which includes the momentary energetic state of the body. Each 
possible future has some prior probability of functionality (for example, ref. 250), 
yet all are equivalent in terms of the abstract (low-dimensional) action concept, 
goal or plan that they originate from. In this view, a category is a dynamic signal 
event, constructed as ensemble of low-dimensional motor control signals and 
the possible allostatic futures they give rise to, fashioned from past experiences. 
Parts a and b were modified with permission from Fig. 4 in ref. 32, Elsevier. Similar 
schematics have been published in refs. 26,251.
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signals corresponds to possible future motor movements and their 
resulting sensations in a specific context — a group of feedback signals 
that in given situation are functionally equivalent in terms of the even 
lower-dimensional abstract features from which those signals were 
inferred. High-dimensional signal arrays, on the other hand, are momen-
tarily equivalent by their relation to signals for lower-dimensional 
motor control plans in the next moment (that is, an action concept or 
action tendency) and the corresponding abstract mental features (for 
example, threat, reward, value and so on). This description holds for 
so-called concrete categories that are perceptually similar, such as the 
category CAT. The features of equivalence for the category CAT that 
make for an ideal house pet will differ from those that make for an ideal 
mouser or an animal to be admired in a zoo. The description also holds 
for more abstract versions of the category CAT, such as one that gives 
rise to a person with a cool demeanour who plays jazz (for example, ‘a 
cool cat’). A category of the same name, such as CAT, can vary with each 
use in the same manner as constructed memories. Following evidence 
from the structural model, each category begins as a low-dimensional, 
abstract visceromotor plan that will support particular skeletomotor 
movements, such as bending to pet the cat (for example, the mental 
feature ‘approach’), swerving to avoid a cat (for example, the mental 
feature ‘avoid’), saccading to look around in a cage (for example, the 
mental feature ‘explore’) or tapping a finger on table while listening to 
some cool jazz (for example, the mental feature ‘enjoy’). Even sitting 
still requires a motor plan for coordinating visceral organs, blood flow, 
ATP production, gene expression for potential viruses versus bacteria, 
contracting some skeletal muscles while relaxing others and so on (for 
discussion, see ref. 32).

This way of thinking about categories is consistent with decades of 
research in cognitive science on their contextual nature (for example, 
refs. 85,151–154), as well as evidence that categories are constructed 
in the moment and are goal-based, meaning they are extemporaneous 
groupings created for a particular function in a particular context 
(reviewed in refs. 25,155–157). A category is something a brain does, 
not something a brain has.

To summarize thus far, category construction is a brain-wide 
ensemble of signals corresponding to a pattern of lower-dimensional, 
abstract features that decompress into multiple patterns of higher- 
dimensional, particularized features. The features of equivalence for 
a momentary situated category are grounded not in high-dimensional 
sensory features but in more compressed summaries. These summaries 
correspond to the function or the goal that the category serves in that 
particular situation, rather than a stable function that remains the same 
across individuals and situations.

Accordingly, any given category construction event can be 
described as a context-dependent probability distribution of possible 
instances. It is an exemplar account of categories, of sorts, but without 
the assumption that the brain is retrieving a distribution of instances 
from an already existing category. The distribution’s prototype, if 
there is one, would correspond to the ideal instance of the category in 
that particular situation158, even if the instance never existed in reality 
and must therefore be inferred (for example, ref. 159). The pattern of 
neural signals that construct a category, which are distributed across 
the brain and give rise to these varying features, can themselves vary 
from situation to situation, instance to instance, a phenomenon known 
as degeneracy or multiple realizability160,161. Category knowledge about 
cats, for example, would not be described as a single distribution of 
instances with a family resemblance to a single prototypical instance, 
but as a distribution of spatiotemporally varying CAT categories. Each 

momentary CAT category will have its own prototype, depending on 
the goal that CAT is serving in a given situation (as a pet, a mouser, a zoo 
animal or a person with a cool demeanour); in effect, a distribution of 
situated CAT prototypes (rather than a single, unchanging prototype). 
Across a person’s lifetime, they will construct a population of possible 
CAT categories (or a distribution of categories), each with graded simi-
larity in their features. Think of this as a vocabulary of CAT categories. 
Further, in principle, the vocabulary of momentary CAT categories 
(with graded distributions) can vary across people, particularly if those 
people come from different backgrounds with different opportunities 
to culturally inherit variable knowledge about cats (for example, in 
some cultures, cats are food to be eaten, whereas in others they are 
deities to be worshipped).

In category learning, signals are hypothesized to flow (and com
press) in the feedforward direction. For example, dimensionality  
reduction has been directly observed with category learning, as cortical 
networks shift from higher-dimensional sensory signals to lower-dimen-
sional, task-related ensembles162. Neurons that are relatively closer to 
the limbic edge of the gradient begin to show low-dimensionality selec-
tivity for categories, with less sensitivity to high-dimensional sensory 
details163–167. Dimensionality reduction can also manifest as ‘stretching’ 
of task-relevant dimensions to expand their representational space168. 
Notably, this effect is more prominent in areas that are closer to the 
limbic end of the cortical gradient (Zhang et al. sampled various loca-
tions across the cerebral cortex, including lateral prefrontal cortex, V4, 
MT, frontal eye fields, lateral parietal cortex and inferotemporal cortex; 
limbic cortical areas were not explicitly studied. The most promi-
nent stretching was observed in lateral prefrontal cortex, where the  
amount of dimensionality reduction is considerable168).

As in other predictive processing accounts, feedforward signals 
are hypothesized to function as teaching signals that reinforce or mod-
ify future motor control plans. A brain learns to more optimally issue 
motor commands to control future sensory events (including, most 
importantly, the sensory events that inform on metabolic conditions of 
the body, as we discuss in the next section). For any given neuron, feed-
forward signals confirm or constrain feedback signals. This account 
is assumed to hold for unexpected feedforward signals (so-called 
positive prediction errors) as well as for expected feedback signals that 
fail to materialize (so-called negative prediction errors; for example, 
refs. 169–171). Any difference between a compressed summary at a 
given point along the cortical gradient and the neural context at that 
point would pass back towards the limbic edge as a positive prediction 
error (presence of feedback signals that are not confirmed). In effect, 
feedforward signals help to select one momentary category exemplar 
from many.

Another source of selection comes from attentional signals, also 
called precision signals, that are hypothesized to adjust the strength 
and reliability of prediction signals and prediction error signals 
(refs. 172,173). Prediction signals are thought to be weighted according 
to their anticipated value to explain incoming sensory signals, which 
is equivalent to their prior probability25,172. Prediction error signals are 
weighted by their salience, which is equivalent to the predicted value of 
the allostatic information those errors will provide25,174. Via this selec-
tion, one of many possible sensory and motor futures is transformed 
into the present.

Importantly, feedforward signals that continue to propagate 
towards the limbic edge of the cortex (as prediction errors) remain 
uncategorized and have the potential to modify the originating mul-
timodal control signals. Hence our hypothesis that some feedforward 
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signals (those that are prediction errors) are important for category 
learning. Prediction errors can result from a local mismatch between 
feedback (expectation) and feedforward (input) at each neuron (for 
example, ref. 175) or can be computed in relatively less-laminated 
cortical areas and broadcast to relatively more laminated cortical 
areas (for example, ref. 176; notably, in this study, conceptual repre-
sentations (word associations) were used to generate sensory predic-
tions). Consistent with this account of prediction error, top-down 
feedback signals act as inhibitory filters177,178 that suppress excitatory 
feedforward signals that match them140,145. Prediction errors, there-
fore, result from a mismatch between the excitatory (feedforward) 
and inhibitory (feedback) signals. This account is also consistent with 
recent computational evidence suggesting that predictive learning 
(prediction signals supervising the encoding of prediction errors) 
creates low-dimensional representations179.

The inhibitory function of feedback signals comes from direct 
evidence of cortical rhythms that is consistent with our predictive 
account of categorization. Cortical rhythms are oscillations or repeti-
tive patterns of electrical activity produced by neurons correspond-
ing to cycles of depolarization and hyperpolarization driven by 
electric field fluctuations. They work through a non-synaptic form 
of neural communication, called ephaptic coupling, in which the 
electrical fields surrounding neurons influence the degree of excit-
ability of other neurons180. Dendrites may play an important role 
in generating these electrical fields (and may also take advantage 
of them for their own electrical communication). This more direct 
electrical communication helps to entrain neuronal spiking (and the 
chemical communication between neurons at synapses). As a result, 
millions of neurons synchronize and coordinate their activity in a 
manner that helps to achieve changes in dimensionality (expansion 
and reduction)80,181–185. Gamma oscillations (>30 Hz) are faster, higher 
dimensional and strongest in the upper layers of cortex that origi-
nate feedforward prediction error signals140,178. They are closely 
linked to sensory-driven spiking and exert fine-scale (microscale) 
influence. By contrast, slower alpha/beta (12–30 Hz) oscillations 
have a broader (mesoscale) influence and support low-dimensional 
organization177,186. They tend to be strongest in the deep layers of cor-
tex that originate feedback signals140,178,187, which are tied to current 
context and goals178 that we have described as category construction. 
It has been hypothesized that alpha and/or beta oscillations func-
tion as inhibitory patterns that constrain gamma-linked spiking, 
acting like ‘stencils’ that permit local expression of content where 
alpha/beta is suppressed177. Each stencil corresponds to a distinct task 
operation. This dynamic mirrors observed associations: alpha and/or 
beta oscillations are associated with feedback signalling that sup-
ports predictive processing as a functional consequence of dimen-
sionality reduction, whereas gamma oscillations are associated with 
feedforward signalling178,188. More generally, neural oscillations are 
thought to play a role in the dimensionality expansion and reduction  
that we are describing as categorization (for example, ref. 80).

Our predictive account of categorization may also explain the 
mixed selectivity of neurons whose responses vary with context. All 
neurons show some contextual variation in their receptive fields, 
as noted above. Alpha and/or beta oscillatory signals, whose power 
increases with top-down demand167, may create the neural context that 
sculpts spiking accordingly42,111,113,189.

Furthermore, the landscape of inhibitory cortical neurons is con-
sistent with these rhythm-related observations and with our predic-
tive account of categorization more generally. The faster-spiking, 

parvalbumin-expressing inhibitory neurons that contribute rela-
tively more to gamma oscillations94,190,191 are relatively more concen-
trated at the sensory end of the fewer-to-many cortical gradient32. 
These cells are cytoarchitecturally positioned to control the tim-
ing and frequency of action potentials in pyramidal cells (located 
near cell bodies and spike initiation zones (ref. 192 and references 
therein); they also modulate the stellate cells that receive thalamic 
signals. Somatostatin-expressing inhibitory neurons, by contrast, 
are slower spiking and are relatively more concentrated at the limbic 
end of the gradient. They preferentially form synapses on dendrites 
and are positioned to gate and modulate incoming excitatory inputs 
(ref. 192 and references therein) in a manner that shapes the neural 
context of pyramidal and stellate activity. They are not as driven by 
feedforward input when compared with parvalbumin-expressing 
inhibitory neurons (for example, ref. 94). This relative difference 
in inhibitory neuron distribution is associated with overall differ-
ences in excitatory–inhibitory balance along the main cortical 
gradient. Limbic areas have relatively more excitatory receptors 
and show relatively more excitation (prone to a default level of 
excitation), whereas sensory areas have relatively more inhibitory 
receptors and show relatively more inhibition193. In these ways, pre-
dictive category signals shape the processing of incoming signals to  
the cortex.

There are many consequences of considering all categories to 
be functional and goal-based events, constructed in the moment. 
They range from the practical to the scientific and philosophical. Most 
immediately, this view helps to explain how different ensembles of 
physical signals can have the same meaning within a context and across 
contexts, boosting generalizability and conferring considerable con-
textual flexibility in responding. In everyday life, for example, cats are 
encountered in situations, never in isolation. A category of cats that 
make ideal pets might be soft, cuddly and purr softly when stroked. 
Cats who are successful mousers will be agile and quick, perhaps a 
bit aggressive. Cats who draw visitors to a zoo will be large and majes-
tic. Cool cats, regardless of their biological species, will be aloof, a 
touch dismissive and maybe great musicians; and so on. This view 
also explains how a single physical signal or pattern of signals can have 
different meanings in different situations (for example, being soft and 
cuddly, purring, agile, aggressive and so on is not specific to cats). 
The value of this approach is perhaps most apparent when attempt-
ing to understand how people learn, construct, and use categories 
that have tremendous within-group variation and across-group simi-
larity that cannot be handled by traditional views of categorization, 
such as emotion categories (for discussion and review of evidence,  
see refs. 81,194).

These considerations suggests that a single prototype for CAT 
is actually more like a stereotype that masks substantial structured 
variation in the meaning and function of the category, a position that is 
consistent with the population thinking introduced by Charles Darwin 
in On the Origin of Species (see ref. 195). It also implies that the category 
CAT is not something ‘out there’ in some mind-independent world, 
referring to all possible past and future instances of the word ‘cat’. 
Instead, the human brain creates a category for CAT in relation to a 
specific context. The features of similarity are linked to the function 
the category serves in that specific instance. Function and features of 
equivalence are linked: the features of equivalence change depending 
on the requirements of the situation, because the function of the cat-
egory changes. The most important similarities that form any specific 
CAT category may be not physical but functional.
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Summary
The account offered thus far overturns the conventional understanding 
of categorization. The cerebral cortex does not reduce dimensionality 
after the fact to match feedforward signals to the memory of a stored 
category representation. Instead, the cortex uses low-dimensional 
temporal dynamics as anticipatory categories that shape the neural 
context for processing feedforward signals. Categorization begins 
with ad hoc groupings of possible futures and ends when predictive 
feedback constrains feedforward signals to produce specific actions 
and perceptions.

When predictions fail, residual feedforward signals drive learn-
ing, compressing towards the limbic edge of the cerebral cortex.  
A key insight is that visceromotor preparation, and the skeletomotor 
preparation that it supports, precede perception and are integral to the 
categories being constructed. This anatomical reality places allostasis —  
predictive regulation of the body — at the core of the neural context 
and feedback control. Cortical architecture may support abstract allo-
static plans as equivalence features, enabling metabolically efficient 
generalization and action planning.

Allostasis and energy optimization at the core  
of categorization
We have established that feedforward sensory signals, when predicted 
and constrained by feedback signals, are categorized and become 
meaningful in relation to those signals. Meaning, therefore, is not 
defined as what a signal is but by what it does when interacting with 
other signals. The primary meaning of incoming signals, as well as the 
actions and features of sensation and perception that they contribute 
to, is rooted in their interaction with prediction signals that ultimately 
arise in limbic cortices (Fig. 3b and Box 2). This places allostasis and 
efficient energy regulation at the functional core of categorization and 
the meaning that derives from it.

Allostasis is not a reactive condition of the body, but a phenom-
enon in which the brain actively coordinates and regulates the systems 
of the body according to energetic costs and benefits. The “core task of 
all brains… is to regulate the organism’s internal milieu… by anticipat-
ing needs and preparing to satisfy them before they arise.”2. Survival, 
growth, reproduction and the energetic demands of living a life (not 
to mention information transmission across generations via genes 
and cultural inheritance) require an animal to manage the continual 
intake and expenditure of biological resources196. Metabolic and other 
energetic expenditures are required to acquire resources in the first 
place, to learn about where resources are and how to get them, and to 
plan and execute the physical movements necessary (while protecting 
against threats and dangers along the way). An animal thrives when it 
has sufficient resources to explore the world. Experience consolidated 
within the brain’s dendritic and synaptic connections makes those 
experiences available to predictively guide later decisions about future 
energy acquisition and expenditures.

Consider that every animal body has multiple internal systems 
to coordinate and regulate: systems to shuttle nutrients and elimi-
nate waste products, systems to regulate microbiota and systems for 
regulating adaptive immunity, as well as systems to sense the world 
surrounding the body and secure resources from it. At the same time, 
animals must make efficient use of those resources, which requires 
that they balance trade offs196. The brain’s allostatic efforts achieve this 
balancing act: maintaining vital functions (for example, ion gradients 
in cells, cell division, telomere repair and cell apoptosis), both during 
moments of rest and during moments when large metabolic outlays 

are anticipated (that is, during ‘stress’197). The brain’s allostatic efforts 
ensure that resources are used as efficiently as possible (at the level 
of the whole organism) regardless of the level of metabolic output 
required (for example, when sleeping, running, learning and so on). 
Individual biological systems may use the more familiar homeostatic 
regulation (reactive regulation to perturbations that return a system 
back to an optimal set point or range of points around which a system 
operates). As a collective, however, the many systems that make up a 
body are coordinated and regulated by the broader allostatic efforts 
of the brain.

Brain imaging evidence has identified an intrinsic, distributed 
allostatic network in the brain, anchored in the cortical areas along 
the limbic edge plus their subcortical connections (Fig. 4). This net-
work largely replicates in humans the tract-tracing ‘ground-truth’ 
connectivity identified in non-human animal studies29,105 and reliably 
includes both cortical regions and subcortical nuclei. The topography 
of this network overlaps with the central autonomic network, the 
skeletomotor system, the salience and/or cingulo-opercular network, 
the somato-cognitive network and the default network32. Areas in this 
network are routinely implicated in a range of perceptual, cognitive 
and emotional phenomena29. Atrophy and dysfunction within this 
broader allostatic system have been documented for mental and physi-
cal illness198–202, involving profound metabolic disruptions, including 
in obesity, diabetes, depression, anxiety, addiction, chronic pain and 
chronic stress (for discussion and references therein, see ref. 32).

In addition, it is now well established that allostasis-related signals 
broadly shape what was formerly considered brain-wide ‘intrinsic’ or 
‘spontaneous’ signalling56,203 (for discussion, see ref. 32). Evidence 
suggests that these signals are responsible for the most prominent 
spatiotemporal patterns observed in the ‘resting state’ blood oxy-
gen level-dependent (BOLD) signal, such as the now well-known 
intrinsic networks and functional connectivity gradients204–206. Such 
signalling can be understood as related to the feedback (predictive 
category construction) signals that provide the neural context for 
processing feedforward signals (for example, refs. 141,207).

With this allostatic foundation in mind, our predictive processing 
account of categorization builds on traditional predictive processing 
work in three ways. First, the goal of prediction may not be error mini-
mization per se (for example, refs. 136,208), but optimizing the meta-
bolic cost of living (including signal processing within the brain)209. As 
a general rule, a system optimizes cost by predicting and correcting 
instead of reacting (for example, refs. 2,210–213). Networks trained 
to anticipate incoming signals develop predictive architectures214 and 
algorithms to predict incoming signals minimize the cost of signal 
processing142.

Categorization, therefore, can be understood as a means by which 
a brain maintains allostasis, or how it anticipates the energetic needs 
of its body in a specific spatiotemporal context by generalizing from 
allostatically similar past events and preparing to meet those energetic 
needs before they arise. To this end, the brain also predictively models 
the sensory conditions in the body, a process called interoception215, 
which is part of allostasis because it supports the motor control of the 
body’s organs and tissues (visceromotor control) in the same manner 
that somatosensation supports skeletomotor control.

Second, other predictive processing accounts often rely on the 
familiar concept of homeostasis (regulation in response to perturba-
tions that return a system to its optimal set point or range of points in 
which it operates) or define allostasis in a way that is similar to homeo-
stasis. In our view, allostasis, which is characterized as ‘stability through 
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change’ is computationally distinct from resisting perturbations 
(homeostasis). In addition, homeostasis is usually reactive, whereas 
allostasis is predictive.

Third, traditional views of predictive processing suggest that 
sensory prediction signals are efference copies of skeletomotor 
control signals (for example, refs. 139,216,217). Others have touched 
on the importance of visceromotor control, but our proposal 
belongs to a handful of efforts that emphasize it as central (for exam-
ple, refs. 218–220). Furthermore, we consider the inter-relations 
between visceromotor and skeletomotor systems rather than treating 
them in isolation. Visceromotor control is necessary for and biologi-
cally intertwined with the control of skeletomotor action. Collateral 
axons from deep pyramidal neurons, which we referred to earlier as 
efference copies of the motor control signals, project to the pyramidal 
neurons in the superficial layers of more laminated cortical columns as 

feedback or prediction signals (Box 2). One implication of this archi-
tecture is that primary motor cortex (M1), which has a more devel-
oped laminar structure than limbic cortices, receives skeletomotor 
prediction signals as efference copies of visceromotor control sig-
nals from the limbic edge of the cortical gradient (Figs. 1 and 3; also  
refs. 26,147 and references therein). These signals may help to explain 
the maps of the adrenal glands and gut that have been identified in 
M1 of the primate brain221,222. A reasonable avenue for further study 
is the hypothesis that allostatic control signals are part of the etho-
logical action maps that have been identified in M1 when neurons are 
stimulated at more ecologically valid durations69. Another implication 
is that the two motor systems must be coordinated. Anything other-
wise would be a metabolic drag on the system, which could result in 
disease. For example, depression is a disorder associated with pro-
found metabolic disruptions that may result, in part, from a relative 
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Fig. 4 | An intrinsic brain network for allostasis. a, The topography of the 
distributed, intrinsic allostatic network depicted in volumetric space. This is a 
conjunction map (a combination of multiple, independently produced statistical 
maps that are superimposed on one another). The colours depict the number of 
binarized whole-brain connectivity maps from each seed region of interest (ROI) 
(p < 0.05), which shared overlapping regions (ranging from 15 to 21, reflecting 
the total number of cortical and subcortical ROI seeds used in the analysis). 
A bootstrapping strategy (1,000 samples) was used to identify weak but reliable 
correlations, avoiding type II errors caused by stringent statistical thresholds; 
this was important particularly for identifying connections involving subcortical 
ROIs. Intrinsic functional connectivity was estimated using ultrahigh-resolution 
brain imaging at 7 Tesla (N = 90), which replicated an earlier study at 3 Tesla 
(N = 550) (ref. 29) but with improved subcortical nucleus localization afforded 
by higher spatial resolution (1.1 mm isotropic), better signal-to-noise-ratio, and 
the use of in vivo brainstem and diencephalic nuclei atlases. b, The allostatic 
system projected onto an azimuthal flat map representation of the cortical 

surface (left hemisphere). A1, primary auditory cortex; aMCC, anterior mid 
cingulate cortex; APr, area prostriata; CBM, cerebellum; daIns, dorsal anterior 
insula; dAmy, dorsal amygdala; dmIns, dorsal mid insula; dplns, dorsal posterior 
insula; DR, dorsal raphe; FOP, frontal operculum; hippo, hippocampus (dentate 
gyrus and cornu ammonis); LGN, lateral geniculate nucleus; M1, primary motor 
cortex; mdThal, mediodorsal thalamus; MGN, medial geniculate nucleus; 
mvAIns, medial ventral anterior insula; NAcc, nucleus accumbens; NTS, nucleus 
tractus solitarius; OFC, orbital frontal cortex; pACC, pregenual anterior cingulate 
cortex; PAG, periaqueductal grey; PBN, parabrachial nucleus; PC, precuneus; 
PHG, parahippocampal gyrus; Pf, parafascicular nucleus; pMCC, posterior mid 
cingulate cortex; RSC, retrosplenial cortex; S1, primary somatosensory cortex; 
SC, superior colliculus; SFG, superior frontal gyrus; sgACC, subgenual anterior 
cingulate cortex; SN, substantia nigra; V1, primary visual cortex; vaIns, ventral 
anterior insula; VTA, ventral tegmental area. Part a was adapted with permission 
from Fig. 1c in ref. 32, Elsevier. Part b was adapted with permission from Fig. 1e in 
ref. 32, Elsevier.
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Glossary

Abstract
As used here, to ‘abstract’ means 
to generalize across different 
high-dimensional patterns of sensory 
features and motor movements to 
the same lower-dimensional mental 
feature (for example, ‘threat’ or 
‘reward’). Abstract features are efficient 
summaries of many more signals 
from many modalities (multimodal 
compressed summaries). They are not 
without modality (amodal). An abstract 
feature is never directly sensed and is 
not directly measurable by physical 
means; it is always created from 
physical features that are themselves 
sensed and can be measured (that is, 
from concrete mental features).

Binding
A hypothetical process of integrating 
separate, distributed features into a 
coherent whole.

Category
A grouping of individual occurrences, 
such as events or objects, that are 
similar enough to be interchangeable or 
equivalent for some function or use in 
some context.

Category construction
The process of creating 
extemporaneous groupings of 
occurrences, such as patterns 
of prediction signals, based on 
perceived similarities or uses in a given 
context, ignoring differences that are 
irrelevant.

Cytoarchitectural gradient
A gradual, continuous transition in the 
structure, density and connectivity 
of cells.

Dimensionality
The number of independent features, 
properties or variables needed to 
describe something, such as an object 
or event.

Distance senses
Sensory modalities that report on 
conditions of the world that are external 
to and some distance from the body 
(vision, audition and aspects of 
somatosensation that derive from the 
same lateral-line system as audition, 
and function as a distance sense 
in the water where vertebrates first 
evolved). The primary sensory cortices 
for distance senses display nearest-
neighbour, array-to-array mapping (for 
example, the neurons in V1 correspond 
topographically to receptors in 
the retina). A considerable amount 
of dimensionality reduction in the 
distance senses occurs in the cerebral 
cortex after those signals are received 
by primary sensory cortices (when 
compared with the more proximal 
senses, whose signals arrive at their 
primary sensory areas in the cerebral 
cortex already largely compressed).

Engineered systems
Combinations of components 
deliberately and purposefully designed 
by humans that together perform 
specific, useful functions.

Feature of equivalence
A feature that renders a group of 
instances similar enough to be 
equivalent for some function or use in 
some context.

Feedback signals
Signals that propagate away from the 
limbic edge of the cerebral cortex 
towards the sensory edge (known as 
centrifugal, or ‘moving away from the 
centre’). Also known as ‘top-down’ 
signals. The original meaning of 
‘feedback’ comes from engineering and 
systems theory to mean signals that 
merely regulate or modify a process.

Feedforward signals
Signals that flow towards the limbic 
edge of the cerebral cortex (known 
as centripetal, or ‘moving towards the 
centre’). Also known as ‘bottom-up’ 
signals, although, strictly speaking, 
signals arriving at the cerebral cortex 
from subcortical areas have already 
been integrated with or affected by ‘top-
down’ signals originating in the cortex 
(for example, afferent signals from the 
sensory surfaces meet efferent motor 
control signals in the vagus nerve, 
nuclei within the brainstem, the superior 
colliculus, the hypothalamus and the 
thalamus, meaning that feedforward 
signals, when they arrive at cortex, are 
not purely bottom-up).

Internal milieu
A term, originally coined by the 
physiologist Claude Bernard in 1878, 
that refers to blood and other tissues 
that maintain a constant internal 
environment inside the body, even 
in the face of external perturbations. 
In modern usage, ‘internal milieu’ is 
a general term that refers to organs 
and tissues of the viscera that are 
coordinated and regulated by the 
autonomic nervous system, the immune 
system and the endocrine system.

Labelled line
A hypothesized dedicated neural 
pathway between a sensory receptor 
and a neuron in the brain, such that the 
receptor fixes the neuron’s receptive 
field. Activity in the pathway would have 
an intrinsic meaning that corresponds 
to one specific quality or feature coded 
by the receptor.

Limbic core
See ‘Limbic edge’.

Limbic edge
The word ‘limbic’ in Latin means 
‘border’, ‘edge’ or ‘hem’. The term 
was originally used by the anatomist 
Paul Broca in 1878 (‘le grand lobe 
limbique’) to refer to the parts of the 
cerebral cortex that form a border 
or ring around subcortical nuclei. In 
this Perspective, ‘limbic edge’ refers 
to the hippocampus, subiculum, 
presubiculum, parasubiculum, medial 
entorhinal cortex, posterior 
orbitofrontal cortex, ventral anterior 
insula, and portions of cingulate, 
retrosplenial, parahippocampal and 
perirhinal cortices. These regions are 
architecturally allocortical, agranular 
(periallocortical) or dysgranular 
(proisocortical) and have monosynaptic 
connections to midbrain and brainstem 
nuclei that control the viscera and 
tissues of the body. This is not to be 
confused with the now discredited 
‘limbic system’ concept, which 
hypothesizes a set of brain structures 
devoted to emotion and motivation.

Mixed selectivity
A term used to describe individual 
neurons that have variable 
receptive fields and fire in relation to 
different signals, corresponding to 
different features. The meaning of any 
action potential in these neurons is 
relational and varies with context.

Precision signals
Signals that adjust the strength and 
reliability of prediction and prediction 
error signals. Precision signals function 
as attention signals.

Prediction signals
Memory-based patterns of feedback 
signals that forecast upcoming motor 
movements or anticipated feedforward 
signals.

Prediction error signals
Discrepancies between expected 
(feedback) signals and incoming 
(feedforward) signals that function as 
teaching signals in the brain.
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‘disconnection’ between the two motor systems. Intractable depression 
is associated with atrophy of the cingulum bundle, which connects 
primary visceromotor regions in the anterior cingulate with premo-
tor regions in the mid and posterior cingulate (for example, ref. 223). 
Deep-brain stimulation just anterior to the subgenual anterior cingulate 
results in repair of the cingulum bundle by oligodendrocytes224.

Correspondingly, the abstract ‘action concepts’, as discussed 
above, can  in fact be understood as representing the causal 
relationship225 between visceromotor and skeletomotor actions and 
their sensory consequences. In effect, feedback prediction signals, as 
candidates for categorizing incoming feedforward inputs, make those 
inputs meaningful in terms of energetics — in terms of the visceromotor 
movements and the skeletomotor movements that they support, 
as well as any acquisition of new resources (for example, ‘rewards’). 
On this interpretation, prediction error salience is a function of pre-
dicted allostatic value. A brain establishes whether and how to spend 
energy resources to learn any unanticipated sensory inputs (sensory 
prediction errors) to improve its predictive efficacy according to their 
anticipated future impact on energy regulation.

Summary
Metabolism is meaning. High-dimensional feedforward sensory signals 
are rendered equivalent in terms of energy regulation and action. The 
basic operating principle of the brain — categorization — grounds mean-
ing in allostatic control and efficient energy regulation across different 
levels of metabolic output. A ‘goal’ is a future (predicted) allostatic state 
of the system. ‘Motivation’ is any energy expended to achieve that goal. 
Categorization, by way of predictive categories, constrains and reduces 
the complexity and uncertainty of incoming sensory signals, thereby 
reducing costly uncertainty while supporting metabolic efficiency in 
action planning. A brain learns to construct categories, not to reduce 
prediction error per se, but to more optimally use motor commands 
to control future sensory events according to their allostatic cost, 
which the brain continually predicts and compares to the incoming 
viscerosensory signals that report on the energetic conditions of the 
body.  Consequently, categorization allows an animal to continually act 
on and modify its niche — the part of the world that is relevant to energy 

regulation and survival226. Metabolic efficiency, by way of effective cat-
egorization, translates into physical health and mental health, whereas 
inefficiency translates into illness. Metabolic efficiency also increases 
evolutionary fitness, both by increasing surplus energy available for 
mating, reproduction and caring for offspring and by decreasing the 
frequency with which an organism must seek nutrients and expose 
itself to predators4,209,227.

Conclusion
All animals categorize228. Even single-cell organisms can be said to 
categorize as they generalize from a varied past to predict and act in 
the service of allostasis in the spatiotemporal present229. However, the 
world does not come pre-sorted into categories. Categorizing may not 
involve detecting regularities post hoc but instead involves construct-
ing similarities from differences. In this Perspective, we have integrated 
phenomena at different levels of analysis and timescales to offer several 
provocative proposals: category construction, categorization and 
category learning arise from different combinations of signal com-
pression and decompression in a brain. Category construction occurs 
predictively at a slower timescale and involves the decompression of 
feedback signals to generate the motor control signals and sensory 
predictions signals that guide inference. Categorization occurs at a 
faster timescale when feedforward signals encounter the neural con-
text created by category construction. Category learning occurs at an 
even slower timescale as prediction errors are consolidated and made 
available for later category construction.

A category, therefore, may not be a representation that an animal 
has, but a signal processing event that an animal does, predictively, to 
constrain the meaning of a high-dimensional ensemble of incoming sig-
nals in a particular situation. Categorization renders these signals 
meaningful — similar to one another and to past allostatic events — in 
terms of some goal or function. Categories guide allostasis and action 
by anticipating incoming sensory signals and giving them meaning in 
terms of energy expenditure in the process of creating lived experience 
(whatever that means for the animal in question).

We placed allostasis, the predictive coordination and regulation of 
the body, at the core of categorization, on the basis of the anatomical, 

Proximal senses
Sensory modalities that report 
on conditions in or near the body 
(for example, olfaction, gustation and 
interoception). The primary sensory 
areas for proximal senses are located 
in or near the limbic edge of the 
cerebral cortex. For example, primary 
olfactory cortex (or piriform cortex, 
O1) is located in the agranular anterior 
insula, primary gustatory cortex (G1) 
is located in the dysgranular mid 
insula, and the dorsal mid portion of 
primary interoceptive cortex (I1) is in 
the dysgranular (the other portion of I1, 
which resides in dorsal posterior insula, 
is fully granular in structure). Unlike the 

primary sensory cortices for distance 
senses (vision, audition and aspects of 
somatosensation), O1, G1 and I1 do not 
display nearest-neighbour, array-to-
array mapping (for example, primary 
olfactory cortex does not contain a 
spatial map of olfactory receptors in 
the nasal epithelium). Much of the 
spatial dimensionality reduction and 
some temporal dimensionality 
reduction in these more proximal 
senses occurs before those signals 
reach their respective primary sensory 
areas in the cerebral cortex. Some 
aspects of somatosensation, such as 
proprioception (joint, limb or body 
position), may in fact be a proximal sense.

Rich club
A set of highly interconnected 
nodes with a high degree of mutual 
connectivity forming a central 
backbone of the connectome 
that is important for brain-wide 
neural synchrony.

Stochastic noise
Random fluctuations governed by a 
probability distribution (for example, 
Gaussian or Poisson). Outcomes vary 
even under the exact same conditions.

Visceromotor
The body’s organs and tissues are 
referred to as ‘viscera’. Control of these 

tissues is called visceromotor control. 
Visceromotor control areas in the 
cerebral cortex traditionally include 
the subgenual and pregenual anterior 
cingulate cortex, anterior mid cingulate 
cortex, posterior orbitofrontal cortex 
and ventral anterior insula. Other areas 
not typically considered important to 
visceromotor control, but that have 
direct monosynaptic connections 
to midbrain and brainstem nuclei 
that are involved in regulating the 
viscera, include the ventral portions of 
premotor cortex, entorhinal cortex, the 
hippocampus (dentate gyrus and CA) 
and subiculum.

Glossary (continued)
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physiological and brain imaging evidence we reviewed. This conceptual 
manoeuvre suggests that, fundamentally, a brain groups feedforward 
signals into equivalence classes and gives them meaning for the 
purpose of optimal energy regulation at the organismic level.

Taken together, these hypotheses and the inferences they give rise 
to offer the beginnings of a coherent neurocomputational framework, 
in line with a whole-brain approach to brain mind mapping (for exam-
ple, ref. 230). Our proposal is consistent with broad swaths of empirical 
evidence at different levels of analysis from different disciplines, some 
of which we covered in this review. Like any novel framework, however, 
our proposal is not definitive. Further experimentation is required to 
test, refine or reject the various hypotheses outlined here (see Box 3 
for examples of outstanding questions and future directions). Two 
simple but important course corrections in the literature would be 
(1) to extend investigations of the cerebral cortex all the way to the 
limbic edge (rather than stopping at lateral prefrontal cortex) and 
(2) to routinely include visceromotor measurements in studies of 
the mind, including studies that focus on the skeletomotor system 
(and vice versa). The mark of any new scientific idea is not necessarily 
which existing questions it answers but which new questions it offers.

More generally, our proposal suggests that sensation, perception, 
memory, action, decision making, goal-directed behaviour and so 
on may not arise from their own dedicated signal processing motifs 

but instead may be facets or mental features of each category event, 
arising from a common signal processing framework with allostasis 
at its core32. This broader view of categorization as a basic operating 
principle of the brain also has the potential to unite different scientific 
constructs for meaning making, including decision making, cognitive 
mapping, explanation and appraisal. Categories, constructed as cas-
cades of decompressing feedback or prediction signals, can describe 
reference signals (for example, ref. 231), forward models or simula-
tors (in a control theoretic sense) for the signals of relatively higher 
dimensionality that code more particularized features (for example, 
ref. 232). Predictively constructed categories, as outlined here, can also 
describe what it means for a brain to have generative, internal models 
(for example, ref. 233); to create perceptual simulations or perceptual 
inferences (for example, ref. 234), top-down inferences (for example, 
ref. 235), Bayesian inferences (for example, ref. 213), causal inferences 
(for example, ref. 225), latent cause inferences (for example, ref. 236) 
or policies (in reinforcement learning); to perform conceptual com-
bination (for example, ref. 237); or simply to remember (supported 
by Hebbian learning, not declarative memory specifically238,239). Inte-
grating these concepts with one another and with their metabolic 
costs and consequences could result in increased inferential power 
and usable ( justified) scientific knowledge from what are currently 
separate scientific domains.

Box 3 | A sample of outstanding questions and future directions
 

1.	 One of the core postulates is that category construction 
originates in limbic cortices, initiating a neural context for the 
compression and ultimate categorization of feedforward signals. 
For example, existing anatomical studies indicate that there are 
long-range connections between limbic cortices, such as the 
anterior cingulate cortex (ACC), and primary sensory regions, 
such as primary visual cortex (V1)271, as well as evidence that 
the ACC sends prediction signals to V1272. Given this evidence, 
and the fact that the ACC is a primary visceromotor region and 
a premotor association region in the skeletomotor system, we 
would hypothesize that the ACC routinely sends visual prediction 
signals to V1, and this does appear to be the case. These signals 
appear to be the source of neural firing in V1 after retinal lesions 
and subsequent visual deprivation273. More studies like this, with 
greater spatial and temporal specificity at the single-neuron level, 
as well as at populational levels of analysis, are required. It would 
also be important to examine how such dynamics allow for rapid 
categorization anywhere along the cortical hierarchy, reconciling 
evidence for rapid (~100 ms) category-selective responses in 
ventral temporal cortex (for example, as discussed in ref. 274).

2.	 Recent evidence suggests that feedback signals tend to synapse 
at the tufts or apical ends of cortical pyramidal dendrites (primarily 
in the upper layers and layer 5), whereas feedforward signals tend 
to synapse closer to the cell body (on basal dendrites)275. The 
apical dendrites have been observed to generate electrical spikes 
that control the responsiveness of basal dendrites and the cell 
body276. If this dynamic continues to be observed, it may imply 
that feedback signals are in a better spatial position to influence 
feedforward signals than vice versa, via the complex signal 
processing that occurs at dendrites (also see ref. 277).

3.	 Neurons in the superior colliculus, a multimodal subcortical 
structure that is important for vision, somatosensation and 
interoception, also contain signals for abstract sensory categories, 
underscoring how widespread categorization is in the brain278. 
How do such findings enrich or challenge the proposal outlined 
here?

4.	 Is spontaneous signalling in the brain synonymous with category 
construction? Existing evidence suggests so218,219. A more detailed 
analysis is warranted.

5.	 The idea that continuous category construction is a fundamental 
operating principle of the brain would benefit from more explicit 
mathematical testing. For example, would a computational model 
of continuous category construction be consistent with the notion 
of recursive neural programs (for example, ref. 279)?

6.	 If limbic hubs initiate category construction and play a substantive 
role in shaping the categorization of feedforward signals, 
then characteristic patterns of impairment, such as reduced 
abstraction, reduced granularity, diminished flexibility or 
increased reliance on sensory details, may correspond to damage 
or structural variation in these regions. This broad hypothesis 
is consistent with existing evidence but requires more specific 
testing.

7.	 How might computational or network-based models of 
categorization be useful in testing the hypotheses offered 
here? For example, could a network-based modelling 
approach empirically compare our neural context hypothesis 
of category construction against more traditional prototype 
or exemplar-based theories? Might our prediction error-based 
hypothesis for category learning be compared with dual-process 
theories of categorization?
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In addition, it is possible to speculate that neuropsychiatric 
disorders, neurodegeneration, other brain dysfunctions and even 
neurodiversity could be understood in terms of the abstractness, 
granularity or situatedness of a person’s categories, with conse-
quences for the flexibility and generativity of categorization and 
therefore for action, experience and energy efficiency. As we sug-
gested earlier in this Perspective, a brain that primarily relies on 
lower-dimensionality, abstract features of equivalence such as ‘neg-
ativity’, ‘threat’ or ‘reward’, for example, may be a brain that risks 
metabolic deficits from overgeneralization, context insensitivity, 
experiences that are low in granularity and poor episodic memory. This 
describes major depressive illness240,241. By contrast, an over-reliance 
on higher-dimensionality sensory and motor features of equivalence 
to the exclusion of lower-dimensional, multimodal abstractions risks 
metabolic deficits from an inability to sufficiently generalize. The 
result will be too much sensory complexity, persistent uncertainty 
and overly granular, inflexible responses. Such may be the case in 
some cases of neurodivergence, such as autism spectrum disorder 
(discussed in ref. 242). Both major depressive disorder and autism are 
associated with profound problems with energy regulation.

The few-to-many cortical gradient discussed here also aligns with 
various evolutionary and developmental changes in the vertebrate 
brain, including cortical expansion, allometric scaling across species, 
increased cerebral metabolism in the upper layers of the cerebral 
cortex and modified excitatory/inhibitory balance (see refs. 27,243 
for discussion and references therein). As a consequence, what may 
have changed across evolution and what may differ in vertebrate spe-
cies is the degree of abstraction that a brain is capable of constructing 
because of general brain-scaling functions, metabolic adaptations in 
the brain and, correspondingly, the signals available in an animal’s body 
and its niche (see refs. 67,242 and references therein). Compared with 
other vertebrates, humans live in an extended spatiotemporal world, 
making allostasis more challenging. The human brain’s capacity for 
category construction must be equal to the task. It can create highly 
abstract, functional similarities from broad arrays of spatiotemporal 
differences. Accordingly, the human brain has expanded association 
cortices in the frontal lobes, parietal cortex and inferotemporal cortex 
when compared with other primates, including other great apes (for 
example, ref. 244). There are also changes in metabolic costs of brain 
function (for example, ref. 245), particularly in the upper layers of the 
cerebral cortex (for example, refs. 246–248). Brain expansion and 
metabolic change potentially enable the increased signal compression 
and dimensionality reduction afforded in the human brain, creating 
the opportunity for categories of greater abstraction. Together, this 
expansion and the enhanced abstraction create the possibilities for 
human activities not available to other animals, such as the creation of 
social reality249 and the practice of science (as discussed in ref. 81). Via 
these activities, human brains collectively act on the world as a way of 
predictively regulating their own bodies and the bodies of others and 
then experience the world as it is relevant for that process. Evolution, in 
this sense, has conferred the capacity for humans to spatially and tem-
porally expand the energetic control of the human body ever further  
into the world.

Published online: xx xx xxxx
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