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Abstract

The ability to coactivate (or “superpose’) multiple conceptual representations is a fundamental function that we constantly
rely upon; this is crucial in complex cognitive tasks requiring multi-item working memory, such as mental arithmetic,
abstract reasoning, and language comprehension. As such, an artificial system aspiring to implement any of these aspects of
general intelligence should be able to support this operation. I argue here that standard, feed-forward deep neural networks
(DNNs) are unable to implement this function, whereas an alternative, fully brain-constrained class of neural architectures
spontaneously exhibits it. On the basis of novel simulations, this proof-of-concept article shows that deep, brain-like
networks trained with biologically realistic Hebbian learning mechanisms display the spontaneous emergence of internal
circuits (cell assemblies) having features that make them natural candidates for supporting superposition. Building on
previous computational modelling results, I also argue that, and offer an explanation as to why, in contrast, modern DNN's
trained with gradient descent are generally unable to co-activate their internal representations. While deep brain-con-
strained neural architectures spontaneously develop the ability to support superposition as a result of (1) neurophysio-
logically accurate learning and (2) cortically realistic between-area connections, backpropagation-trained DNNs appear to
be unsuited to implement this basic cognitive operation, arguably necessary for abstract thinking and general intelligence.
The implications of this observation are briefly discussed in the larger context of existing and future artificial intelligence
systems and neuro-realistic computational models.

Keywords Concept combination - Multi-item working memory - Brain-constrained modelling - Semantic representations -
Artificial cognitive system - Cell assembly - General intelligence

Introduction
Premise

The capacity of an (artificial or natural) cognitive system to
recall and maintain simultaneously active in its working
memory two or more internal representations is known as
“superposition” in neurocomputational modelling (Greff
et al. 2020; Milner 1974; Rosenblatt 1962; von der Mals-
burg 1986), “concept combination” in psychology and
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philosophy of mind (Costello and Keane 2001; Hampton
1991, 1997; Rips 1995; Wisniewski 1997), and “multi-item
working memory” in cognitive neuroscience (Axmacher
et al. 2010; Jensen and Lisman 2005; Lara and Wallis
2014; Yakovlev et al. 2005). This cognitive ability allows
us to mentally combine instances of any two (or more)
conceptual categories stored in semantic memory (Tulving
and Madigan 1970). For example, having previously
acquired the concepts of “apple” and “car”, one can
conjure up a mental image combining (in any arbitrary
spatial arrangement) two instances of these concepts.
Crucially, this is possible even when the semantic cate-
gories were learned independently, i.e., no two samples of
such concepts were ever “experienced together” (in the
example, assume the cognitive agent has never seen an
apple and a car in the same scene). Indeed, the ability to
combine familiar items’ representations in novel, arbitrary
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ways may well be the mechanism underlying the human
capacity to develop new internal representations such as
abstract concepts, which likely build upon yet go well
beyond what is normally perceived in the environment
(Barsalou and Wiemer-Hastings 2005; Borghi and Maz-
zuca 2023; Pulvermiiller 2013).

The present article focusses on the ability of a system to
dynamically (i.e., temporarily) co-activate the representa-
tions of two previously acquired concepts while still
maintaining such internal representations distinct and
functionally separate (the latter aspect is elaborated on
further below). It does not deal with the second important
issue mentioned above, namely, the ability to use the result
of a superposition operation to construct a novel conceptual
item. This choice is motivated by the fact that the presence
of a mechanism supporting the former process must be a
prerequisite for the implementation of the latter. In other
words, the emergence of a new internal representation
combining previously existing ones requires a system to be
able at least to support the co-activation of such multiple
instances (it is difficult to see how a system unable to
superpose its previously acquired representations could
develop new ones that encode such states of co-activation).
Thus, it seems justified to start by addressing the more
basic and fundamental issue of items superposition itself,
leaving the latter topic for a separate, dedicated treatment.

The idea of superposition is closely linked to the con-
cept of working memory (WM), which can be defined as
the brain/cognitive system that enables temporary storage
and manipulation of information needed for advanced tasks
such as language comprehension, problem solving, and
abstract reasoning. Intuitively, WM can be thought of as a
“mental workspace” where information (items, concepts,
goals) relevant to the task at hand is retained for a short
time and actively worked on (Baddeley 2003; Eriksson
et al. 2015; Fuster 1999; Goldman-Rakic 1995; Miller et al.
2018). Importantly, WM has a limited capacity: the aver-
age person can maintain co-active only up to four or five
items (Cowan 2001; Cowan et al. 2007); this capacity
limitation significantly influences higher cognitive func-
tions like reading, fluid reasoning, and general intelligence
(Conway et al. 2003; Engle et al. 1999; Lara and Wallis
2014). A large and growing body of works investigating
computational modelling of WM function and memory
cells’ emergence in the cortex exists (e.g., Amit and Brunel
1997; Camperi and Wang 1998; Compte et al. 2000; Deco
and Rolls 2003; Mongillo et al. 2008; Pulvermiiller and
Garagnani 2014; Tagamets and Horwitz 2000; Zipser et al.
1993, to name a few). The focus of this brief article is not
to propose a novel idea or candidate set of neural mecha-
nisms, but to contrast two existing types of neurocompu-
tational  architectures—deep, brain-constrained and
“standard” feed-forward multilayer neural networks—in
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terms of their ability to support a specific aspect of WM,
namely, the simultaneous activation (temporary storage) of
multiple (two or more) items. While some neurobiologi-
cally constrained models that spontaneously exhibit this
ability do exist (Szatmary and Izhikevich 2010; Ursino
et al. 2023), these either simulate just a single area, or
implement ad hoc, neuroanatomically unrealistic between-
layer connections. As argued later, using a deep (i.e., multi-
area) hierarchy with connectivity closely mimicking fea-
tures of real cortico-cortical projections may be crucial for
the emergence of internal circuits suitable to support cog-
nitive superposition.

It is important to clarify here the need for the above-
mentioned property of the superposition function—namely,
that the cognitive system must be capable to co-activate
two (or possibly more) internal representations while still
maintaining these representations distinct. This constraint
is needed to ensure that the system does not fall prey to the
well-known binding problem (Milner 1974), often referred
to as the “superposition catastrophe” (Page 2000; Rosen-
blatt 1962; von der Malsburg 1986), introduced below.

In what follows, it is assumed that a cognitive system
encodes all items (or concepts) as patterns of activity
(vectors) over a set of processing units, the internal
(“hidden”) nodes of a network (refer to Fig. 1). This is the
representation adopted by modern, deep (i.e., multi-layer)
Neural Networks (NNs) (Krizhevsky et al. 2012; LeCun
et al. 2015) and, more in general, by all architectures
adopting a Parallel Distributed Processing approach
(McClelland et al. 1986). In standard (deep) NNs, an “in-
ternal representation” can be defined as a state of nodes’
activities mapping an input-layer pattern to a correspond-
ing output-layer pattern, a mapping typically acquired as a
result of (gradient-descent) learning. Superposing two such
internal representations (i.e., co-activating the respective
input patterns) leads to a novel output that combines ele-
ments of the original ones. This is illustrated in Fig. 1A as
a novel object exhibiting morphed features of the two co-
activated items (rightmost panel). Indeed, images very
much like the one depicted in Fig. 1A (rightmost panel)
can be easily generated using a class of NNs known as
“Generative Adversarial Nets” (GANs) (Arjovsky et al.
2017; Brock et al. 2018; Goodfellow et al. 2014; Mirza and
Osindero 2014; Radford et al. 2015). While the ability of
such systems to classify and create realistic images, or
recognise speech, rivals our own (e.g., see Baraheem et al.
2023; Smit et al. 2021; Wang et al. 2020 for reviews), one
shortcoming of the “fully” distributed code that modern
NNs adopt is that the superposition of two learned repre-
sentations produces a new one which contains elements of
both, but in which the original elements can no longer
be uniquely identified. In other words, the result of co-
activating two distinct input patterns leads to a new activity
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Fig. 1 Superposition in standard (A) and brain-constrained (B) neural
networks. The vertical arrays represent a neural network’s set of nodes,
whose activity levels are indicated by grey scales and colour shadings.
A: In standard feed-forward NNs trained with back-propagation,
distinct sensory (or conceptual) items are learned as distinct vectors of
graded activities over the same set of nodes (which here may be coding
for visual features of objects, such as colour, shape, etc.). As any two
such activity vectors are generally not orthogonal, their sum (co-
activation) leads to a new vector from which the original components
cannot be uniquely identified. In the example, superposing the learned
representations for ‘green apple’ (Vi) and ‘yellow pear’ (V,) produces
an ambiguous vector V3 (depicted as a “blend” of the two original
items) which could also be the result of co-activating a ‘yellow apple’
and a ‘green pear’, or an infinite number of other pairs of items having
some in-between colours and shapes. B: In the class of brain-
constrained networks in focus here (trained with a biologically
constrained Hebbian learning rule — see main text), the network

vector which does not enable retrieving the exact features
of the two components (Page 2000; Pulvermiiller 2023;
Vanegdom et al. 2022). This is because, in such neu-
ral architectures, distinct entities are generally encoded as
non-orthogonal vectors over the same set of processing
units (see Fig. 1A). In fact, in an n-dimensional space,
for any given vector V, there is an infinite number of pairs
of non-orthogonal vectors V, and V, such that V, + V, =
V,; thus, the superposition of two (non-null) vectors V; and
V, produces a new vector V3 which is “ambiguous”, in the
sense that it could be the result of many different additions
of non-orthogonal vector pairs.
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correlates of distinct input items spontaneously emerge as distinct cell
assembly (CA) circuits made up of mostly disjoint sets of strongly
linked cells, each CA behaving as a functionally distinct unit having two
activity states (“on” and “oft”). In the example, activating the learned
representation for a ‘green apple’ involves the full “ignition” of CA#I,
depicted as a set of blue circles (active nodes) and arrows (links through
which activity is reverberating). Similarly for the circuit (cor)respond-
ing to a ‘yellow pear’ (CA#2, red circles & arrows). As the most active
cells of the two CAs — known as the CAs’ kernels (Braitenberg 1978) —
do not overlap, the network’s activity states respectively induced by the
ignition of CA#1 and CA#2 are quasi orthogonal (i.e., the strongly “on”
nodes of one state are “off” in the other, and vice versa). Although two
CAs may share a small portion of their constituent cells (light-blue and
light-red circles), these are only weakly linked to the CA kernel (dashed
arrows) and do not significantly contribute to its activity. Superposition
thus leads to a network state (CA#1 + CA#2) in which both circuits are
“on” but remain functionally distinct

In the example shown in Fig. 1A, the components of
network state (vector) V5 do not allow determining the
components of V| and V,, even when V3 is simply the sum
of V; and V, (let alone in the more general case, when V3
is a non-linear function f{) of V, and V,). Thus, the char-
acteristic features of the two original objects can no longer
be retrieved. An artificial or natural cognitive system must
be able to avoid such a “superposition catastrophe”: acti-
vating several items in WM should not imply a loss of
information about the original entities; rather, the system
should be able to integrate multiple representations while
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still maintaining the individual elements distinct, as
depicted in Fig. 1B (rightmost panel).

In view of the above considerations, I suggest that a
cognitive system may be deemed able to support cognitive
superposition if, and only if, both of the following condi-
tions hold:

A. The system is capable to maintain simultaneously
active internal representations of any two (or more) ar-
bitrarily chosen, previously acquired sensory (or con-
ceptual) items, as distinct elements;

B. The arbitrarily chosen elements may be such that the
system has never “experienced” them together in the
past.

Condition B. requires a system to be able to combine
representations which were acquired independently of each
other and which may have never been co-activated before.
In fact, a system that must have been exposed a priori to the
simultaneous presence in the environment of each possible
combination of items it may need to reason about would be
very limited: as argued below, the ability to combine
internal representations of previously learned, familiar
objects in a new, not previously experienced way seems to
be a pre-requisite for abstract reasoning, language, and
creative thinking, faculties that characterise our species and
are key to general intelligence (Arbib and Bonaiuto 2016;
Gazzaniga et al. 2018).

In the remainder of this short article I argue that (1)
superposition is a crucial building block for the emergence
of advanced thinking skills that any artificial cognitive
system should aim to support; (2) standard deep NNs are
trained in a way that makes their internal representations
inadequate to implement superposition; and (3) a class of
deep, brain-like neurocomputational architectures trained
with biologically realistic Hebbian-like learning mecha-
nisms exhibit the spontaneous emergence of distributed yet
functionally distinct internal circuits having features that
enable them to naturally support this fundamental cognitive
function.

Superposition is a fundamental cognitive ability

Superposition operations as defined in the above section
potentially underlie our mental capacity to create associa-
tions between multiple, previously and independently
acquired concepts. This appears to be a key functional
feature of our cognitive apparatus.

Anecdotal evidence showing that the human brain sup-
ports superposition is provided by a number of direct
observations. First, one must be able to activate two object
(or conceptual) representations during the same mental
operation when, for instance, one wishes to keep in mind
both for direct comparison (von der Malsburg 1999). Second,
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higher-level cognitive functions such as problem solving,
mental arithmetic, spatial and abstract reasoning, planning
and complex decision making, often considered character-
istics of general intelligence, appear to rely heavily on the
WDM’s ability to store and manipulate several items at the
same time (Conway et al. 2003; Engle et al. 1999; Lara and
Wallis 2014). Third, language usage constantly requires
superposition (Thornton 2021): sentences can contain any
arbitrary combination of two (or more) words referring to
concepts or objects which may have never been encountered
together in the same (physical or conceptual) context before.
Given our ability to understand such sentences, it follows
that our brain must be able to co-activate the representations
of the multiple referent objects a sentence may talk about.
Returning to the earlier example, the fact that the sentence
containing the words “apple” and “car” in the previous
section can be easily understood is direct proof of one’s
ability to co-activate the representations of these two con-
cepts in WM. In fact, over the last couple of decades several
researchers in the field of neurocomputational modelling of
language processing have been proposing the formation and
sequentially ordered co-activation of cell assembly (CA)
circuits—long-term memory traces hypothesized to emerge
spontaneously in the cortex as a result of associative mech-
anisms (Abeles 1991; Braitenberg 1978; Hebb 1949; Palm
1981; Singer et al. 1997; von der Malsburg 1986)—as one of
the main mechanisms underlying word learning and the
acquisition of syntax and grammar in the brain (Knoblauch
and Pulvermiiller 2005; Pulvermiiller 1999, 2000, 2003a,
2003b, 2013; Pulvermiiller and Fadiga 2010; Wennekers
et al. 20006).

Lastly, besides its manifest importance in language
processing and abstract reasoning and, recently, evidence
of it being implicated also in social cognition (Noguchi
et al. 2022), superposition—or, rather, addressing the
problem of the superposition catastrophe—has been long
since associated with modelling and explaining the brain
mechanisms underlying visual object perception and
recognition (Milner 1974; Rosenblatt 1962; von der
Malsburg 1986), as reviewed below.

Superposition catastrophe in standard neural
networks

Albeit designed with engineering goals in mind and not to
mimic brain function, modern, Deep and Convolutional
Neural Networks (D/CNNs) have been found to exhibit
features that reflect properties of some parts of the human
neocortex, suggesting common underlying organizational
and/or functional principles (Kriegeskorte 2015; LeCun
et al. 2015). In fact, when trained to classify a set of stimuli
(e.g., images of objects, speech sounds), the hidden layers
of DNNs develop types of responses that are, to an extent,
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similar to those observed experimentally in corresponding
hierarchies of cortical areas responsible for processing such
stimuli (Kriegeskorte 2015; Richards et al. 2019; Yamins
and DiCarlo 2016). For example, DCNNs trained with the
gradient-descent rule (or backpropagation) (McClelland
et al. 1986; Rumelhart et al. 1986) to classify images of
objects or letters were found to be able to explain and
predict neural responses observed in corresponding brain
areas located in the inferior aspect of the temporal lobes
(Giiglii and van Gerven 2017; Khaligh-Razavi and
Kriegeskorte 2014; Testolin et al. 2017), part of the so-
called “ventral stream” of visual information processing
(Mishkin et al. 1983; Ungerleider and Haxby 1994).

The analogy “DNN 2 hierarchy of areas for sensory
information processing”, however, has been put under
scrutiny: recent results suggest that DCNNs cannot fully
capture higher-level visual representations of real or arti-
ficial objects (Gale et al. 2020; Xu and Vaziri-Pashkam
2021a, 2021b); more generally, modern DNNs have been
reported to be fragile (Jozwik et al. 2017), exhibit limited
generalisation abilities (Greff et al. 2020) and fail to
incorporate elements considered essential to attain human-
like intelligence (Bishop 2021; Lake et al. 2017; Marcus
2018); cognitive superposition appears to be one of such
crucial elements.

Historically, a number of authors recognized that
achieving superposition in “standard”—i.e., multi-layer
perceptron, gradient-descent trained—neural networks is
problematic: DNNs have been claimed to inherently suffer
from the already mentioned superposition catastrophe
(Milner 1974; Page 2000; Rosenblatt 1962; von der
Malsburg 1986). In a NN modelling context, this issue can
be formulated as follows: given a network trained to
associate input and output patterns (pairs of activity vec-
tors), simultaneously activating two (or more) of the learnt
vectors in the input layer leads to a “blended” activation
pattern in the output layer which is ambiguous, i.e., which
might have been produced by more than just one combi-
nation of inputs (see Fig. 1A).

In an attempt to understand why brain-inspired systems
such as artificial neural networks turn out to be unable to
carry out a fundamental cognitive function the brain
effortlessly supports, some authors investigated whether
the superposition catastrophe pervasively afflicts all NNs or
whether, under certain circumstances, this problem may be
overcome. For example, using backpropagation-through-
time (Mozer 1995; Werbos 1988), Bowers and colleagues
trained a three-layer recurrent network to associate single
and superposed input patterns with corresponding (localist)
output patterns (Bowers et al. 2014). Their results showed
that the network was not only able to learn such associa-
tions, but that, as a result of training, many of its hidden
nodes spontaneously acquired a high degree of selectivity.

The fact that a network explicitly trained to produce the
desired superposed output for a set of superposed inputs
spontaneously develops so-called ‘localist’ representations
in its hidden layers led the authors to conclude that such
representations must play a role in the brain (Bowers et al.
2014). However, these results were not replicated: recently,
Nicolas Martin showed that an analogous recurrent NN
could be trained to produce the correct output for any set of
superposed input patterns without giving rise to the emer-
gence of highly selective nodes (Martin 2021). Crucially,
both studies fail to demonstrate a network’s ability to
superpose two independently learned representations, as
required by condition B. in the “Premise” section. In fact,
the requirement specified there is that superposition should
not need the corresponding items to have been a priori
“experienced” together by the system, whereas both
Martin and Bowers et al. used networks in which the rel-
evant representations were coactivated in the hidden layer
during training (Bowers et al. 2014; Martin 2021).

Taking a different approach, a number of scholars (e.g.,
Burwick 2006; Engel et al. 1991a, b; Hummel and Bie-
derman 1992; Schillen and Ko&nig 1994; Shastri and
Ajjanagadde 1993; Singer 1995) suggested that the brain
may solve the superposition catastrophe (and the closely
related “binding problem”) by means of rhythmic activity:
if all cells encoding the features of the same sensory item
(e.g., its colour, shape, size, etc.) fire in synchrony and
repeatedly, in a select phase of an oscillatory cycle, then
multiple objects can be superposed without any risk of
ambiguity, assuming distinct items are allocated distinct
phases (cf. Shadlen and Movshon 1999 for a critical
review). However, what the vast majority of such studies
don’t address is the exact neural mechanisms via which the
brain might maintain such precisely timed synchronisation
between “distant”, not directly linked neurons, and for
long periods of time (several seconds), without suffering
from cross-talk and interference, as required to perform
cognitive superposition.

Deep brain-constrained Hebbian-learning
nets support Cognitive Superposition

In the above introductory sections I argued that superpo-
sition is a fundamental cognitive skill, and reviewed some
studies which investigated the ability of backpropagation-
trained NNs to support this function. In this section I use
results from computational simulations as a proof of con-
cept to show that a class of deep (i.e., multi-area/multi-
layer), brain-constrained networks (Garagnani et al. 2016;
Garagnani and Pulvermiiller 2011, 2016; Garagnani et al.
2008, 2009a, b; Henningsen-Schomers et al. 2023; Pul-
vermiiller and Garagnani 2014; Pulvermiiller et al. 2021;
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Schomers et al. 2017; Tomasello et al. 2017, 2018, 2019),
in which distinct, stimulus-specific cell assembly (CA)
circuits (Braitenberg 1978; Hebb 1949; Palm 1981) spon-
taneously emerge as model correlates of input patterns, can
support superposition without suffering from interference.

The requirements A and B stated in the Premise as
necessary and sufficient conditions for a cognitive system
to be able to support superposition can be rewritten, in
neural network terms, as follows:

Definition A neural network model is said to support
cognitive superposition if, and only if:

(1) It allows co-ativation of any two vectors of hidden
nodes’ activities, associated with distinct input items
that were never presented together during the
training phase; and

(2) During co-activation, the two activity vectors are
combined in such a way that information about the
identity and features of the original components is
preserved.

Figures 2 depicts results of computational simulations
obtained with a six-area (or six-layer) deep brain-con-
strained network analogous to that used in (Garagnani et al.
2008). The top panel (areas A2—AS5) illustrates the structure
of five representative CAs which emerged as a result of
neurobiologically realistic learning. The bottom panel
(showing results from simulations obtained with an anal-
ogous architecture) plots percentage overlap between pairs
of learnt CAs as a function of the threshold vy, which was
used to determine the set of cells forming a CA circuit:
more specifically, a cell was “counted” as belonging to a
given CA if, and only if, its graded response during stim-
ulation with the relevant input patterns reached level y - M,
where M was the output of the maximally responsive cell
for that pattern (for details, see Garagnani et al. 2008;
Garagnani et al. 2009a, b).

Using an example in which two of the five CA circuits
shown in Fig. 2-Top are superposed, Fig. 3 provides a
proof-of-concept demonstration that criteria (1) & (2)
above are satisfied in a network trained using a Hebbian-
like learning rule that closely mimics known brain mech-
anisms of synaptic plasticity (see detailed description in the
figure’s caption); this learning rule is discussed further in
the next Section.

Cell Assemblies, CAs (Braitenberg 1978; Hebb 1949;
Palm 1981; von der Malsburg 1986) are sets of widely
distributed, strongly and reciprocally connected cells that
behave like distinct functional units having bistable char-
acter (“on” or “off” states). When deep, brain-constrained
neural networks are trained using (Hebbian and “anti-
Hebbian”) biologically realistic learning mechanisms
(Garagnani et al. 2016, 2008; Garagnani et al. 2007,
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Garagnani et al. 2009a, b; Pulvermiiller and Garagnani
2014; Pulvermiiller et al. 2014; Schomers et al. 2017,
Tomasello et al. 2018), minimally overlapping stimulus-
specific assembly circuits emerge, which exhibit interesting
properties. Of particular interest here, such CA circuits can
“ignite” and remain active in absence of any input for long
periods of time—in fact, indefinitely, if appropriate
parameters are chosen (see Fig. 3A), providing a putative
model correlate of working memory function (Pul-
vermiiller and Garagnani 2014; Pulvermiiller et al. 2014).
Crucially, as Fig. 3B demonstrates, CA circuits can be
coactivated without falling prey to the superposition
catastrophe, by virtue of their internal structure (strong and
reciprocal links between their constituent cells) and small
overlap, which enable them to behave as functionally dis-
tinct units.

While the idea of neural activity reverberating within
discrete cell assembly circuits (or synfire chains) has been
around in the brain theory literature for the most part of a
century (Abeles 1991; Braitenberg 1978; Hebb 1949;
Mesulam 1990; Milner 1957; Palm 1981; Pulvermiiller
1994; von der Malsburg 1986; Wennekers 2007), the
simulation snapshots reported here (Fig. 3) are the first to
document the superposition of CA circuits emerged spon-
taneously (i.e., via entirely unsupervised learning mecha-
nisms) in a fully brain-constrained, multi-area neural
network.

The ability of the architecture to allow two (or several,
in fact) CA circuits to be co-active without interfering with
each other is a consequence of the fact that such circuits
share only a very small percentage of their constituent cells
with each other. In other words, in the class of biologically
constrained architecture considered here, the spontaneously
emerging internal representations are such that their igni-
tions induce “quasi orthogonal” (or statistically uncorre-
lated) network activity states: this is because the different
CA circuits happen to be almost disjoint. Empirical mea-
sures obtained with the same neural architecture show that
the overlap between any two CA circuits constituted, on
average, less than 5% of their component cells (see Fig. 2,
bottom panel). The conditions that may enable such an
emergent property of cell assemblies are discussed in the
next section.

Returning to the proposal considered earlier (end of
section “Superposition Catastrophe in standard neural
networks”) of temporal binding via synchronous firing as a
possible solution to the superposition catastrophe, if CAs
do emerge in the cortex—as evidence from a growing
number of experimental reports indicates (see section
“Summary and Concluding Remarks” for a brief review
and discussion)—it is plausible that neuronal activity might
reverberate within them; if so, different frequencies, or
phases of such oscillations could be used to encode
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<«Fig. 2 Examples of Cell Assembly (CA) circuits and their overlaps.
Top: Five (out of 12 learned) CA circuits emerging in the six-layer
deep brain-constrained network used for the present study, having
structure, connectivity and learning mechanisms identical to that in
(Garagnani et al. 2008). Each network layer (or “area”), depicted as a
darker square, consists of 25 x 25 excitatory and 25 x 25 inhibitory
(not shown) graded-response cells. Pixels’ brightness indicates cells’
activity levels. Training was implemented by repeated concomitant
presentation of (binary) patterns to areas Al and A6, each pattern
activating 19 of the 625 cells. After 3,000 presentations, model areas
A2-AS5 exhibit distributed sets of cells strongly and selectively
responding to each of the input pattern pairs; these cells form the
emerging CA circuits. Note that the network response includes also
less active cells, which form part of the CA’s “halo” (Braitenberg
1978): these cells are only weakly (and not reciprocally) linked to the
strongly active CA cells, the CA’s kernel (see also Fig. 1B). The six
areas are serially (next-neighbour) and recurrently linked (not
depicted) via sparse, random and topographic projections (see
Garagnani et al. 2008 for details). Bottom: mean and maximal
overlap (% of shared cells) between the emerging CA circuits are
plotted as a function of the threshold y used to identify them: more
precisely, a cell is considered part of a CA circuit if its activity during
input stimulation (Top panel) reaches a given level, proportional to 7.
Note that the maximal overlap between any pair of CA circuits
remains below 5% for a wide range of threshold values (adapted from
Garagnani et al. 2008, their Fig. 8)

different items or events, as some experimental studies
appear to indicate (Canolty et al. 2010; Kerrén et al. 2022;
Lundqvist et al. 2016; Vaz et al. 2020). Indeed, sponta-
neous oscillatory dynamics of CAs have been previously
documented in a spiking brain-constrained model analo-
gous to the present one (Garagnani et al. 2017); these
results, and related computational works (Traub et al. 1996;
Vicente et al. 2008), provide neuromechanistic accounts
for the experimentally observed zero-lag synchronization
between distant, non-directly connected cortical areas,
which has been suggested to be the hallmark of widely
distributed neuronal ensembles (Konig et al. 1995; Plenz
and Thiagarajan 2007; Singer 1994). Such long-range
synchronization has been reported in both humans and
animals during specific cognitive tasks or in response to
stimuli (Engel et al. 1991a, b; Lachaux et al. 2005;
Rodriguez et al. 1999; Roelfsema et al. 1997; Supp et al.
2004; von Stein et al. 2000; see Harris and Gordon 2015 for
a review).

Why do standard DNNs fail to support
cognitive superposition?

One might ask what features prevent backpropagation-
trained DNNs (LeCun et al. 2015; McClelland et al. 1986;
Rumelhart et al. 1986) to learn input—output mappings
consisting of quasi-orthogonal vectors, which could then be
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coactivated without producing a “blend-like”, ambiguous
output pattern. To answer this question, it is helpful to first
try to understand what key characteristics brain-like net-
works possess which enable the emergence of stimulus-
specific and mostly disjoint cell assembly circuits therein,
and which are absent in standard DNNS.

A first main distinction between these two types of
architectures lies in the learning mechanism used. In par-
ticular, the class of brain-constrained networks considered
here (Garagnani et al. 2016, 2008; Garagnani and Pul-
vermiiller 2011, 2016; Garagnani et al. 2009a, b; Hen-
ningsen-Schomers et al. 2023; Pulvermiiller and Garagnani
2014; Schomers et al. 2017; Tomasello et al.
2017, 2018, 2019)—(see Pulvermiiller et al. 2021 for a
review) adopt a local synaptic plasticity rule (the “ABS
rule”) which closely replicates neurophysiological phe-
nomena known to take place in the cortex (Artola et al.
1990; Artola and Singer 1993), namely, Long-Term
Potentiation (LTP)—or Hebbian synaptic strengthening—
and Long-Term Depression (LTD), or ‘anti-Hebbian’
synaptic weakening (for reviews, see Bi and Poo 2001;
Caporale and Dan 2008; Malenka and Bear 2004; Tsumoto
1992). The way in which these two processes of weights
increase and decrease concomitantly act during the for-
mation of cell assemblies is key to the emergence of quasi-
disjoint circuits, as explained below.

In fact, by means of both Hebbian and anti-Hebbian
mechanisms, a cell / node becomes “bound into” an
emerging CA circuit as a result of two gradual, simulta-
neous processes: First, LTP induces strengthening of links
between cells which are frequently coactive; hence, a
node’s links to and from other cells that are—directly or
indirectly—activated by the same input pattern (and which
will become part of the same CA circuit) are progressively
strengthened, until they reach their maximum (or “satura-
tion”) weight value. Second, LTD leads to the weakening
of connections between cells whose activities are anti-
correlated; if the different input items are learned inde-
pendently (i.e., if each of the items to be learned is pre-
sented separately), the activities of the cells that each
distinct pattern activates will be anti-correlated. Thus, the
links between the nodes of an emerging CA circuits and
cells stimulated by other input items will be progressively
weakened. This behaviour in essence implements the fun-
damental idea of “recruitment learning” (Valiant 2000): a
node is considered recruited when it becomes selectively
responsive to one (and only one) stimulus or item. In this
sense, all cells of a given CA circuit are recruited (via
Hebbian strengthening, or LTP) to respond to the same
input; at the same time, they are also gradually “cut off”
(through anti-Hebbian weakening, or LTD) from all other,
non-relevant cells (originally linked to them), which might
end up being bound into a different CA. As a result, the
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«Fig. 3 Cell assemblies in deep brain-constrained neural networks, and their superposition. A: Snapshots of current and recent network activity
during self-sustained reverberation of each of the five cell-assembly circuits shown in Fig. 2. (Left): Each of the five rows depics a snapshot of
the network activity (including the two input areas) taken when one of the five CAs circuits showin in Fig. 2-Top was fully active (“ignited”)
and exhibited reverberant activity in absence of any input. The activity within the circuit was self-sustained, and the system was in a fixed-point
attractor state (though minor oscillations around the fixed point were observed). Also note that only a subset of the cells identified in Fig. 2-Top
as forming the CA circuits is showing high activity levels; in particular, the most “peripheral” areas Al and A6 (where the input patterns were
presented during training) contain only a few active CA cells, suggesting that the kernel of the CA circuits lies mainly in the four “central” areas
(A2-AS5) of the arhictecture. The reason for the only partial binding (and reconstruction) of the stimulus patterns into the cell assembly is to be
found in the sparse — as opposed to ‘all-to-all’ — between- and within-area connectivity of the network: due to the low density of recurrent and
between-area projections, some of the cells directly stimulated by the inputs to areas Al and A6 happen to be linked neither to other co-active
cells in such areas nor to (CA) cells the patterns indirectly activate in other layers. (Right): Each of the five snapshots shows the recent history of
the total within-CA activity (calculated as the sum of the responses of all cells belonging to a CA circuit) for the twelve CAs the network had
learned. Specifically, each of the six smaller quadrants displays the raster plots of the within-CA activities during the last 150 simulation time
steps. Within a quadrant, each row shows (using a suitably normalised gray scale) the total activity within each CA circuit (first row for CA #1,
second row for CA #2, etc.). Thus, for example, a vertical segment at a given time point reveals that a greater-than-zero portion of CA cells was
active in that area. Significant persistent per-area activities within any of the 12 CA circuits are thus visible as bright “bands” on the relevant
rows (as CAs #6 — #12 are not depicted, only the first five rows show activity). Note that, consistent with the previous observation of the CA
kernels being mostly in the four central model areas, self-sustained CA activities tend to be weaker in the two peripheral areas (Al, A6) — see,
e.g., the low percentage of the input pattern reconstructed by reactivation of CA #4 in area Al (only 2-3 cells out of the original 19-cell pattern),
as indicated by the almost invisible gray band in the corresponding quadrant (see red dashed oval). B: Representative example of CA
superposition. Overall network activity is plotted at nine ordered time points (arbitrarily chosen) during an episode of two CA-circuits’
dynamic superposition. (Left): snapshots of current network activity (six areas and two input patterns). (Right): raster plots of total within-CA
activities for the corresponding network states shown on the left. Initially (time ty) the network is in a stable state, showing persistent, self-
sustained activation of CA #5 (note the bright bands in the fifth row, right-hand side panel). At time t; the inputs to Al and A6 are set to the
patterns that led to the emergence of circuit CA #2 (cf. Figure 2-Top). During the following time steps (t»-t3), the second CA circuit (CA
#2) ignites, with its cells ‘lighting up’ first in Al and A6 and then rapidly extending to the central areas. By time t,, activity is stable and shows
superposition of CAs #2 and #5 (note the corresponding activity bands on rows 2 and 5 in all network areas — Right). In this example, the
strengths of the internal links of the second assembly were insufficient to allow this circuit to enter a state of self-sustained reverberant activity:
when external stimulation is removed (time ts), activity within CA #2 starts to fade (again from network “periphery” towards “centre”), as the
gaps appearing — and growing increasingly larger (ts.7) — at the rightmost ends of the raster plots on the second row show. By time tg, the network
has returned to its initial state, with CA #5 still being “on” (self-sustained). This demonstrates that co-ctivation of CA #2 interfered only
minimally with CA #5’s own activity: thanks to the strong links connecting the circuit’s kernel cells, the minor perturbation in CA #5’s halo (see
orange-dashed ovals) caused by CA #2’s full ignition did not affect CA #5’s overall “on” state. Hence, the two CAs behaved as distinct, bi-
stable functional units, and their superposition caused no loss of information about the identity of the co-active circuits

emerging CA circuits consist of almost disjoint sets of  back-propagated—to a set of weight changes distributed

cells; this prevents activity within a cell-assembly circuit to
be significantly affected by that of another, potentially co-
active, CA circuit, thus enabling superposition.

Note that any nodes belonging to the (small) overlap
between sets of cells activated by two distinct input pat-
terns (i.e., shared by two emerging CA circuits) remain
only weakly linked to the circuits’ kernels (see dashed
arrows in Fig. 1B); such units are confined to the respec-
tive CA’s “halos” (Braitenberg 1978) because they consist
of cells that two (or more) competing emerging CA circuits
are simultaneously attempting to recruit (Garagnani et al.
2009b). It should be highlighted here that other synaptic
plasticity rules—amongst which the well-known BCM rule
(Bienenstock et al. 1982)—typically achieve the same
temporal-competition effect between different input pat-
terns by means of homeostatic weight scaling mechanisms,
whose presence in the cortex lacks strong neuroscientific
evidence (see Garagnani et al. 2009b for a discussion).

Consider now the main weight-change mechanism
implemented by back-propagation, or gradient-descent
learning. In a network with n layers, the target error-driven
activity change of a node in layer n is reduced—namely,
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across the node’s incoming links from all cells in layer
n—1. These, in turn, are back-propagated to target changes
in links from layer n—2, and so on, down to layer n=0, the
input layer (LeCun et al. 2015; McClelland et al. 1986).
This is repeated for each output node, and (many times) for
each input—output pattern pair to be learned. Crucially,
because of this interleaved process of “error redistribu-
tion”, no single node of the network becomes fully selective
to a specific input item. In fact, the weights of the links in
input to a node do not tend towards a bimodal distribution
(with a few close to 1.0 or saturation and the rest close to
0.0, the hallmark of selectivity), but towards a uniform one.
Hence, all cells projecting to a node remain involved—to
different degrees—in determining its response to a given
input. As this applies to all nodes of the hidden and output
layers, the activity of each node of the network contributes
to every successfully learned output vector. Thus, distinct
input—output pairs are learned as (generally non-orthogo-
nal) patterns of graded activities distributed over the same
set (or significantly overlapping sets) of nodes, and
superposition of any two of them produces a novel vector
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from which the original ones cannot be retrieved (refer to
Fig. 1A).

A second important aspect which, in brain-constrained
architectures, likely plays a role in the emergence of quasi-
disjoint CA circuits is the presence of sparse and topo-
graphic between-area projections. Unlike in standard NNs,
connectivity in the mammalian brain is not “all-to-all”: a
single neuronal cell does not project to all cells within the
adjacent cortical area (or column). Instead, synaptic pro-
jections in the cortex are typically sparse, patchy, and to-
pographic (Amir et al. 1993; Braitenberg and Schiiz 1998;
Gilbert and Wiesel 1983, 1989). As a result, if two (over-
lapping) patterns are being superposed in area n, their
sparse projections to area n + 1 will—on average—acti-
vate an overall smaller number of cells than in area n.
Hence, the per-area number of cells that belong to the two
projections’ overlap decreases from area n to n + 1
(O’Reilly and Munakata 2000, p. 291). As evidence indi-
cates that sensory and motor information in the brain is
processed by (modality preferential) hierarchies of layers,
each hierarchy consisting of reciprocally and topographi-
cally linked cortical areas (e.g., Petrides and Pandya 2009;
Rauschecker and Tian 2000; Ungerleider and Haxby 1994;
Ungerleider and Mishkin 1982), moving further up in a
processing stream is expected to lead to patterns that are
progressively less overlapping. This highlights a third key
aspect of brain-like architectures (in this case, shared by
DNNs) which may contribute to the emergence of disjoint
circuits; namely, their deep structure, by virtue of which
patterns initially overlapping in the lowest layer of the
hierarchy are gradually “pulled apart” as activity propa-
gates towards deeper layers. This hypothesis is supported
by recent neurocomputational modelling results obtained
with an architecture analogous to the present one (Hen-
ningsen-Schomers et al. 2023).

Sparse between-area projections on their own, however,
do not appear sufficient to guarantee the acquisition of
stimulus-specific, minimally overlapping internal repre-
sentations. In fact, consider, for example, a sparsely con-
nected DNN, trained using backpropagation. Given two
distinct target output patterns, the weight changes that
learning each of them separately induces will end up—after
a few steps of back-processing through the hidden layers—
involving significantly overlapping sets of links in earlier
layers (though the exact number of steps needed for this
“mixing up” to happen does depend on the sparseness and
topography of the connectivity). While further work
investigating the use of more biologically realistic con-
nectivity in DNNs is needed to bolster this conjecture,
recent results obtained with backprop-trained networks in
which the size and type of coactive input patterns—dense
versus sparse—were varied (Vanegdom et al. 2022) appear
to confirm the above hypothesis. It seems, therefore, that it

is the presence of a local learning rule able to induce input
selectivity in conjunction with sparse and topographic
between-area projections that enables quasi-orthogonal
input-specific circuits to emerge in deep neural
architectures.

Summary and concluding remarks

In this short paper I have tried to show that: (1) superpo-
sition is a basic operation that any artificial system aiming
at implementing human-like, general intelligence should
support; (2) deep, brain-constrained architectures with
biologically realistic learning and connectivity exhibit the
emergence of internal circuits which, by virtue of their
structural properties—i.e., minimal overlap—and dynam-
ics, provide a natural substrate for the implementation of
superposition; and (3) backpropagation training of standard
DNNs leads to internal representations that are gener-
ally non-orthogonal (i.e., patterns of graded activities uni-
formly distributed over the same hidden nodes), hence
inadequate to support this function.

The claim emerging from the above is that, in order to
explain a key cognitive ability the human brain effortlessly
supports, something more “brain-constrained” than DNNs
with all-to-all connectivity and gradient-descent training is
needed (Pulvermiiller 2023; Pulvermiiller et al. 2021).
Deep network architectures with Hebbian and anti-Hebbian
learning mechanisms which spontaneously develop quasi-
orthogonal, input-selective, functionally distinct and dis-
tributed CA circuits may be a possible answer. This claim,
however, does not rule out the possibility that these two
types of neural codes (graded and mostly overlapping vs.
discrete and quasi-orthogonal—see Fig. 1A, B, respec-
tively) may coexist in the cortex, and be used as and when
appropriate, depending on the specific task at hand. In fact,
using non-orthogonal graded-activity vectors can be
advantageous when a system’s response should change in a
“smooth-like”, continuous manner as a function of gradual
changes in its input. This behaviour may underlie, for
example, part of our ability to generalise across perceptu-
ally similar items (O’Reilly and Munakata 2000). Due to
their discrete, bistable (“on” or “off”) character, CA cir-
cuits do not exhibit such flexible behaviour: presenting an
input pattern that differs from the learned, “familiar” one a
CA circuit is selective to can produce either the circuit’s
full ignition, or the absence thereof, but nothing in
between. Thus, graded differences in the input are discre-
tised into “all-or-none” responses, which would seem to
make a CA-based architecture sub-optimal when it comes
to implementing a generalisation mechanism based on
degrees of similarity. On the other hand, CA circuits offer a
higher level of robustness than codes relying solely on fully

@ Springer



Cognitive Neurodynamics

distributed patterns. In fact, a neocortical CA circuit is
estimated to include from a few thousands to several tens
of thousands neurons (Palm 1993). Notably, all cells of a
CA circuit are recruited to perform the same function—
namely, to become active (or switch “on”) only in pres-
ence of a specific input pattern and remain inactive (“off”)
otherwise; such a high degree of redundancy makes CA
circuits extremely fault tolerant and resilient to noise. The
same cannot be said of fully distributed architectures,
characterised by states of graded activity in which, as
argued in the previous section, the specific activity (or
lesion) of a single node may have a significant impact on
the overall network’s output.

One question that still awaits a conclusive experimental
answer is whether quasi-orthogonal, input-selective, dis-
tributed CA circuits like those observed in the pre-
sent simulations actually emerge in the cortex. A growing
body of evidence providing indirect support for the pres-
ence of cell assembly-like activity in the brain comes from
neuroimaging studies in humans, single-cell recordings in
animals, as well as invasive recordings in patients. For
example, a number of studies have identified patterns of
synchronized neural activity in response to stimuli or
during specific cognitive tasks, which have been inter-
preted as reflecting activity reverberating within specific
cell assembly circuits (Buzsaki 2004; Canolty et al. 2010;
Gray et al. 1989; Kreiter and Singer 1992, 1996; Pul-
vermiiller et al. 1995). Others have documented larger
neurophysiological (including oscillatory) responses to
familiar, meaningful stimuli than to unknown, senseless
material, taking this to index the ignition of corresponding
learnt CA circuits—and the absence thereof, respectively—
in the cortex (Canolty et al. 2007; Craddock et al. 2015;
Gao et al. 2013; Garagnani et al. 2009a, b; Hassler et al.
2011; Krause et al. 1998; Lutzenberger et al. 1994; Mainy
et al. 2008; Pulvermiiller et al. 1996, 2001; Shtyrov and
Pulvermiiller 2002; Tallon-Baudry et al. 1996). Direct
experimental evidence for the existence of CA circuits in
the cortex, however, remains elusive (for a review and
perspective, see Buzsdki 2010). Given this, demonstrating
that such putative circuits are mostly disjoint (i.e., that the
activity states they induce are quasi orthogonal) may seem
an even harder enterprise. That said, sparse and approxi-
mately orthogonal neural activity has been actually docu-
mented in the so-called “place cells” of the rodent
hippocampus during spatial navigation tasks (Barnes et al.
1990; O’Keefe and Dostrovsky 1971; Pfeiffer and Foster
2013; Wilson and McNaughton 1993). Intriguingly, some
recent studies did report the presence of an orthogonal
neural code also in the neocortex (Flesch et al. 2022;
Gennari et al. 2021; Mao et al. 2017). Additionally, one
main strategy the cortex may use to achieve orthogonality
between its representations consists of adopting a sparse
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(and distributed) code. In fact, if a CA circuit comprises a
very small fraction of the full set of cortical neurons, given
a random and patchy distribution of CA cells over the two
hemispheres, the probability of any two circuits to exhibit a
substantial overlap is very low; furthermore, as a result of
the recruitment learning mechanisms, such overlap is
expected to be relegated to the “halo” part of the assem-
blies (see Fig. 1B). In practice, this leads to mostly disjoint
circuits. Indeed, there is substantial evidence indicating
that the cortex does make use of sparse representations
(e.g., R. Baddeley et al. 1997; Beyeler et al. 2019; Cox and
Riesenhuber 2015; Jaiskeldinen et al. 2022; Liang et al.
2019; Olshausen and Field 1996; Reddy and Kanwisher
2006; Rolls and Tovee 1995; Tang et al. 2018; Vinje and
Gallant 2000). Therefore, while direct, conclusive proof for
the existence of quasi-orthogonal cell assembly circuits in
the cortex is still missing, a large body of indepen-
dent results (ranging from single-cell recordings and neu-
roimaging studies—see above—to neuroanatomical data
about sparse connectivity, to solid evidence for the exis-
tence of neurophysiological processes implementing both
Hebbian—LTP—and anti-Hebbian—LTD—Ilearning)
together provide compelling evidence in support of this
hypothesis.

In line with the above, some scholars have started to
explore the use of more biologically accurate, sparse con-
nectivity and Hebbian mechanisms in (deep) feedforward
and recurrent NNs (Amit 2019; Bahroun et al. 2017,
Bolcskei et al. 2019; Frenkel et al. 2021), suggesting this
may be a fruitful future direction in the emerging area of
cognitive Al systems.

Investigating how the type of between-area connectivity
affects the superposition and working memory capacities
of deep brain-like networks also seems an important future
avenue of research. In fact, previous simulations carried
out with a (spiking) model similar to the present one
showed that the between-area (so-called “jumping”) links
connecting non-adjacent brain regions (present in humans
but absent or weaker in nonhuman primates) lead to
superior verbal WM skills, providing a possible explana-
tion for our species-unique language abilities (Schomers
et al. 2017). Following up on this work, in novel experi-
ments carried out with a brain-like architecture analogous
to the present one we investigated the properties of net-
works having different “depths”, and, hence, developing
cell assembly circuits with different total-area spans
(Garagnani et al., in preparation). Preliminary results show
that, as the hierarchy depth increases, so does the maximal
number of CA circuits the system is able to superpose.
Intriguingly, such a ‘superposition capacity’ appears to
asymptote as hierarchical depth increases. This would
suggest the existence of an architectural upper bound on
the maximum number of CA circuits that may be coactive,
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which could be directly related to the well-known limited
capacity of human working memory (Cowan 2001; Cowan
et al. 2007). While these predictions await statistical (and
experimental) validation, they point to a possible factor that
could help explain the phylogenetic growth in size of the
human brain, unmatched by that of our closest nonhuman
primate relatives (Avants et al. 2006; Preuss 2011). In par-
ticular, such preliminary computational results suggest that
the significant expansion of cortical-association areas in
humans (leading to an increase in the network’s depth) could
have been driven, in part, by the resulting evolutionary
advantage provided by better working-memory skills. The
ability to maintain several items simultaneously active in
WM—while preserving their original features—appears
crucial, amongst other things, for enabling the emergence of
theory-of-mind and social-cognition skills (Meyer and Col-
lier 2020; Noguchi et al. 2022), and the construction of a
“language-ready” brain (Arbib 2009, 2017).

To conclude, it is remarkable that, although the inher-
ently fully-distributed and graded character of the repre-
sentations learned by backpropagation-trained nets may
well be inadequate to support superposition, the multi-layer
structure of D/CNNs—a pervasive feature of information
processing in the cortex—might turn out to be a pre-req-
uisite for the emergence of some of the fundamental
building blocks of cognition. Just like the implementation
of neurobiologically accurate computational models, his-
torically motivated by questions concerning brain function,
is now a promising direction for the development of
new cognitive Al systems, the use of deep architectures,
standard practice in nowadays artificial NNs, may be key
in future large-scale brain-constrained modelling efforts to
gaining a better understanding of human intelligence.

Acknowledgements The Author wishes to thank Eamonn Martin and
the Computing Department at Goldsmiths for providing the infras-
tructure needed to run the present simulations. Special thanks also to
Thomas Wennekers and Giinther Palm for the enlightening exchanges
on cell assemblies, to Nikolay Nikolaev for his collaboration on
multi-layer perceptrons, and to Friedemann Pulvermiiller for the
innumerable and invaluable discussions about the brain.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

Data availability All datasets generated during and/or analysed for the
current study are available upon request from the author.

References

Abeles M (1991) Corticonics - neural circuits of the cerebral cortex.
Cambridge University Press, Cambridge

Amir Y, Harel M, Malach R (1993) Cortical hierarchy reflected in the
organization of intrinsic connections in macaque monkey visual
cortex. J Comp Neurol 334(1):19—46

Amit Y (2019) Deep learning with asymmetric connections and
hebbian updates. Front Comput Neurosci 13:18. https://doi.org/
10.3389/fncom.2019.00018

Amit DJ, Brunel N (1997) Model of global spontaneous activity and
local structured activity during delay periods in the cerebral
cortex. Cerebral cortex (New York, NY: 1991) 7(3):237-252

Arbib MA (2009) Evolving the language-ready brain and the social
mechanisms that support language. J Commun Disord
42(4):263-271. https://doi.org/10.1016/j.jcomdis.2009.03.009

Arbib MA (2017) Toward the language-ready brain: biological
evolution and primate comparisons. Psychon Bull Rev
24(1):142-150. https://doi.org/10.3758/s13423-016-1098-2

Arbib MA, Bonaiuto JJ (2016) From neuron to cognition via
computational neuroscience. MIT Press, Cambridge

Arjovsky M, Chintala S, Bottou L (2017) Wasserstein generative
adversarial networks. In: Paper presented at the 34th interna-
tional conference on machine learning, Sydney, Australia

Artola A, Singer W (1993) Long-term depression of excitatory
synaptic transmission and its relationship to long-term potenti-
ation. Trends Neurosci 16:480-487

Artola A, Brocher S, Singer W (1990) Different voltage-dependent
thresholds for inducing long-term depression and long-term
potentiation in slices of rat visual cortex. Nature 347:69-72

Avants BB, Schoenemann PT, Gee JC (2006) Lagrangian frame
diffeomorphic image registration: morphometric comparison of
human and chimpanzee cortex. Med Image Anal 10(3):397-412.
https://doi.org/10.1016/j.media.2005.03.005

Axmacher N, Henseler MM, Jensen O, Weinreich I, Elger CE, Fell J
(2010) Cross-frequency coupling supports multi-item working
memory in the human hippocampus. Proc Natl Acad Sci
107(7):3228-3233

Baddeley A (2003) Working memory: looking back and looking
forward. Nat Rev Neurosci 4(10):829-839

Baddeley R, Abbott LF, Booth MC, Sengpiel F, Freeman T,
Wakeman EA, Rolls ET (1997) Responses of neurons in primary
and inferior temporal visual cortices to natural scenes. Proc R
Soc Lond Ser B Biol Sci 264(1389):1775-1783

Bahroun Y, Hunsicker E, Soltoggio A (2017) Building efficient deep
hebbian networks for image classification tasks. In: Paper
presented at the artificial neural networks and machine learning
— ICANN 2017, Cham

Baraheem SS, Le TN, Nguyen TV (2023) Image synthesis: a review
of methods, datasets, evaluation metrics, and future outlook.
Artif Intell Rev 1-53

Barnes CA, McNaughton BL, Mizumori SJ, Leonard BW, Lin L-H
(1990) Comparison of spatial and temporal characteristics of
neuronal activity in sequential stages of hippocampal processing.
In: Storm-Mathisen J, Zimmer J, Ottersen OP (eds) Progress in
brain research. Elsevier, Amsterdam, pp 287-300

Barsalou LW, Wiemer-Hastings K (2005) Situating abstract concepts.
Ground Cogn Role Percept Action Memory Lang Thought
129-163

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3389/fncom.2019.00018
https://doi.org/10.3389/fncom.2019.00018
https://doi.org/10.1016/j.jcomdis.2009.03.009
https://doi.org/10.3758/s13423-016-1098-2
https://doi.org/10.1016/j.media.2005.03.005

Cognitive Neurodynamics

Beyeler M, Rounds EL, Carlson KD, Dutt N, Krichmar JL (2019)
Neural correlates of sparse coding and dimensionality reduction.
PLoS Comput Biol 15(6):e1006908

Bi GQ, Poo MM (2001) Synaptic modification by correlated activity:
Hebb’s postulate revisited. Annu Rev Neurosci 24:139-166

Bienenstock EL, Cooper LN, Munro PW (1982) Theory for the
development of neuron selectivity: orientation specificity and
binocular interaction in visual cortex. J Neurosci 2:32-48

Bishop M (2021) Artificial intelligence is stupid and causal reasoning
will not fix it. Front Psychol 11:2603. https://doi.org/10.3389/
fpsyg.2020.513474

Bolcskei H, Grohs P, Kutyniok G, Petersen P (2019) Optimal
approximation with sparsely connected deep neural networks.
SIAM J Math Data Sci 1(1):8-45

Borghi AM, Mazzuca C (2023) Grounded cognition, linguistic
relativity, and abstract concepts. Top Cogn Sci

Bowers JS, Vankov II, Damian MF, Davis CJ (2014) Neural networks
learn highly selective representations in order to overcome the
superposition catastrophe. Psychol Rev 121(2):248-261. https://
doi.org/10.1037/a0035943

Braitenberg V (1978) Cell assemblies in the cerebral cortex. In: Heim
R, Palm G (eds) Theoretical approaches to complex systems, vol
21. Springer, Berlin, pp 171-188

Braitenberg V, Schiiz A (1998) Cortex: statistics and geometry of
neuronal connectivity, 2nd edn. Springer, Berlin

Brock A, Donahue J, Simonyan K (2018) Large scale GAN training
for high fidelity natural image synthesis. arXiv preprint arXiv:
1809.11096

Burwick T (2006) Oscillatory networks: pattern recognition without a
superposition catastrophe. Neural Comput 18(2):356-380.
https://doi.org/10.1162/089976606775093864

Buzsaki G (2004) Large-scale recording of neuronal ensembles. Nat
Neurosci 7(5):446-451

Buzsaki G (2010) Neural syntax: cell assemblies, synapsembles, and
readers. Neuron 68(3):362-385

Camperi M, Wang X-J (1998) A model of visuospatial working
memory in prefrontal cortex: recurrent network and cellular
bistability. ] Comput Neurosci 5:383-405

Canolty RT, Soltani M, Dalal SS, Edwards E, Dronkers NF,
Nagarajan SS, Kirsch HE, Barbaro NM, Knight RT (2007)
Spatiotemporal dynamics of word processing in the human brain.
Front Neurosci 1(1):185-196. https://doi.org/10.3389/neuro.01.
1.1.014.2007

Canolty RT, Ganguly K, Kennerley SW, Cadieu CF, Koepsell K,
Wallis JD, Carmena JM (2010) Oscillatory phase coupling
coordinates anatomically dispersed functional cell assemblies.
Proc Natl Acad Sci U S A 107(40):17356-17361. https://doi.org/
10.1073/pnas.1008306107

Caporale N, Dan Y (2008) Spike timing-dependent plasticity: a
Hebbian learning rule. Annu Rev Neurosci 31:25-46

Compte A, Brunel N, Goldman-Rakic PS, Wang XJ (2000) Synaptic
mechanisms and network dynamics underlying spatial working
memory in a cortical network model. Cereb Cortex
10(9):910-923

Conway AR, Kane MJ, Engle RW (2003) Working memory capacity
and its relation to general intelligence. Trends Cogn Sci
7(12):547-552

Costello FJ, Keane MT (2001) Testing two theories of conceptual
combination: alignment versus diagnosticity in the comprehen-
sion and production of combined concepts. J Exp Psychol Learn
Mem Cogn 27(1):255-271

Cowan N (2001) The magical number 4 in short-term memory: a
reconsideration of mental storage capacity. Behav Brain Sci
24(1):87-114

@ Springer

Cowan N, Morey C, Chen Z (2007) The legend of the magical
number seven. In Della Sala S (Ed.) Tall tales about the brain:
things we think we know about the mind, but ain’t so, pp 45-59

Cox PH, Riesenhuber M (2015) There is a “U” in clutter: evidence
for robust sparse codes underlying clutter tolerance in human
vision. J Neurosci 35(42):14148-14159

Craddock M, Martinovic J, Muller MM (2015) Early and late effects
of objecthood and spatial frequency on event-related potentials
and gamma band activity. BMC Neurosci 16:6. https://doi.org/
10.1186/s12868-015-0144-8

Deco G, Rolls ET (2003) Attention and working memory: a
dynamical model of neuronal activity in the prefrontal cortex.
Eur J Neurosci 18(8):2374-2390

Engel AK, Kreiter AK, Konig P, Singer W (1991a) Synchronization
of oscillatory neuronal responses between striate and extrastriate
visual cortical areas of the cat. Proc Natl Acad Sci
88(14):6048-6052

Engel AK, Konig P, Kreiter AK, Singer W (1991b) Interhemispheric
synchronization of oscillatory neuronal responses in cat visual
cortex. Science 252:1177-1179

Engle RW, Tuholski SW, Laughlin JE, Conway AR (1999) Working
memory, short-term memory, and general fluid intelligence: a
latent-variable approach. J Exp Psychol Gen 128(3):309

Eriksson J, Vogel EK, Lansner A, Bergstrom F, Nyberg L (2015)
Neurocognitive architecture of working memory. Neuron
88(1):33-46

Flesch T, Juechems K, Dumbalska T, Saxe A, Summerfield C (2022)
Orthogonal representations for robust context-dependent task
performance in brains and neural networks. Neuron
110(7):1258-1270

Frenkel C, Bol D, Indiveri G (2021) Bottom-up and top-down neural
processing systems design: neuromorphic intelligence as the
convergence of natural and artificial intelligence. arXiv preprint,
arXiv:2106.01288

Fuster JM (1999) Memory in the cerebral cortex: an empirical
approach to neural networks in the human and nonhuman
primate. MIT Press, Cambridge

Gale EM, Martin N, Blything R, Nguyen A, Bowers JS (2020) Are
there any ‘object detectors’ in the hidden layers of CNNs trained
to identify objects or scenes? Vision Res 176:60-71. https://doi.
org/10.1016/j.visres.2020.06.007

Gao Z, Goldstein A, Harpaz Y, Hansel M, Zion-Golumbic E, Bentin S
(2013) A magnetoencephalographic study of face processing:
M170, gamma-band oscillations and source localization. Hum
Brain Mapp 34(8):1783-1795. https://doi.org/10.1002/hbm.
22028

Garagnani M, Pulvermiiller F (2011) From sounds to words: a
neurocomputational model of adaptation, inhibition and memory
processes in auditory change detection. Neuroimage
54(1):170-181

Garagnani M, Pulvermiiller F (2016) Conceptual grounding of
language in action and perception: a neurocomputational model
of the emergence of category specificity and semantic hubs. Eur
J Neurosci 43(6):721-737. https://doi.org/10.1111/ejn.13145

Garagnani M, Wennekers T, Pulvermiiller F (2007) A neuronal model
of the language cortex. Neurocomputing 70:1914-1919

Garagnani M, Wennekers T, Pulvermiiller F (2008) A neuroanatom-
ically grounded Hebbian-learning model of attention-language
interactions in the human brain. Eur J Neurosci 27(2):492-513

Garagnani M, Shtyrov Y, Pulvermiiller F (2009a) Effects of attention
on what is known and what is not: MEG evidence for
functionally discrete memory circuits. Front Hum Neurosci 3:10

Garagnani M, Wennekers T, Pulvermiiller F (2009b) Recruitment and
consolidation of cell assemblies for words by way of Hebbian
learning and competition in a multi-layer neural network. Cogn
Comput 1(2):160-176


https://doi.org/10.3389/fpsyg.2020.513474
https://doi.org/10.3389/fpsyg.2020.513474
https://doi.org/10.1037/a0035943
https://doi.org/10.1037/a0035943
http://arxiv.org/abs/1809.11096
http://arxiv.org/abs/1809.11096
https://doi.org/10.1162/089976606775093864
https://doi.org/10.3389/neuro.01.1.1.014.2007
https://doi.org/10.3389/neuro.01.1.1.014.2007
https://doi.org/10.1073/pnas.1008306107
https://doi.org/10.1073/pnas.1008306107
https://doi.org/10.1186/s12868-015-0144-8
https://doi.org/10.1186/s12868-015-0144-8
http://arxiv.org/abs/2106.01288
https://doi.org/10.1016/j.visres.2020.06.007
https://doi.org/10.1016/j.visres.2020.06.007
https://doi.org/10.1002/hbm.22028
https://doi.org/10.1002/hbm.22028
https://doi.org/10.1111/ejn.13145

Cognitive Neurodynamics

Garagnani M, Lucchese G, Tomasello R, Wennekers T, Pulvermiiller
F (2016) A spiking neurocomputational model of high-frequency
oscillatory brain responses to words and pseudowords. Front
Comput Neurosci 10:145. https://doi.org/10.3389/fncom.2016.
00145

Garagnani M, Lucchese G, Tomasello R, Wennekers T, Pulvermiiller
F (2017) A spiking neurocomputational model of high-frequency
oscillatory brain responses to words and pseudowords. Front
Comput Neurosci 10:145. https://doi.org/10.3389/fncom.2016.
00145

Gazzaniga MS, Ivry RB, Mangun GR (2018) Cognitive neuroscience:
the biology of the mind. 5th edn, Place of publication not
identified, W. W. Norton & Company

Gennari G, Marti S, Palu M, FlI6 A, Dehaene-Lambertz G (2021)
Orthogonal neural codes for speech in the infant brain. Proc Natl
Acad Sci 118(31):¢2020410118

Gilbert CD, Wiesel TN (1983) Clustered intrinsic connections in cat
visual cortex. J Neurosci 3(5):1116-1133

Gilbert CD, Wiesel TN (1989) Columnar specificity of intrinsic
horizontal and corticocortical connections in cat visual cortex.
J Neurosci 9(7):2432-2442

Goldman-Rakic PS (1995) Cellular basis of working memory. Neuron
14(3):477-485

Goodfellow 1J, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D,
Ozair S, Courville A, Bengio Y (2014) Generative adversarial
nets. In: Paper presented at the Neural Information Processing
Systems 27 (NIPS) Conference, Montreal, Canada

Gray CM, Konig P, Engel AK, Singer W (1989) Oscillatory responses
in cat visual cortex exhibit inter-columnar synchronization
which reflects global stimulus properties. Nature 338:334-337

Greff K, van Steenkiste S, Schmidhuber J (2020) On the binding
problem in artificial neural networks. In. arXiv:2012.05208

Giiclii U, van Gerven MAJ (2017) Increasingly complex representa-
tions of natural movies across the dorsal stream are shared
between subjects. Neuroimage 145(Pt B):329-336. https://doi.
org/10.1016/j.neuroimage.2015.12.036

Hampton J (1997) Conceptual combination: conjunction and negation
of natural concepts. Mem Cognit 25(6):888-909. https://doi.org/
10.3758/bf03211333

Hampton J (1991) The combination of prototype concepts. In
Schwanenflugel PJ (Ed) The psychology of word meanings,
pp 91-116

Harris AZ, Gordon JA (2015) Long-range neural synchrony in
behavior. Annu Rev Neurosci 38:171-194. https://doi.org/10.
1146/annurev-neuro-071714-034111

Hassler U, Barreto NT, Gruber T (2011) Induced gamma band
responses in human EEG after the control of miniature saccadic
artifacts. Neuroimage 57(4):1411-1421. https://doi.org/10.1016/
j-neuroimage.2011.05.062

Hebb DO (1949) The organization of behavior. Wiley, New York

Henningsen-Schomers MR, Garagnani M, Pulvermiiller F (2023)
Influence of language on perception and concept formation in a
brain-constrained deep neural network model. Philos Trans R
Soc Lond B Biol Sci 378(1870):20210373. https://doi.org/10.
1098/rstb.2021.0373

Hummel JE, Biederman I (1992) Dynamic binding in a neural
network for shape recognition. Psychol Rev 99(3):480-517.
https://doi.org/10.1037/0033-295x.99.3.480

Jaaskeldinen IP, Glerean E, Klucharev V, Shestakova A, Ahveninen J
(2022) Do sparse brain activity patterns underlie human
cognition? Neuroimage 263:119633

Jensen O, Lisman JE (2005) Hippocampal sequence-encoding driven
by a cortical multi-item working memory buffer. Trends
Neurosci 28(2):67-72

Jozwik KM, Kriegeskorte N, Storrs KR, Mur M (2017) Deep
convolutional neural networks outperform feature-based but not

categorical models in explaining object similarity judgments.
Front Psychol 8:1726. https://doi.org/10.3389/fpsyg.2017.01726

Kerrén C, van Bree S, Griffiths BJ, Wimber M (2022) Phase
separation of competing memories along the human hippocam-
pal theta rhythm. Elife 11:e80633. https://doi.org/10.7554/eLife.
80633

Khaligh-Razavi SM, Kriegeskorte N (2014) Deep supervised, but not
unsupervised, models may explain IT cortical representation.
PLoS Comput Biol 10(11):e1003915. https://doi.org/10.1371/
journal.pcbi. 1003915

Knoblauch A, Pulvermiiller F (2005) Sequence detector networks and
associative learning of grammatical categories. Biomimet Neural
Learn Intell Robots Intell Syst Cogn Robot Neurosci 3575:31-53

Konig P, Engel AK, Singer W (1995) Relation between oscillatory
activity and long-range synchronization in cat visual cortex. Proc
Natl Acad Sci USA 92:290-294

Krause CM, Korpilahti P, Porn B, Jantti J, Lang HA (1998)
Automatic auditory word perception as measured by 40 Hz
EEG responses. Electroencephalogr Clin  Neurophysiol
107:84-87

Kreiter AK, Singer W (1992) Oscillatory neuronal responses in the
visual cortex of the awake macaque monkey. Eur J Neurosci
4:369-375

Kreiter AK, Singer W (1996) Stimulus-dependent synchronization of
neuronal responses in the visual cortex of the awake macaque
monkey. J Neurosci 16:2381-2396

Kriegeskorte N (2015) Deep neural networks: a new framework for
modeling biological vision and brain information processing.
Annu Rev Vis Sci 1:417-446. https://doi.org/10.1146/annurev-
vision-082114-035447

Krizhevsky A, Sutskever I, Hinton GE (2012) Imagenet classification
with deep convolutional neural networks. Adv Neural Inf
Process Syst 25

Lachaux JP, George N, Tallon-Baudry C, Martinerie J, Hugueville L,
Minotti L, Kahane P, Renault B (2005) The many faces of the
gamma band response to complex visual stimuli. Neurolmage
25(2):491-501.  https://doi.org/10.1016/j.neuroimage.2004.11.
052

Lake BM, Ullman TD, Tenenbaum JB, Gershman SJ (2017) Building
machines that learn and think like people. Behav Brain Sci
40:e253. https://doi.org/10.1017/S0140525X16001837

Lara AH, Wallis JD (2014) Executive control processes underlying
multi-item working memory. Nat Neurosci 17(6):876-883

LeCun Y, Bengio Y, Hinton G (2015) Deep learning. Nature
521(7553):436—444. https://doi.org/10.1038/nature 14539

Liang F, Li H, Chou X-L, Zhou M, Zhang NK, Xiao Z, Zhang KK,
Tao HW, Zhang LI (2019) Sparse representation in awake
auditory cortex: cell-type dependence, synaptic mechanisms,
developmental emergence, and modulation. Cerebral Cortex
29(9):3796-3812

Lundqvist M, Rose J, Herman P, Brincat SL, Buschman TJ, Miller
EK (2016) Gamma and beta bursts underlie working memory.
Neuron 90(1):152-164

Lutzenberger W, Pulvermiiller F, Birbaumer N (1994) Words and
pseudowords elicit distinct patterns of 30-Hz activity in humans.
Neurosci Lett 176:115-118

Mainy N, Jung J, Baciu M, Kahane P, Schoendorff B, Minotti L,
Hoffmann D, Bertrand O, Lachaux JP (2008) Cortical dynamics
of word recognition. Hum Brain Mapp 29(11):1215-1230.
https://doi.org/10.1002/hbm.20457

Malenka RC, Bear MF (2004) LTP and LTD: an embarrassment of
riches. Neuron 44(1):5-21

Mao D, Kandler S, McNaughton BL, Bonin V (2017) Sparse
orthogonal population representation of spatial context in the
retrosplenial cortex. Nat Commun 8(1):243

@ Springer


https://doi.org/10.3389/fncom.2016.00145
https://doi.org/10.3389/fncom.2016.00145
https://doi.org/10.3389/fncom.2016.00145
https://doi.org/10.3389/fncom.2016.00145
http://arxiv.org/abs/2012.05208
https://doi.org/10.1016/j.neuroimage.2015.12.036
https://doi.org/10.1016/j.neuroimage.2015.12.036
https://doi.org/10.3758/bf03211333
https://doi.org/10.3758/bf03211333
https://doi.org/10.1146/annurev-neuro-071714-034111
https://doi.org/10.1146/annurev-neuro-071714-034111
https://doi.org/10.1016/j.neuroimage.2011.05.062
https://doi.org/10.1016/j.neuroimage.2011.05.062
https://doi.org/10.1098/rstb.2021.0373
https://doi.org/10.1098/rstb.2021.0373
https://doi.org/10.1037/0033-295x.99.3.480
https://doi.org/10.3389/fpsyg.2017.01726
https://doi.org/10.7554/eLife.80633
https://doi.org/10.7554/eLife.80633
https://doi.org/10.1371/journal.pcbi.1003915
https://doi.org/10.1371/journal.pcbi.1003915
https://doi.org/10.1146/annurev-vision-082114-035447
https://doi.org/10.1146/annurev-vision-082114-035447
https://doi.org/10.1016/j.neuroimage.2004.11.052
https://doi.org/10.1016/j.neuroimage.2004.11.052
https://doi.org/10.1017/S0140525X16001837
https://doi.org/10.1038/nature14539
https://doi.org/10.1002/hbm.20457

Cognitive Neurodynamics

Marcus G (2018) Deep learning: a critical appraisal. arXiv preprint
arXiv:1801.00631

Martin N (2021) Selectivity in neural networks. (PhD). University of
Bristol, Retrieved from https://research-information.bris.ac.uk/
en/studentTheses/selectivity-in-neural-networks

McClelland, J. L., Rumelhart, D. E., & PDP-Group (1986) Parallel
distributed processing: explorations in the microstructure of
cognition. MIT Press, Cambridge, MA

Mesulam MM (1990) Large-scale neurocognitive networks and
distributed processing for attention, language, and memory.
Ann Neurol 28:597-613

Meyer ML, Collier E (2020) Theory of mind s: managing mental state
inferences in working memory is associated with the dorsome-
dial subsystem of the default network and social integration. Soc
Cogn Affect Neurosci 15(1):63-73

Miller EK, Lundqvist M, Bastos AM (2018) Working Memory 2.0.
Neuron 100(2):463-475

Milner PM (1957) The cell assembly: Mk. II. Psychol Rev
64:242-252

Milner PM (1974) A model for visual shape recognition. Psychol Rev
81:521-535

Mirza M, Osindero S (2014) Conditional generative adversarial nets.
arXiv:1411.1784

Mishkin M, Ungerleider LG, Macko KA (1983) Object vision and
spatial vision: two cortical pathways. Trends Neurosci
6:414-417

Mongillo G, Barak O, Tsodyks M (2008) Synaptic theory of working
memory. Science 319(5869):1543-1546

Mozer MC (1995) A Focused Backpropagation Algorithm for
Temporal Pattern Recognition. In: Chauvin Y, Rumelhart D
(eds) Backpropagation: theory, architectures, and applications.
Lawrence Erlbaum Associates, Hillsdale, NJ, pp 137-169

Noguchi W, lizuka H, Yamamoto M, Taguchi S (2022) Superposition
mechanism as a neural basis for understanding others. Sci Rep
12(1):2859. https://doi.org/10.1038/s41598-022-06717-3

O’Keefe J, Dostrovsky J (1971) The hippocampus as a spatial map:
preliminary evidence from unit activity in freely moving rats.
Brain Res 34:171-175

O’Reilly RC, Munakata Y (2000) Computational explorations in
cognitive neuroscience, 1st edn. The MIT Press, Cambridge
(MA), London (England)

Olshausen BA, Field DJ (1996) Emergence of simple-cell receptive
field properties by learning a sparse code for natural images.
Nature 381(6583):607-609

Page M (2000) Connectionist modelling in psychology: a localist
manifesto. Behav Brain Sci 23(4):443-467

Palm G (1981) Towards a theory of cell assemblies. Biol Cybern
39(3):181-194

Palm G (1993) On the internal structure of cell assemblies. In:
Aertsen A (ed) Brain theory: spatio-temporal aspects of brain
function. Elsevier, Amsterdam, pp 261-270

Petrides M, Pandya DN (2009) Distinct parietal and temporal
pathways to the homologues of Broca’s area in the monkey.
PLoS Biol 7(8):¢1000170

Pfeiffer BE, Foster DJ (2013) Hippocampal place-cell sequences
depict future paths to remembered goals. Nature
497(7447):74-19

Plenz D, Thiagarajan TC (2007) The organizing principles of
neuronal avalanches: Cell assemblies in the cortex? Trends
Neurosci 30(3):101-110

Preuss TM (2011) The human brain: rewired and running hot. Ann N
Y Acad Sci 1225(Suppl 1):E182-E191. https://doi.org/10.1111/j.
1749-6632.2011.06001.x

Pulvermiiller F (1994) Why cell assembly ignition should lead to
gamma band responses. A Comment on Robert Miller. Psycolo-
quy 5(71):1-6

@ Springer

Pulvermiiller F (1999) Words in the brain’s language. Behav Brain
Sci 22:253-279

Pulvermiiller F (2000) Syntactic circuits: How does the brain create
serial order in sentences? Brain Lang 71(1):194-199

Pulvermiiller F (2003a) Sequence detectors as a basis of grammar in
the brain. Theory Biosci 122:87-103

Pulvermiiller F (2003b) The neuroscience of language. Cambridge
University Press, Cambridge

Pulvermiiller F (2013) How neurons make meaning: brain mecha-
nisms for embodied and abstract-symbolic semantics. Trends
Cogn Sci 17(9):458-470. https://doi.org/10.1016/j.tics.2013.06.
004

Pulvermiiller F, Fadiga L (2010) Active perception: sensorimotor
circuits as a cortical basis for language. Nat Rev Neurosci
11:351-360

Pulvermiiller F, Garagnani M (2014) From sensorimotor learning to
memory cells in prefrontal and temporal association cortex: a
neurocomputational study of disembodiment. Cortex 57:1-21

Pulvermiiller F, Preiss] H, Lutzenberger W, Birbaumer N (1995)
Spectral responses in the gamma-band: Physiological signs of
higher cognitive processes? NeuroReport 6:2057-2064

Pulvermiiller F, Eulitz C, Pantev C, Mohr B, Feige B, Lutzenberger
W, Elbert T, Birbaumer N (1996) High-frequency cortical
responses reflect lexical processing: an MEG study. Electroen-
cephalogr Clin Neurophysiol 98(1):76-85

Pulvermiiller F, Kujala T, Shtyrov Y, Simola J, Tiitinen H, Alku P,
Alho K, Martinkauppi S, Ilmoniemi RJ, Naitinen R (2001)
Memory traces for words as revealed by the mismatch negativ-
ity. Neuroimage 14(3):607-616

Pulvermiiller F, Garagnani M, Wennekers T (2014) Thinking in
circuits: towards neurobiological explanation in cognitive neu-
roscience. Biol Cybern 108(5):573-593

Pulvermiiller F, Tomasello R, Henningsen-Schomers MR, Wennekers
T (2021) Biological constraints on neural network models of
cognitive function. Nat Rev Neurosci 22(8):488-502. https://doi.
org/10.1038/541583-021-00473-5

Pulvermiiller F (2023) Neurobiological mechanisms for language,
symbols and concepts: clues from brain-constrained deep neural
networks. Progr Neurobiol 102511

Radford A, Metz L, Chintala S (2015) Unsupervised representation
learning with deep convolutional generative adversarial net-
works. arXiv preprint arXiv:1511.06434

Rauschecker JP, Tian B (2000) Mechanisms and streams for
processing of “what” and “where” in auditory cortex. Proc
Natl Acad Sci U S A 97(22):11800-11806

Reddy L, Kanwisher N (2006) Coding of visual objects in the ventral
stream. Curr Opin Neurobiol 16(4):408-414

Richards BA, Lillicrap TP, Beaudoin P, Bengio Y, Bogacz R,
Christensen A, Clopath C, Costa RP, de Berker A, Ganguli S,
Gillon CJ, Hafner D, Kepecs A, Kriegeskorte N, Latham P,
Lindsay GW, Miller KD, Naud R, Pack CC, Poirazi P,
Roelfsema P, Sacramento J, Saxe A, Scellier B, Schapiro AC,
Senn W, Wayne G, Yamins D, Zenke F, Zylberberg J, Therien
D, Kording KP (2019) A deep learning framework for neuro-
science. Nat Neurosci 22(11):1761-1770. https://doi.org/10.
1038/s41593-019-0520-2

Rips JL (1995) The current status of research on concept combination.
Mind Lang 10:72-104

Rodriguez E, George N, Lachaux JP, Martinerie J, Renault B, Varela
FJ (1999) Perception’s shadow: long-distance synchronization of
human brain activity. Nature 397(6718):430-433. https://doi.org/
10.1038/17120

Roelfsema PR, Engel AK, Konig P, Singer W (1997) Visuomotor
integration is associated with zero time-lag synchronization
among cortical areas. Nature 385(6612):157-161. https://doi.org/
10.1038/385157a0


http://arxiv.org/abs/1801.00631
https://research-information.bris.ac.uk/en/studentTheses/selectivity-in-neural-networks
https://research-information.bris.ac.uk/en/studentTheses/selectivity-in-neural-networks
http://arxiv.org/abs/1411.1784
https://doi.org/10.1038/s41598-022-06717-3
https://doi.org/10.1111/j.1749-6632.2011.06001.x
https://doi.org/10.1111/j.1749-6632.2011.06001.x
https://doi.org/10.1016/j.tics.2013.06.004
https://doi.org/10.1016/j.tics.2013.06.004
https://doi.org/10.1038/s41583-021-00473-5
https://doi.org/10.1038/s41583-021-00473-5
http://arxiv.org/abs/1511.06434
https://doi.org/10.1038/s41593-019-0520-2
https://doi.org/10.1038/s41593-019-0520-2
https://doi.org/10.1038/17120
https://doi.org/10.1038/17120
https://doi.org/10.1038/385157a0
https://doi.org/10.1038/385157a0

Cognitive Neurodynamics

Rolls ET, Tovee MJ (1995) Sparseness of the neuronal representation
of stimuli in the primate temporal visual-cortex. J Neurophysiol
73(2):713-726

Rosenblatt F (1962) Principles of neurodynamics. New York, Spartan

Rumelhart DE, Hinton GE, Williams RJ (1986) Learning represen-
tations by backpropagating errors. Nature 323(6088):533-536

Schillen TB, Konig P (1994) Binding by temporal structure in
multiple feature domains of an oscillatory neuronal network.
Biol Cybern 70:397-405

Schomers M, Garagnani M, Pulvermiiller F (2017) Neurocomputa-
tional consequences of evolutionary connectivity changes in
perisylvian language cortex. J Neurosci 37(11):3045-3055.
https://doi.org/10.1523/JNEUROSCI.2693-16.2017

Shadlen MN, Movshon JA (1999) Synchrony unbound: a critical
evaluation of the temporal binding hypothesis. Neuron
24(1):67-717. https://doi.org/10.1016/s0896-6273(00)80822-3

Shastri L, Ajjanagadde V (1993) From simple associations to
systematic reasoning: a connectionist representation of rules,
variables and dynamic bindings using temporal synchrony.
Behav Brain Sci 16:417-494

Shtyrov Y, Pulvermiiller F (2002) Neurophysiological evidence of
memory traces for words in the human brain. NeuroReport
13:521-525

Singer W (1994) Putative functions of temporal correlations in
neocortical processing. In: Koch C, Davis JL (eds) Large scale
neuronal theories of the brain. MIT Press, Boston, MA,
pp 201-237

Singer W (1995) Development and plasticity of cortical processing
architectures. Science 270:758-764

Singer W, Engel AK, Kreiter AK, Munk MHJ, Neuenschwander S,
Roelfsema PR (1997) Neuronal assemblies: necessity, signature
and detectability. Trends Cogn Sci 1:252-262

Smit P, Virpioja S, Kurimo M (2021) Advances in subword-based
HMM-DNN speech recognition across languages. Comput
Speech Lang 66:101158

Supp GG, Schlogl A, Gunter TC, Bernard M, Pfurtscheller G, Petsche
H (2004) Lexical memory search during N400: cortical
couplings in  auditory = comprehension. = NeuroReport
15(7):1209-1213

Szatmary B, Izhikevich EM (2010) Spike-timing theory of working
memory. PLoS Comput Biol 6(8):e1000879

Tagamets MA, Horwitz B (2000) A model of working memory:
bridging the gap between electrophysiology and human brain
imaging. Neural Netw 13(8-9):941-952

Tallon-Baudry C, Bertrand O, Delpuech C, Pernier J (1996) Stimulus
specificity of phase-locked and non-phase-locked 40 Hz visual
responses in humans. J Neurosci 16:4240-4249

Tang S, Zhang Y, Li Z, Li M, Liu F, Jiang H, Lee TS (2018) Large-
scale two-photon imaging revealed super-sparse population
codes in the V1 superficial layer of awake monkeys. Elife
7:€33370

Testolin A, Stoianov I, Zorzi M (2017) Letter perception emerges
from unsupervised deep learning and recycling of natural image
features. Nat Hum Behav 1(9):657-664. https://doi.org/10.1038/
s41562-017-0186-2

Thornton C (2021) Extensional superposition and its relation to
compositionality in language and thought. Cogn Sci
45(5):¢12929. https://doi.org/10.1111/cogs.12929

Tomasello R, Garagnani M, Wennekers T, Pulvermiiller F (2017)
Brain connections of words, perceptions and actions: a neuro-
biological model of spatio-temporal semantic activation in the
human cortex. Neuropsychologia 98:111-129

Tomasello R, Garagnani M, Wennekers T, Pulvermiiller F (2018) A
neurobiologically constrained cortex model of semantic ground-
ing with spiking neurons and brain-like connectivity. Front
Comput Neurosci 12:88

Tomasello R, Wennekers T, Garagnani M, Pulvermiiller F (2019)
Visual cortex recruitment during language processing in blind
individuals is explained by Hebbian learning. Sci Rep 9(1):3579.
https://doi.org/10.1038/541598-019-39864-1

Traub RD, Whittington MA, Stanford IM, Jeffreys JGR (1996) A
mechanism for generation of long-range synchronous fast
oscillations in the cortex. Nature 383:621-624

Tsumoto T (1992) Long-term potentiation and long-term depression
in the neocortex. Prog Neurobiol 39(2):209-228

Tulving E, Madigan SA (1970) Memory and verbal learning. Annu
Rev Psychol 21:437-484

Ungerleider LG, Haxby JV (1994) ‘What’ and ‘where’ in the human
brain. Curr Opin Neurobiol 4(2):157-165

Ungerleider LG, Mishkin M (1982) Two cortical visual systems. In:
Ingle DJ, Goodale MA, Manfield RIW (eds) Analysis of visual
behaviour. MIT Press, Cambridge (MA), pp 549-586

Ursino M, Cesaretti N, Pirazzini G (2023) A model of working
memory for encoding multiple items and ordered sequences
exploiting  the theta-gamma code. Cogn Neurodyn
17(2):489-521

Valiant LG (2000) Circuits of the mind. Oxford University Press,
Oxford

Vanegdom A, Nikolaev N, Garagnani M (2022) Standard feedforward
neural networks with backprop cannot support cognitive super-
position. In: Paper presented at the Bernstein Conference 2022,
Berlin, Germany

Vaz AP, Wittig JH, Inati SK, Zaghloul KA (2020) Replay of cortical
spiking sequences during human memory retrieval. Science
367(6482):1131-1134. https://doi.org/10.1126/science.aba0672

Vicente R, Gollo LL, Mirasso CR, Fischer I, Pipa G (2008)
Dynamical relaying can yield zero time lag neuronal synchrony
despite long conduction delays. Proc Natl Acad Sci
105(44):17157-17162

Vinje WE, Gallant JL (2000) Sparse coding and decorrelation in
primary visual cortex during natural vision. Science
287:1273-1273

von der Malsburg C (1986) Am I thinking assemblies? In: Palm G,
Aertsen A (eds) Brain theory. Springer, Berlin, pp 161-176

von der Malsburg C (1999) The what and why of binding: the
modeler’s perspective. Neuron 24(1):95-104. https://doi.org/10.
1016/30896-6273(00)80825-9

von Stein A, Chiang C, Konig P (2000) Top-down processing
mediated by interareal synchronization. Proc Natl Acad Sci
97(26):14748-14753. https://doi.org/10.1073/pnas.97.26.14748

Wang L, Chen W, Yang W, Bi F, Yu FR (2020) A state-of-the-art
review on image synthesis with generative adversarial networks.
IEEE Access 8:63514-63537

Wennekers T (2007) A cell assembly model for complex behaviour.
Neurocomputing 70(10-12):1988-1992

Wennekers T, Garagnani M, Pulvermiiller F (2006) Language models
based on Hebbian cell assemblies. J Physiol Paris 100:16-30

Werbos PJ (1988) Generalization of backpropagation with application
to a recurrent gas market model. Neural Netw 1(4):339-356

Wilson MA, McNaughton BL (1993) Dynamics of the hippocampal
ensemble code for space. Science 261(5124):1055-1058

Wisniewski EJ (1997) When concepts combine. Psychon Bull Rev
4(2):167-183. https://doi.org/10.3758/BF03209392

Xu Y, Vaziri-Pashkam M (2021a) Limits to visual representational
correspondence between convolutional neural networks and the
human brain. Nat Commun 12(1):2065. https://doi.org/10.1038/
s41467-021-22244-7

Xu Y, Vaziri-Pashkam M (2021b) Publisher Correction: limits to
visual representational correspondence between convolutional
neural networks and the human brain. Nat Commun 12(1):2740.
https://doi.org/10.1038/s41467-021-23110-2

@ Springer


https://doi.org/10.1523/JNEUROSCI.2693-16.2017
https://doi.org/10.1016/s0896-6273(00)80822-3
https://doi.org/10.1038/s41562-017-0186-2
https://doi.org/10.1038/s41562-017-0186-2
https://doi.org/10.1111/cogs.12929
https://doi.org/10.1038/s41598-019-39864-1
https://doi.org/10.1126/science.aba0672
https://doi.org/10.1016/s0896-6273(00)80825-9
https://doi.org/10.1016/s0896-6273(00)80825-9
https://doi.org/10.1073/pnas.97.26.14748
https://doi.org/10.3758/BF03209392
https://doi.org/10.1038/s41467-021-22244-7
https://doi.org/10.1038/s41467-021-22244-7
https://doi.org/10.1038/s41467-021-23110-2

Cognitive Neurodynamics

Yakovlev V, Bernacchia A, Orlov T, Hochstein S, Amit D (2005)
Multi-item working memory—a behavioral study. Cereb Cortex
15(5):602-615

Yamins DL, DiCarlo JJ (2016) Using goal-driven deep learning
models to understand sensory cortex. Nat Neurosci
19(3):356-365. https://doi.org/10.1038/nn.4244

Zipser D, Kehoe B, Littlewort G, Fuster J (1993) A spiking network
model of short-term active memory. J Neurosci 13(8):3406-3420

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1038/nn.4244

	On the ability of standard and brain-constrained deep neural networks to support cognitive superposition: a position paper
	Abstract
	Introduction
	Premise
	Superposition is a fundamental cognitive ability
	Superposition catastrophe in standard neural networks

	Deep brain-constrained Hebbian-learning nets support Cognitive Superposition
	Why do standard DNNs fail to support cognitive superposition?
	Summary and concluding remarks
	Data availability
	References


