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Abstract 

We studied separation and integration of cortical areas during cortical neurogenesis, using 

growth simulations that depend upon matching of spatial frequencies between areas – a 

method equivalent to maximizing zero-lag pulse synchrony and minimizing prediction 

errors. In a uniform neural field, areas would emerge as mirror pairs with intervening 

Markov blankets, but regional disparities break this mirror symmetry. Differential effects of 

disparity of information inputs, cell types, and axonal lengths were characterised in the 

simulations, explaining how asymmetries of information transfer arise and lead to greater or 

lesser segregation of systems, sequencing of exchanges, and reciprocal control effects. In 

the developmentally completed form, nonspecific excitation and frequency modulation 

from limbic and subcortical sources would modulate exchanges and sequencing, introducing 

non-hierarchical information flows within the hierarchical radial architecture. 

 

1. Introduction 

The differentiation of the cerebral cortex into cellularly distinct areas with segregation and 

integration of function has long been recognised (Brodmann 1909, Yeo et al. 2011, Zeki and 



 

 

Shipp 1988). In this paper we set out some findings relevant to the interaction and 

differentiation of cortical areas, aiming to further dissect the way in which epigenetic 

prescription of cell characteristics, apoptotic selection, and neural dynamics are 

intertwined. 

 

Our account draws upon the Free Energy Principle of Friston and colleagues (Friston 2002, 

2005, 2010, Hohwy 2016, Friston et al. 2017, 2022, Buckley et al. 2017, Kirchoff et al 2018), 

the Structural Model of Barbas et al. (Barbas 1986, 2015, Barbas and Rempel-Clower, 1997) 

and related work (Sanides 1962, 1964, 1970, Garcia-Cabezas et al. 2014, 2019, 2017, 2020, 

Rakic 2002, Puelles et al. 2019, 2024, Sancha-Velasco et al. 2023), and the functional 

interpretation of radial neocortical organization of Tucker and colleagues (Tucker and Luu 

2021, 2023, Luu et al. 2024). 

 

A motivation for the work was to establish a more general account of non-hierarchical 

cortical interactions, within established models of hierarchical order. Our agenda — in this 

and previous work — is to understand the principles that underlie cortical neurogenesis and 

the means by which a world model emerges, able to undertake subsequent inference and 

learning. In this paper we particularly want to consider how architectures of both radial and 

lateral (i.e., circumferential) connectivity emerge and interact. We will use simulations that 

are founded in biologically specific neurodynamical and anatomical/geometric terms. The 

basic arguments can be read as special instances of general abstract dynamical concepts of 

statistical dynamics, active inference, generalised synchrony, Markov boundaries, and their 

relationship to free energy. Boxes 1,2, and 3 provide a description of these background 

technical concepts. 



 

 

 

Turning to the embryological context - as recently summarized in Luu et al (2026), beginning 

from spinal segments with dorsal-ventral organization described by the prosomeric model 

(Nieuwenhuys 2011), and under the influence of trophic factors, at the rostral extension of 

the alar plate and the level of the hypothalamus the dorsal-ventral organization gives way to 

the rostro-caudal order of the structural model. Separate radiations from hypothalamic and 

olfactory origins will become the dorsal and the ventral neocortices. Via the alar plate, these 

extensions arise from the spinal somato-sensory and viscero-sensory dorsal component of 

the spinal system, the more ventral, and therefore visceral, component becomes extended 

via rostral projections in layers 5,6 and 2,3, of the developing neocortex, while the more 

dorsal, somatic component extends outward in layer 4. This rostro-caudal order develops in 

both neocortical divisions, and within each a counterflow develops in which, from more 

rostral origins, including primary sensory and motor cortices, signals passing along layer 4, 

encounter signals of caudal origin in layers 5,6 and 2,3, and interact at the 3,4 boundary. 

The greater thickness in layer 4 (Barbas and Garcia-Cabezas 2015, 2016) in ventral 

neocortex biases the ventral neocortex toward limbi-petal flow, and vice-versa for dorsal 

neocortex - with attendant neurone tuning to movement recognition and modulation of 

control in the dorsal system, versus ventral neocortex emphasis on object recognition and 

recall (Trevarthan 1968, Ungerleider and Mishkin 1982, Yang et al. 2022). These 

developments impose a fundamental hierarchical order upon the neocortex. 

 

Tucker and Luu argue the sources of the dorsal and ventral neocortical divisions served 

elementary “go” versus “stop” roles at the most primitive stage of encephalization, and that 

this functional distinction still underlies the dorsal division’s initiation of actions and control 



 

 

of internally directed attention and implicit memory, versus the ventral division’s 

association with alerting responses to novel sensory material and recall of explicit 

memories. The divisions are served by separate thalamic relations (Cisek 2022, Butler 2008), 

and separate cortical activation systems – the lemnothalamic activation system serving the 

dorsal division and the collothalamic system the ventral division (Butler 2008, Loonen and 

Ivanova 2016) - the dorsal system noradrenergic, serotoninergic and acetylcholinergic; the 

ventral dopaminergic. (Hansen et al 2022, Froudist-Walsh 2023). The divisions differentially 

mediate rapid eye movement (REM) sleep, and slow-wave sleep (SWS) (Tucker et al, 2025). 

The lemnothalamic inputs drive cortical desynchronization and release capacity for 

impulsion of overt behaviour, and the collothalamic activates the ventral division during 

response to novelty (Stenberg 2007). 

 

In Tucker et al.’s accounts the radial order of the cortex provides for both Active Inference 

and Active affordance – concepts central to the Free Energy Principle. By active inference 

(as discussed in context throughout the paper) a generative model of the self-in-the-world 

arises, while active affordance – generated by inputs from lower limbic components 

imposing phylogenetically determined values – guides active inference along most survival-

beneficial pathways. Providing a mechanism of active inference, they draw upon a widely 

applied model of predictive error minimization (Bastos et al. 2012, 2020, Adams et al. 2013, 

Shipp and Friston 2022,) which lays emphasis upon excitatory/inhibitory cancellations in the 

counterflow contacts at levels 2,3 with 4. Active affordance is attributed to more 

complicated interactions with subcortical systems (Luu et al. 2026), partly dopamine 

mediated (Friston et al. 2012) 

 



 

 

The above strictly radial account minimizes the role of circumferential cortico-cortical 

connections. Along the radial lines of development circumferential connections form 

between all cortical layers - so that overall connectivity comes to conform to the distance 

rule – that is, mean distances of connection between individual neurons and cortical areas 

are minimized toward a small-world optimum (Markov et al. 2011, Vezoli et al. 2021, 

Aparicio-Rodriguez and Garcia-Cabezas 2023). The contrast of radial versus circumferential 

connectivity raises considerations of hierarchical versus non-hierarchical information 

processing. Were prediction errors minimized in strictly hierarchical order along the radial 

lines, it has been argued that they would be logically restricted (Kwisthout and van Rooji 

2020). A simple hierarchical (radial) architecture is not sufficient to account for segregation 

or factorisation within any given level, and circumferential (lateral) interactions may be 

necessary for logical generality, in the way that a computer program requires conditional 

“go-to” instructions as well as step-by-step sequences. We will suggest means whereby 

hierarchical and non-hierarchical processes of association and error minimization can take 

place. 

 

Circumferential intracortical and cortico-cortical connections introduce a great deal of 

further complexity to the neocortical order. Brodmann areas and Yeo areas highlight 

diversity in cell types and axonal lengths. These diverse areas form systems of distributed 

functional networks. Yeo et al (2011) cite Goldman-Rakic (1988), who offered three specific 

anatomical observations that provide evidence for distributed functional grouping in 

networks. Firstly, prefrontal and parietal areas that are directly connected to one another 

also tend to have convergent projections to additional temporal and limbic areas. Secondly, 

interconnected association areas are tied together by common thalamic connections, and 



 

 

thirdly, interconnected association areas tend not to have laminar projection patterns with 

clear feedforward and feedback relations, as seen in the radial order of the structural 

model. Association cortex is characterized by multiple highly interconnected modules 

(Basset and Bullmore 2006) each made up of nodes distributed widely across the cortex, 

and formed largely of circumferential rather than radial structures. These form functionally 

separable sub-systems – as examples, the default mode and semantic networks (Thye et al. 

2025), and the separation of functions of left and right hemispheres (Sperry 1981). 

 

In earlier work, and against the background of all of the above, we have proposed a theory 

of self-organisation in the developing neocortex, in which selection during neurogenesis of 

neurone assemblies that maximize synchrony and ultra-small world organization (Heck et al 

2008, Downes et al 2012, Holville et al 2019, Perin et al. 2011, Sang et al. 2021) leads to 

neural networks emerging in mirror-symmetric patterns, forming 1:1 maps at multiple 

scales. The theory was developed initially in regard to contextual connections at mesoscale 

in cortical layers 2,3, and extended to development of connections within the structural 

model. It is complementary to, but distinct from, feedforward concepts that emphasise 

feature detections. Crucially, it explains how during embryogenesis connections form 1:1 

maps enabling storage of images consistent with the topology of space and time, so that, 

postnatally, spatiotemporal images can be read in and out of cortical networks , sensory 

impressions stored and associated, and expressed in patterns of motor activity. This model 

implies prediction error minimization is ubiquitous at all scales and levels of interaction. 

Details are given in Wright and Bourke (2024a,b, 2025) and in the Appendix. 

 



 

 

While approximation to mirror symmetry between cortical areas is apparent, for instance in 

the interlinkages of cortical visual areas (Wandell et al. 2007) and in the auditory system 

(Formisano et al. 2003), no cortical or cerebral areas are perfectly mirror symmetric. We will 

show how asymmetries short of the idealized mirror symmetries can give rise to cortical 

area specializations and sequential ordering of information processing in both hierarchical, 

and non-hierarchical, manners, and subject to interaction with limbic and activation 

systems. We begin by reviewing our previous account as necessary background to the 

presently reported simulations. 

 

2. Self-organization in the developing neural field. 

Assumptions made about the neural field have been kept as simple as possible, so neural 

field equations are in minimal and general form. 

 

2.1 Presynaptic flux and Hebbian plasticity 

Unidirectional flows of presynaptic flux in a neural field can be represented as 𝑛 elements of 

a square matrix Φ(𝑡), with elements 𝜑!", the pre-synaptic flux received at the neuron at 

position 𝑖 from the neuron at position 𝑗, over all pathways. 

 

Φ(𝑡) = 𝐺𝑄(𝑡) 1 

 

𝐺(𝑡) is a square matrix operator of presynaptic gains and axo-dendritic conduction times, 

transforming 𝑄(𝑡), a vector of action potential pulse rates of all neurons, so that 

 



 

 

𝜑!" -𝑡 +
|𝑖 − 𝑗|
𝜈 2 = 𝜀!"𝑔!"𝜌!"𝑄"(𝑡) 2 

 

𝑄"  is the pulse rate of the 𝑗 − 𝑡ℎ neuron, 𝜐 is the speed of signal spread, and 
|!$"|
%

 is the 

delay from pulse generation to arrival of peak pulse density at pre-synapses on the 𝑖 − 𝑡ℎ 

neuron, averaged over all routes. Synaptic gains are on three time-scales, 𝜀!" , 𝑔!" , 𝜌!"  - the 

transient synaptic efficacy, the slow dynamic synaptic gain, and the structural synapse gains 

respectively, with synaptic flux either excitatory or inhibitory. Gains are competitive on all 

three time-scales (Miller 1996, Okomoto and Ichikawa 2000) and consistent with unification 

of fast and slow synaptic learning rules (Izhikevich and Desai 2003). Thus, with ongoing 

network activity the rapid and transient synaptic efficacies in response to afferent pulses 

lead to increasing dynamic and structural gains as the time average of synaptic flux. 

 

2.2 Dendritic summation and pulse generation 

Transformations of synaptic flux leading to pulse generation are 

 

𝑉!(𝑡) = 𝛿(𝑡 − 𝜏) ∗>𝜑!" (𝑡) 3 

 

where 𝛿(𝑡 − 𝜏) is a dendritic delay function convolving the aggregate presynaptic flux to 

generate the dendritic potential, 𝑉!(𝑡), and 

 

𝑄!(𝑡) = 𝑓&A𝑉!(𝑡)B 4 

 



 

 

𝑄!(𝑡) is the efferent pulse rate of the 𝑖 − 𝑡ℎ neuron, and 𝑓& is any sigmoid-like function 

operating as a probabilistic threshold for action potential generation, 

 

2.3 Anti-Hebbian plasticity and steady state 

Anti-Hebbian synaptic plasticity, reflecting multiple homeostatic metabolic pathways, acts 

to normalise excitatory and inhibitory synaptic gains, leaving the relative strengths of 

Hebbian influences unchanged (Keck et al 2017). In steady state of individual neurons, and 

the population average, if ∑𝜑'  is the total excitatory presynaptic flux and ∑𝜑!  is the total 

inhibitory presynaptic flux, then 

 

>Φ( →>φ) → constancy 5 

 

The steady-state level may be varied by the level of activation of the network. 

 

2.4 Mechanism of synchrony, and elementary prediction error minimization 

Synchronous oscillatory firing (Singer 1993) of cortical neurones is prominent in the 40 Hz 

(gamma) range but is apparent over all frequencies. Synchrony emerges in any network with 

zero-mean summing junctions interposed between elements, even when the network is 

driven by temporally and spatially diffuse white noise (Chapman et al 2002, Wright et al 

2000). Principal component spatial eigenmode analysis of simulations of the neural field 

show that the first principal component of the field is widespread zero-lag synchrony with 

relatively low spatial damping, and is the response to the even components of the inputs 

driving the field. The second principal component is low magnitude, asynchronous, highly 



 

 

spatially damped, rapidly dissipated activity, and is the response to the odd components of 

the inputs. Closely related simulations accounting for the background EEG spectrum and 

major cerebral rhythms (Wright and Liley 1995, 1996, Robinson et al 1997, 2001, Rennie et 

al 2000, 2002) include prominent zero lag synchrony as an inherent property. 

 

Generation of the principal components can be explained as follows. Oscillation arises from 

the to-and-fro exchange of signals between excitatory neurons and local inhibitory neurons. 

Synchrony is then generated by summation of synaptic afferents at dendritic membranes, as 

in equation (3), with an adjusted set level as in equation (5). Synaptic pulse trains that arrive 

in opposite phase with respect to the sustained mean level cancel in summation, while 

those in phase summate positively – thus out-of-phase signals are dissipated, whereas in-

phase pulses, exchanged through the neural population, converge to coordinated synchrony 

at all frequencies. This applies to the summation of both excitatory and inhibitory synaptic 

fluxes, since inhibitory flux is effectively of reverse phase to excitatory flux. The argument is 

independent of details of the statistics of pulse generation and exchange, since only 

interactions of odd and even signal components are of relevance. 

 

Figure 1 left shows the way in which the collision of odd (antiphase) and even (in phase) 

signals electrocortical waves results in their mutual dissipation or additive reinforcement 

respectively. Thus the exchange of signals between any two neurons will tend to converge 

toward their synchronous firing, providing a prototypical form of predictive error 

minimization and maximization of mutual information, 𝐼. Roughly measured in linear 

approximation, 

 



 

 

𝐼 = −
1
2 𝑙𝑜𝑔*

(1 − 𝑟*) 6 

 

where 𝑟 is the correlation coefficient of their synaptic flux exchange. From this simple form 

of prediction error minimization between individual cells the formation of geometrically 

ordered multi-way exchanges between cell populations can arise as described in the next 

sections. 

 

Box 1: synchrony and self-organisation 

Sparsely coupled dynamical systems occur widely in many physical systems including 

neural networks and coupled map lattices (Breakspear 2002, Breakspear and Stam 2005, 

Ito and Kaneko 2000, Lungarella and Sporns 2006, Pyragas 1997). In these systems 

asymmetries in coupling preclude the system from settling into an equilibrium, so that 

they remain in nonequilibrium steady-state (Jarzynski 1997, Jiang et al. 2004, Kwon and 

Ao 2011, Nicolis and Prigogine, 1977) and the trajectories of their motion have 

characteristic itinerancy, which may or may not be chaotic (Namikawa 2005, 

Nara,2003;,Tsuda, 2001). Such systems can be characterised by a Lyapunov function that 

decreases monotonically as the system evolves to its nonequilibrium steady state. The 

Lyapunov function can be interpreted as difference of variational free energy between 

the current probabilistic configuration and the final (steady-state) probability density, 

expressed in terms of a relative entropy, or KL divergence (a measure of statistical 

distance) between the current density and steady-state density (Pavlos et al. 2012, Yuan 

et al. 2010). 



 

 

A second characterisation of self-organisation in the wider sense is in terms of generalised 

synchrony (a.k.a., synchronisation of chaos)(Jafri et al. 2016, Schiff et al. 1996, 

Schumacher et al. 2012). This usually rests upon a partition of the system into two or 

more parts that are loosely coupled, as may be seen for example in turbulent flows. 

Generalised synchrony occurs when the dynamics start to synchronise across their joint 

space (Breakspear 2004), and generalised synchrony is the nonequilibrium steady-state 

solution that minimises free energy. In the special case that the two parts the system are 

structurally symmetric, then the ensuing synchrony is called identical synchronisation.  

Our treatment of anatomical organization in mirror pairs, with dynamical stable or 

unstable fixed points at or near a minimum of free energy, is thus a simplified description 

of a system in nonequilibrium steady-state that approaches identical synchronisation. 

 

2.5 Gamma oscillation, wave interactions and period doubling 

In simulations with physiologically appropriate parameters a primary frequency of 

oscillation arises in the gamma range, with a period +
,
= *|!$"|

%
, where |𝑖 − 𝑗| is the distance 

of separation of closely situated excitatory and inhibitory neurones in layers 2,3, and 𝛾 is the 

gamma frequency. When phase aligned, additive wave interactions can then occur at 

periods -
,

 (𝑚 = 1, 2,3,4. . )	. On a pathway to generation of a +
.
 power spectrum, further 

summations at periods 2𝑚 = 2,4,6,8.. create period doubling at frequencies 

𝛾 2⁄ , 𝛾 4⁄ , 𝛾 8⁄ .. - frequencies close to the beta, alpha, and theta frequencies. When the 

neural field receives inputs at these frequencies, additive and dissipative wave interactions 

will result in co-resonances with phase alignments matched to the inputs. This suggests a 



 

 

means by which the cortical neural field might interact with, or be controlled by, rhythmic 

inputs. 

 

 

Figure 1. 

Left. Mean field origin of synchrony among sparsely connected excitatory (grey) and 

inhibitory (black) neurons. Local field potential (𝑉 − 𝑉Z) versus distance of separation. 

In-phase pulses (red arrows) generate synaptic summations at dendritic membranes shown 

by red curve. Out of phase pulses (blue arrows) dissipate at membranes (blue curve). 

Middle: Mirror paired neural systems with coupled spatial eigenmodes (arbitrary grey and 

white yin-yang figures) generate travelling waves that cancel about the line of reflection 

(dashed black lines) creating a Markov blanket. 

Right: Putative Markov blankets in spinal cord, between axes of bilateral symmetry, and 

between mirror-symmetric spinal segments. 

 

2.6 The generation of mirror-paired networks in the neural field 

2.6.1 Minimization of variational free energy. 



 

 

Hebbian learning leads to a fall in the variational free energy of presynaptic flux, 𝐹, as cross-

connections form. 

 

𝐹 = 𝐴 − 𝐶 → 0 7 

 

where 𝐴 is total presynaptic flux autocorrelation, and 𝐶 is total presynaptic flux cross-

correlation. At the limit 𝐹 → 0, for all synaptic fluxes 𝜑!" 	and 𝜑"!, exchanged with time-lag 𝜏, 

the sum of their autocorrelations is equal to the sum of their cross-correlations - ie: 

 

𝜑!"(𝑡)𝜑!"(𝑡 − 𝜏) + 𝜑"!(𝑡)𝜑"!(𝑡 − 𝜏) = 𝜑!"(𝑡)𝜑"!(𝑡 − 𝜏) + 𝜑"!(𝑡)𝜑!"(𝑡 − 𝜏) 8 

 

According to the free energy principle the synaptic fluxes now represent the spatial and 

temporal associations in the network’s inputs. (see Box 3.) 

 

Equilibrium requires that energy approach equipartition: 𝜑!"(𝑡) → 𝜑!"(𝑡 − 𝜏) → 𝜑"!(𝑡) →

𝜑"!(𝑡 − 𝜏). The equilibrium condition is met when pairs of excitatory cells, or pairs of 

inhibitory cells, exchange equal and opposite flux at zero lag (𝜏 = 0), and when pairs of 

cells, one inhibitory the other excitatory, exchange flux by firing in opposite phases of the 

gamma rhythm cycle, with lag 𝜏 = |!$"|
/

 . Thus the equilibrium state is synchronous 

oscillation. Consequently a ground state of universal synchrony is continuously approached 

at all time scales in the developing network, and synaptic consolidation proceeds to 

maximize synchrony to the degree possible in the face of external perturbations. 

 



 

 

Close approach to minimum free energy implies a large information storage capacity, even if 

individual synaptic connections are merely binary valued. From Nyquist and Shannon 

theorems, the information storage capacity, 𝐷, for 𝑛 synapses, is given by 

 

𝐷 = 𝑛𝑙𝑜𝑔* a1 +
𝐶
𝐴b 9 

 

So as 𝐶 → 𝐴, 𝐷 → 𝑛. Large storage capacity at all stages of development implies that early 

simple learning can take place with high degeneracy, and later differentiation. 

 

2.6.2 Prediction error minimization, free energy gradient, and excitatory-inhibitory balance 

Solutions to equation (8) in which free energy is zero but energy is not equipartitioned, 

represent forces perturbing the system - external inputs operating upon the neural network 

– and are analogous to 𝑝𝑑𝑉 forces in equilibrium thermodynamics, where free energy is 

Gibbs free energy. As connections consolidate, fields of synchrony form spatial eigenmodes 

of the network, and asymmetric couplings store information on time variations in input 

signals, so the whole becomes a system of coupled spatial eigenmodes. 

 

Free energy gradients must vanish as the free energy is minimised - but since the system is 

under continuing input perturbations, then, where ΔΦ0 is a vector representing flux 

induced by the externally imposed signals, there must arise an oppositely directed vector 

ΔΦ$; in effect the neural network predicting and neutralizing its inputs with minimal error. 

 



 

 

Opposite and equal compensating asymmetric exchanges cannot be within the same 

eigenmode system, as this would result in a frozen steady state in which representation of 

input time-variations would not be possible. Therefore spatial eigenmodes must develop in 

paired systems with mirror reversal, each of a pair with time-varying flux exchanges 

between eigenmodes oppositely directed to those in the mirror partner. 

 

The paired mirror systems must maintain overall excitatory/inhibitory balance, as required 

by equation (5). This can be provided at the line of interaction of the mirror pair by anti-

Hebbian plasticity of all excitatory and inhibitory couplings. The line of collision acts as a 

Markov blanket (Friston, 2002,2008, 2010, 2022, Friston and Ao 2012, Friston and Buzsaki 

2016, Friston et al. 2017, 2020, 2021, Palacios et al 2020, Parr et al 2022, Ramstead et al. 

2022) – that is, any boundary, or manifold, over which exchanges between two systems 

converge to maximum synchrony, minimum free energy, and minimized prediction errors. 

 

Box 2: boundaries and Markov blankets 

The separation of a dynamical system into two or more parts rests on being able to draw 

a boundary that separates one part from another. Under the free energy principle this 

boundary corresponds to a Markov blanket (Pearl 2009); namely, a set of states that 

renders dynamics internal to the boundary conditionally dependent of states that are 

external. 

Markov blankets emerge in two settings in the current work, because in terms of the 

radial (hierarchical) structure, Markov blankets define the statistical separation of both 

cortical layers and hierarchical levels in a hierarchy (i.e., under the structural model). 



 

 

Technically, a Markov blanket of a neurone or neuronal population is defined by its 

parents (i.e., afferents) children (i.e., efferents) and the parents of children. For example, 

in the radial architecture of inter-and intra-laminar connections (see Figure 2a) we can 

identify the Markov blanket of granular layer 4 as follows: its parents are the superficial 

layers (2 and 3) of the hierarchical level below and the deep layers (5 and 6) of the level in 

question. Its children and the superficial layers of the current level and the parents of its 

children are the deep layers of the level above. So the ensuing Markov blanket defines 

both a laminar partition — within cortical layers — and a hierarchical level in terms of any 

level’s neighbours. Similar arguments can be made for the lateral or circumferential 

connections that afford a midline Markov blanket in the context of mirror symmetry (see 

Figure 2b). This implies a multiplicity of Markov blankets partitioning neuronal states or 

populations at the laminar, intra-areal and inter-areal levels. In the preceding work of 

Wright and Bourke the existence of embedded layers of Markov blankets was inferred 

from the anatomical configurations that arise as synchronous oscillation is maximized 

during neurogenesis. 

 

A Markov blanket of this type need not be a static cancellation barrier. It is a line of 

exchange that by fluctuation, transmits signals between the paired systems, so the paired 

structure conforms to the good regulator theorem (Conant and Ashby 1970), meaning that 

each of the paired systems acts to minimize prediction errors in exchange with the other. 

This is a specific instance of the emergence of generalized synchrony (see Box 1, and for an 

example of the wide applicability of the generalized form, see Friston and Frith, 2015. ) 

Multiway exchanges between many interlinked mirror pairs can then form a self-regulating 



 

 

adaptive system, in which perturbations of exchanges over the Markov blankets act to 

coordinate interactions over wide ranges. 

 

Figure 1 middle shows the topology of an idealized mirror pair system with intervening 

Markov blanket, and Figure 1 right shows that the structure of the spinal cord can be 

regarded as an approximation to mirror pairs created by bilateral symmetry, and by 

segmental symmetry (Wright and Bourke 2025). 

 

2.7 Formation of mirror pairs during embryogenesis 

Figure 2(a) shows schematically the way that the emergence of mirror pairs can occur 

between the counterflows of signals in the radial lines of neurodevelopment described in 

the Structural Model, indicating the points of contact between layers 2,3 and 4, at which 

preliminary formation of Markov blankets can occur, paving the way for integration of 

function between limbic and primary neocortical areas. 

 

Figure 2(b) shows how the concurrent circumferential development of connections favours 

bidirectional exchanges between cortical areas and thus mirror pairing between cortical 

areas. This figure is also intended to suggest mirror systems at mesoscale can arise as 

columnar and superficial patch systems, breaking the cortex into a multitude of modules 

with greater overall stability (see Appendix). 

 



 

 

 

Figure 2. 

(a) Signal flows in the radial lines of the Structural model. Blue arrows – synaptic flux in 

layer 4. Red arrows – synaptic flux in layers 5,6 and 2,3. Markov blankets form at the 2,3 

versus 4 junction. 

(b) Formation of circumferential interareal connections. Cortical areas bilaterally coupled by 

cortico-cortical fibres (grey arrows) link multi-columnar systems within each area. 

 

Box 3: Markov blankets and active inference 

An important implication of a Markov blanket is that one can apply the free energy 

principle and interpret the dynamics internal to a boundary as, effectively, inferring states 

that are external to the boundary; namely, active inference. This follows from the physics 

of self-organisation under Markov blankets (Friston et al. 2023), in which internal 

dynamics follow a gradient flow of variational free energy, and can be read as a bound on 

the surprisal (a.k.a., self-information) of exchanges across the Markov blanket. One 



 

 

commonly applied formulation of the implicit (Bayesian) mechanics is predictive coding, 

in which the superficial layers encode prediction errors, while deep layers encode 

representations that provide predictions for lower levels (Bastos et al. 2012). Prediction 

errors — that report surprisal — are, mathematically, equivalent to free energy gradients, 

(Sengupta et al. 2013) so as the variational free energy is minimised surprisal vanishes. 

This means that self-organisation arises as prediction errors are minimized and 

generalised synchrony is approached at a nonequilibrium steady-state (See Box 1). The 

gradients (i.e., prediction errors) will never attain zero, and will evince divergence-free, 

oscillatory dynamics. 

Our argument presents the case that elementary properties of the neural field and 

disparities in cell types and architecture impose conditions for the emergence of a non-

equilibrium steady state, with Markov blankets and capacity for active inference.  

 

3. The impact of asymmetries. 

3.1 Asymmetry and unstable fixed points 

In an idealised and isolated mirror pair, perfect stable equilibrium would be attained – ie: 

 

ΔΦ0(𝑡) − ΔΦ$(𝑡) → 0	,
𝑑𝐹
𝑑𝑡

→ 0, 𝑎𝑛𝑑	
𝑑*𝐹
𝑑𝑡*

→ 0 10 

 

When two imperfectly matched neural systems approach stable exchange over their 

intervening blanket, all three of the conditions in equation (10) cannot be attained. Either 

formation of a mirror pair must fail entirely, so one-way or no connections form - or the 

exchange of synaptic flux must flip-flop between exchanges predominantly in one direction 



 

 

and then the other. An unstable fixed point of equilibrium will exist, and equation (10) 

becomes 

 

ΔΦ0(𝑡) − ΔΦ$(𝑡) → 0	,
𝑑𝐹
𝑑𝑡

→ 0, 𝑎𝑛𝑑	
𝑑*𝐹
𝑑𝑡*

→ +𝑣𝑒 11 

 

Two consequences are: 

(a) The asymmetry introduces a capacity for organization of chains of sequential activation, 

underlying the suggested operation of spinal segmental reflexes in Figure 1 and along 

the radial axes of development in the structural model. 

(b) To the extent that the imperfectly matched areas achieve equilibrium of exchange, this 

must be at those temporal and spatial frequencies at which they are best matched. 

 

3.2 Spatial frequency matching, and long and short ranges of axonal trees 

Expanding (b) above a little more, maximization of zero-lag synchrony between mirror pairs 

requires matching at resonant temporal and spatial frequencies within each of the pair, so, 

during development, in the imperfect approach to mirror pairs between asymmetric cortical 

areas, spatial correlations of connections within each of the two areas must be 

approximated as closely as possible. This will then determine the patterns of interaction 

between areas at maturity. 

 

A full treatment of spatiotemporal matching would need to consider shapes, orientation 

and relative size of the areas being matched, as well as the ranges of axonal connection and 

conduction rates. These difficulties can reduced to consideration of spatial frequency 



 

 

matching in each of a mirror pair based solely on the axonal ranges of axons, from which 

special case the general case could be adduced. 

 

The mirror pairs considered will be minimal model pairs of cortical areas, the axonal 

connections those in layer 2,3, and these further simplified into two cell populations – one 

with short axons representing local excitatory cells (similar in range to their local inhibitory 

cell partners) and one with longer axons, approximating superficial patch connections. The 

distribution of axon branches as a function of distances from cell bodies can be given as 

 

𝜌1 = 𝑁1𝜆1exp	[−𝜆1𝑥] 12 

 

And 

 

𝜌2 = 𝑁2𝜆2exp	r−𝜆2𝑥s 13 

 

where 𝜌1(𝑥), 𝜌2(𝑥) are the axonal tree densities of longer axon (alpha) cells, and shorter 

axon (beta) cells as a function of distance 𝑥 from cell bodies. 𝑁1 , 𝑁2  are the fraction of cells 

in each population, and 𝜆1 , 𝜆2  are inverse length constants. 

 

The distribution of spatial power within the cortical area will then be 

 

𝑃(𝑘) = [
𝑁1𝜆1

𝜋(𝑘 + 𝜆1* )
]* + [

𝑁2𝜆2
𝜋A𝑘 + 𝜆2*B

]* 14 

 



 

 

where 𝑘 is spatial frequency. From the spatial frequency spectrum the spatial auto and 

cross-correlation of the pattern of connections in a pair of cortical areas can be obtained via 

the Wiener-Khinchin theorem. 

 

4. Simulating cortical growth within, and between, areas 

Principles we have earlier used to simulate growth within a cortical area at mesoscale 

(Wright and Bourke 2016) can be applied to interareal development, to show how areas can 

become functionally merged, or kept functionally segregated. 

 

4.1 Simulations of neocortical development at mesoscale in layers 2,3 

Our simulations used axonal density as a function of range in the two axonal length 

populations in layer 2,3, as a measure of the synaptic flow neurones generate as a function 

of distance from the cell body. We exploited the dimensional analogy of synaptic flux to 

electric current or mechanical force to use a force minimization algorithm, establishing the 

positions at which all cell bodies in the simulated field would eventually be situated when, 

under the influence of Hebbian synaptic adjustments and apoptosis, they had reached equal 

and opposite exchanges of synaptic flux, and thus maximum synchrony. 

 



 

 

 

Figure 3. 

Outcomes of growth simulations in a small cortical area as functions of axonal lengths, 𝜆1,2. 

Red pixels – cell bodies of long axon cells. Blue pixels – cell bodies of short axon cells. 

Fraction of cells with long axons (𝑁1) are given for small world optimization with given 

axonal lengths .(From Wright and Bourke 2016) 

 

Eight thousand points were distributed randomly in a 2 dimensional field, and a fraction, 𝑁4, 

designated long axon alpha cells, coloured red, and a fraction, 𝑁2, designated short axon 



 

 

beta cells, coloured blue. The proportions of cells of each type were those best suited to 

assembly of a small world network, given specific ranges of long and short axons. 

 

The polysynaptic synaptic fluxes passing between populations of cells of the same or 

different types can be expressed as aggregate forces, 𝑆11 , 𝑆12 , 𝑆21 , 𝑆22. Because beta cells 

are more populous and have denser axonal trees at short range, in contrast to alpha cells at 

longer range, then aggregate effects sum to 

 

𝑆22(𝑥) = 𝜌2 − 𝜌1 = 𝑁2𝜆2𝑒$5!6 − 𝑁1𝜆1𝑒$5"6 15 

 

and 

 

𝑆11(𝑥) = 𝜌1 − 𝜌2 = 𝑁1𝜆1𝑒$5"6 − 𝑁2𝜆2𝑒$5!6 16 

 

and as synaptic weights become adjusted to maintain bidirectional equality of synaptic flux, 

𝑆12(𝑥) → 𝑆21(𝑥) → 𝑆11(𝑥). 

 

In the later stages of each simulation an expansive force, 𝐺(𝑥), was introduced to mimic the 

effects of cell divisions during growth with apoptosis, using the convenient arbitrary 

function 

 

𝐺(𝑥) =
1
2 (1 − sin -

𝜋
2𝑤

(𝑥 − 𝑤)2 17 

 



 

 

where 𝑤 is range of growth or expansive force. 

 

Outcomes of these simulations are reproduced in Figure 3. It can be seen that in all cases a 

columnar organization of beta cells has emerged, surrounded by alpha cells In a meshwork. 

The simulation method underestimates short-range connectivity among alpha cells, but 

with appropriate correction, approaches the pattern of superficial patch connections. (In 

the examples shown factors optimizing small world order were not applied, so that the 

columnar order is apparent in all cases. Although this ordering is always present it would be 

disguised by overlapping in some cases, creating the appearance of non-columnar cortex.) 

 

4.2 Application of a similar method to ongoing development between cortical areas 

As cortical areas are developing, cortico-cortical fibres bring them into mutual interaction. 

By the additive and dissipative wave effects described in section 2.5, each will impose upon 

the other signals with spectral characteristics determined by their axonal lengths (equations 

(12,13,14). By doing so they will modulate the growth effects within each other. One area 

may dominate over the other to a degree, k, where k ranges from 1-0. Labelling the two 

cortical areas 𝐴 and 𝐵, and the local forces organizing each area 𝑆(𝐴, 𝐵) 

 

𝑆(𝐴, 𝐵) = 𝑆11 + 𝑆12 + 𝑆21 + 𝑆22 18 

 

the aggregate organizing forces operating on areas 𝐴 and 𝐵 including the imposed 

organization resulting from their relative cross-coupling, 𝑘, are 

 

𝑆7(𝐴) = 𝑘𝑆(𝐴) + (1 − 𝑘)𝑆(𝐵) 19 



 

 

 

on area 𝐴, and on area 𝐵 

 

𝑆7(𝐵) = (1 − 𝑘)𝑆(𝐴) + 𝑘𝑆(𝐵) 20 

 

With this modification, simulations of growth in coupled areas can then use the same 

method as for single areas. 

 

5. The emergence of interareal cross-connections 

5.1 Initial conditions and auto and cross-correlations in some specific comparisons 

In Figure 4 simulation outcomes for two simulated cortical areas, A and B, show the effects 

of cross-linkage or its absence, and the effects of same or different initial connections. A and 

B have parameters drawn from two cases among those shown in Figure 3. These two 

instances differ in the range parameters of the axonal trees ( 𝜆1  and 𝜆2) but have the same 

proportions of long and short axon neurons – ie, 𝑁1 , 𝑁2  are identical in A and B. Differences 

in the effects of same or differing external inputs were emulated by using the same or 

different initial seed values for the randomised placements of cells prior to the initiation of 

force equilibration in the simulations. 

 

In the first row of Figure 4 it can be seen that although no cross-coupling has been applied 

between A and B, the similar input/initial condition results in similar spatial 

autocorrelations, and partial cross correlation, of A and B. 

 



 

 

In the second row the same input/initial condition applies, but equations (18-20) have been 

brought into operation with k = 0.5. That is, A and B interact equally and strongly during 

“neurogenesis”. Despite differences in the axonal lengths in A and B, the outcome is their 

complete spatial correspondence and maximal mutual information. 

 

The third and fourth rows show that when inputs/initial conditions differ, whether cross-

coupled or uncoupled, no spatial correspondences or mutual information arise between A 

and B. 

 



 

 

Figure 4. 

Simulations of two cortical areas, A and B, with differing axonal lengths but the same 

fractions of long versus short axon cells. Effects of differing versus identical inputs, and of full 

coupling versus absence of coupling, upon spatial auto- and cross-correlations 

 

 



 

 

Figure 5.  

Simulation outcomes with identical inputs where the fractions of long versus short axon cell, 

𝑁1, as well as the axonal lengths, 𝜆1,2, are highly disparate between A and B. Dark grey 

arrows between simulation pairs indicate the relative strengths of coupling of cortico-

cortical connections in each direction of synaptic flow. Cross-correlations are effectively zero 

in all coupling conditions. 

Figure 5, and Figure 6, extends the comparison to further paired examples drawn from 

Figure 3, to highlight differences in outcome related to the strength and direction of cross 

coupling between A and B (parameter 𝑘) and also to differences in the ratios of long and 

short axon cells (𝑁1 , 𝑁2). In all comparisons input/initial cell positions were identical in A 

and B. 

 

In Figure 5, where disparity in parameters 𝑁1 , 𝑁2  are large, it can be seen that while spatial 

autocorrelations remain similar, cross-correlations, and mutual information remain 

effectively zero for all values of 𝑘, including 𝑘 = 0.5. 

 

In Figure 6, as in Figure 4, A and B share the same values of 𝑁1 , 𝑁2 , but again with disparate 

𝜆1 , 𝜆2. It can be seen that spatial cross-correlation and mutual information reaches the limit 

for the case that 𝑘 = 0.5, when cross-linkage is opposite and equal, but some cross-

correlation is apparent wherever some degree of bilateral, but asymmetric, cross-coupling is 

present. 

 



 

 

 

Figure 6. 

Simulation outcomes in the same format as Figure 5. In this case, although the axonal 

lengths, 𝜆1,2, are disparate, the fractions of long versus short axon cells, 𝑁1, are identical. 

Cross correlations are now higher in all conditions of cross-coupling, and with bidirectional 

equal cross-coupling, outcomes in A and B are identical. 

 



 

 

5.2 Systematic analyses in representative examples 

To permit convenient comparisons of degree of match or mismatch of asymmetric cortical 

areas, we took advantage of a property of the spatial power spectrum; equation (14). Since 

𝑁1 = 1 − 𝑁2, then if 𝜆1 , 𝜆2  are given for two cortical areas, adjustment of their values of 

𝑁1  will permit their cross-correlation to be adjusted into closer or lesser approximation. The 

disparity between actual values of 𝑁1  applying in A and B, and the optimum value to match 

the power spectra of A and B is thus a measure of match or mismatch of initial conditions, 

and will exert effects comparable to superadded noise, from whatever source – a 

comparison confirmed using actual overlaid noise in other simulations (not reported). We 

use the term “Long Axon Fraction (LAF)” to represent the adjusted values of 𝑁1, to 

distinguish the adjusted fraction from the small-world optimum 𝑁1  of each simulation. 

Figure 7 uses this measure, and variation of the cross-coupling parameter, 𝑘, in a set of 

paired A and B comparisons. Initial conditions set by randomization were identical left and 

right, to model comparability of external (thalamic) inputs in development. 

 

In 7 (a) cases A and B have identical values of 𝑁1 , 𝑁2 , 𝜆1 , 𝜆2. Outcomes are identical in A and 

B. Their spatial cross-correlation is exact, 𝑟=1, for all values of cross-coupling, and there is 

no LAF disparity between the values of 𝑁1  in A and B. They have maximum mutual 

information in all conditions. 

 

In 7 (b) cases A and B remain matched for the value of 𝑁1 , 𝑁2, but differ in the values of 

fibre ranges, 𝜆1 , 𝜆2. Now the maximum 𝑟 = 1 is reached only when 𝑘 = 0.5, when A and B 

exert equal and opposite effects of A upon B and vice-versa. Again, there are no LAF 



 

 

disparities. However, approach to high mutual information would depend upon close 

balance of signal exchanges brought about by external controls. 

 

In 7 (c) there is some mismatch of 𝑁1 , 𝑁2  in A and B, and the peak 𝑟 = 1	at 𝑘 = 0.5 is 

disparate in LAF from the correct matching values of 𝑁1. There remains a zone of cross-

correlation, maximal at 𝑘 = 0.5, but 𝑟 ≠ 1. Matching of mutual information between areas 

is restricted, compared to (a) and (b). 

 

In 7 (d) the LAF disparity in A and B is now extreme, and under no combinations of cross-

couplings are there discernible spatial cross-correlations. Mutual information of A and B is 

effectively zero. 

 

 

Figure 7. 

Plots of cross-correlation, 𝑟, versus cross-coupling, 𝑘, for selected A and B pairs with graded 

disparities in 𝑁1, and in 𝜆1,2. Spatial frequencies in A and B have been varied by adjustment 

of 𝑁1  away from the correct value for the given parameters of the simulation, shown as 



 

 

position on LAF axes. The vertical dashed lines mark the correct value of 𝑁1  for A or for B, 

and the black arrows mark the correct value for the opposite member of the A and B pair – 

measuring disparity of their matching. 

 

6. Conclusion 

These results extend prior concepts of radial and meso-scale self-organization in neocortex 

to include circumferential cortico-cortical connectivity. Built upon a primarily radial and 

hierarchical order of the structural model, a preliminary explanation for the complexities of 

the Brodmann areas, and Yeo areas can be sketched out. Arising developmentally, there is a 

continuum of possible relationships between cortical areas. At one extreme are those areas 

closely approaching mirror symmetry and interacting strongly at all levels of cortical 

activation. Intermediate cases are those that can be brought into functional interaction by 

adjustments of their excitation toward equality (𝑘 = 0.5). At the other extreme, are those 

with limited or absent symmetry and/or low levels of information exchange, that are able to 

operate effectively independently. 

 

6.1 Overall cortical development 

As cortico-cortical connections form according to the distance rule of separation, those 

areas that receive shared information from external sources, and have intracortical axonal 

fibre ranges sufficiently similar in both areas to match spatial frequencies each with the 

other, will begin to interact, increasing the level of their coupling, maximizing their mutual 

information, and accounting for the features listed by Goldman-Rakic cited in the 

Introduction. This applies, to greater or lesser degree to all cortical areas in which mirror 

symmetries are apparent, as is seen for example in the sequence of visual areas, and 



 

 

between left and right visual cortex. Conversely, cortical areas that do not share common 

inputs, and/or have differing spatial and temporal patterns of activity will not form cross-

connections. This will enable separated cortical areas to serve specialised functions within 

the global order of neocortical operations. 

 

The segregation of cortical areas will therefore be, to some degree, a separation of areas 

with low temporal and spatial frequencies versus high frequencies, and this implies two 

further properties: (a) the specialization of high frequency areas on local and rapid 

sequences of information processing, and specialization of low frequency areas on slower, 

more extensive processing; favouring (b) supervisory coordination of high frequency areas 

by low frequency areas. This kind of supervision would pertain, broadly, to left versus right 

hemispheres, and to the predominance in dorsal neocortex, with distributed coordination of 

neurones selective for shape perception and movement control, over the finer definition of 

stimulus/perceptual objects in ventral cortex. Co-ordination of high frequency systems by 

lower frequency systems would apply similarly at meso-scale, where “like to like” superficial 

patch system connections co-ordinate interactions among stimulus-tuned neurons. 

 

Networks operating in parallel and in different sequences would overcome the information 

processing limitations of predictive error minimization in hierarchical radial sequences 

alone, and permit chained cognitive sequences of indefinite time duration. 

 

6.2 Sequences of cortical activity and their control 

As development proceeds to a mature stage, control of Interareal flows from subcortical 

sources would regulate the flip-flopping of synaptic flux over unstable fixed points of 



 

 

intervening Markov blankets by two mechanisms. Firstly, the mean level of activation in any 

two areas, would regulate parameter 𝑘 – ie: the strength and directionality of signal flow 

between areas, and by tuning to 𝑘 = 0.5, would optimize interaction. Secondly, the rules of 

synchrony generation and wave interactions described in section 2.5, allow for modulation 

cortical activity at the rhythms at the theta, alpha, and beta frequencies. This accords with a 

recent theoretical analysis (Tucker and Luu 2026) arguing that excitatory tone from 

hypothalamic/hippocampal sources, modulated at theta frequency, and from thalamic and 

basal ganglia circuits at beta frequency, is delivered in limbifugal flows along cortical layers 

5/6, interacting with gamma activity in an oppositely directed limbipetal flow. Lower level 

generation of oscillating signals at these lower frequencies would arise in the same way as 

at the gamma frequency, but with longer delays in the excitatory/inhibitory to-and-fro 

exchanges. A major inference drawn by Tucker and Luu is that internal modulation of the 

counterflows would result in transient but widespread synchronous fields, with a duration 

enabling NMDA-mediated strengthening of synaptic connections so as to establish a 

memory trace. 

 

6.3 Summing up 

A consistent multilevel account of prediction error and active inference, under active 

affordance can be advanced, in which synchronous oscillation is the universal attractor. Cell 

organizations trend to mirror pair symmetries, but broken symmetries allow sequences of 

area-specialised spatiotemporal sequences within the total flow. This account is applicable 

within current accounts of the overall structure of the brain. Biologically, the selection 

among developing neurons of ensembles that fire in zero-lag synchrony drives the process 

of self-organization.  



 

 

 

This model is included within the wider context of self-organizing non-equilibrium physical 

systems, and the linkage of all such systems to active inference and the free energy principle 

can again be emphasised.  
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Appendix. Mirror systems at mesoscale. 

Figure A shows the geometrical forms within neocortex that can be accounted for as mirror 

symmetries.  

 



 

 

 

Figure A. 

(a) Within cortical areas columns arise at mesoscale, with mirror symmetry. In the small 

area bottom left of the cortical areas, the columns are shown blurred into each other, as 

a reminder that column formation need not be anatomically distinct. 



 

 

(b) left. Superficial patch connections surround and interconnect columnar zones in layers 

2,3, as seen in cortical surface view, producing between-scale mirroring. 

(b) right. Cells of the columnar zone in cortical depth. Maximization of synchrony in 

interpenetrating sparsely coupled networks leads to multiple closed loop systems akin to 

Mobius strips. 

(c) Adjacent columns become arranged in approximate mirror symmetry, each with its 

neighbours. 

 

Applications of the theory of synchrony maximization and mirror formation (Wright and 

Bourke 2013, 2016, 2022, Wright et al 2014) explain the following experimental 

observations: 

• Columnar versus noncolumnar variation (Horton and Adams 2005, Muir et al. 2011, 

Muir and Douglas 2011, Molnar 2013). 

• The antenatal development of retinotopic maps (Wiesel and Hubel 1974, and their 

postnatal loss with deprivation of visual experience (Blakemore and Van Sluyters 1974, 

Espinosa and Stryker 2012, Konkle 2021). 

• Differential shape and movement sensitivities in dorsal versus ventral neocortex 

(Trevarthan 1868,Ungeleider and Mishkin 1982, Goodale and Milner 1992) 

• Retinotopic response maps in cortical area V1 – Orientation Preference (OP) 

singularities, linear zones and saddle points (Bosking et al. 1997, Girman et al.1999, 

Levitt and Lund 2002, Obermayer and Blasdel 1993). Mobius-like internal configuration 

within a column accounts for the organization of OP from 0 – 180 degrees over the 360 

degrees around an OP singularity. Linear zones and saddle points of OP are accounted 

for by mirror symmetric reversals with some broken symmetry at columnar boundaries. 



 

 

• Ocular dominance (OD) columns in square array (Obermayer and Blasdel 1993). 

• “Like to like” patch cell connections – ie: the preferential connections of patch cells to 

columnar cells with a common OP (Rockland and Lund 1983, Levitt and Lund 2002, 

Martin et al 2014, Chavane et al. 2022). 

• The numerical relationship TFP = object velocity x SFP between preferred spatial 

frequency (SFP) and preferred temporal frequency (TFP) in individual cortical neurones 

(Baker 1990, Zhang et al. 2007, Issa et al. 2000, 2008). 

• The differential distribution of SFP and TFP in relation to OP (Issa 2008). 

• OP variation in response to moving line stimuli of given orientation, and varied speed, 

angle of attack, and length (Basole et al 2003) – an effect of intracortical contextual 

connections, in contrast to OP selection on the input pathway alone (Vidyasagar and 

Eysel 2015). 

• Recordings made by vertical penetrations of somatosensory cortex showing that 

receptor fields for cells have continuities of the fields as the recording electrode is 

advanced, and sudden breaks and reversal of continuity – consistent with the 

organization of local cell connections in Mobius-like configuration spiralling within the 

cortical layers and the occurrence of mosaic connectivity in cortical columns (Miyashita 

2025). 
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