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ABSTRACT 

Recent advances in neuroscience highlight the complexity of 

the central nervous system (CNS) and call for general, 

multidisciplinary theoretical approaches.  The aim of this 

chapter is to assess highly organized biological systems, in 

particular the CNS, via the physical and mathematical 

procedures of gauge theory – and to provide quantitative 

methods for experimental assessment. We first describe the 

nature of a gauge theory in physics, in a language addressed to 

an interdisciplinary audience.  Then we examine the possibility 

that brain activity is driven by one or more continuous forces, 

called gauge fields, originating inside or outside the CNS.  In 

particular, we go through the idea of symmetries, which is the 

cornerstone of gauge theories, and illustrate examples of 

possible gauge fields in the CNS.  A deeper knowledge of 

gauge theories may lead to novel approaches to (self) organized 

biological systems, improve our understanding of brain activity 

and disease, and pave the way to innovative therapeutic 

interventions. 
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INTRODUCTION 

 

Current technical advances in systems neuroscience (Dayan et 

al., 2013; Mattei, 2014; Huth et al., 2016; Taylor et al., 2016) 

try to establish causal relations between specific aspects of 

neuronal activity and system-level consequences.  

Multidisciplinary theoretical approaches, which offer a bridge 

connecting the scientific languages of biology, mathematics 

and physics, are clearly required. One might wonder if the 

unpredictable complexity of biology – neuroscience included – 

could hope for that kind of theories. An affirmative answer 

results from a treatment of living systems – and in particular 

the central nervous system (CNS) – via the physical and 

mathematical procedures of a gauge theory approach.   

 

A possible role for gauge fields (Sengupta et al., 2016a) and 

symmetries (Tozzi and Peters 2016a) has been recently 

proposed in order to elucidate physiological and pathological 

features of brain activity. In the search for a dynamic interplay, 

a cross-over of the physics of elementary particles and cortical 

brain dynamics, gauge theory takes into account the possibility 

that brain activity is driven by one or more continuous forces 

represented by gauge fields, originating inside or outside the 

CNS.  Three main ingredients are required to sketch gauge 

theory of the CNS:  

 

 A system equipped with a symmetry and a correlated, 

measurable Lagrangian 

 A continuous Lie group of local forces 

(transformations) which break the symmetry locally. 

 One or more gauge fields, (possibly) external to the 

system, able to restore the broken symmetry and to keep 

the Lagrangian invariant, despite the local 

transformations. 

The importance of such an approach rests upon the implicit 

ability to measure unknown quantities: if we knew two of the 

ingredients (for example, the values of the Lagrangian and the 

total forces applied to the system), we can extrapolate and 

calculate the value of the third (for example, the gauge field), 

via procedures from differential geometry.  Indeed, vector 

projections can be used in order to assess CNS diseases in the 

powerful probabilistic framework of gradient descent 

trajectories along manifolds equipped with negative curvatures 

(Sengupta et al., 2016b). 

 

The three above mentioned ingredients are interchangeable.  

System, local forces and gauge field may indeed play different 
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roles in the CNS, depending on our initial assignment.  

Sengupta et al. (2016a, 2016b) framed the required ingredients 

in the context of the free-energy principle and focused on the 

methodological implications of gauge theory for 

parameterisation and new inference schemes in data analysis.  

There are, however, other neurobiological possibilities, that 

speak to a neuronal gauge theory.  It is conceivable that brain 

dynamics constitute more than one symmetry breaking and 

more than the expression of a single gauge field.  A complex 

interaction among many actors might take place in the CNS, 

each with its specific role in preserving more than one 

Lagrangian – and our cognitive functions and associated 

pathologies could be the result of a mixture of many functional 

elements.  

 

This paper comprises six sections, and extends neuronal gauge 

theories for brain function to consider several scenarios.  The 

first section informally describes a gauge theory in physics. We 

address this introduction to a broad interdisciplinary audience 

and try to make it accessible to experts from different fields. 

The second section focuses on the features required for a gauge 

theory for the CNS; e.g., vector spaces and symmetries, while 

the third is an effort to describe what gauge theories bring on 

the table – in the evaluation of brain function. Section four 

provides the mathematical formalism for technical readers.  In 

section five, we provide gauge theories within the framework 

of the free-energy principle. Finally, section six considers about 

other possible biological or functional candidates for brain 

symmetries/gauge fields. 

 

1) WHAT IS A GAUGE THEORY? 

A gauge theory is a field theory, in which the Lagrangian (a 

function that summarizes the dynamics of the system) is 

invariant under a continuous group of local transformations 

(Zeidler, 2011).  The most important physical theories of the 

last centuries; i.e., electromagnetism, general relativity and 

quantum field theory, can be framed in gauge theories. The 

underlying concept is quite simple: gauge means choice.  A 

gauge is nothing more than a coordinate system that varies 

depending on one’s location with respect to some base space.   

 

The cornerstones of gauge theories are the concept of 

symmetries and the Noether theorem, which states that for 

every continuous symmetry there is a conserved physical 

quantity.  The global symmetry of the system is preserved, in 

spite of local changes, by a continuous force, called the gauge 

field.  A gauge theory can be studied via normalized 
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mathematical procedures (t’Hooft, 1971), so that the local 

forces acting on each point of the system can be quantified and 

investigated through differential geometry.  We will try to 

explain what a gauge theory is, conveying the geometric 

intuition rather than the rigorous formalism.  

 

To illustrate the formalism, we might start with a ball, 

representing a system.  Local forces, depicted as vectors, act 

just on a few zones of the ball surface (figure 1A).  Indeed, 

vector spaces have noteworthy properties that make them 

attractive for representation models and for encoding complex 

structures as single multidimensional vectors (Snaider and 

Franklin, 2014).  The ball is unfolded and flattened into a two-

dimensional reconstruction, allowing the entire surface to be 

transferred to a bidimensional circle (figure 1B).  The local 

forces are arbitrarily described as vectors of different lengths 

and orientations, originating from the circle surface (figure 

1B). The local forces on the circle surface can be described in 

terms of a broken line (the dotted line in figure 1C).  In this 

case, the symmetry is considered as locally broken or, better, 

hidden.   In order to keep the global symmetry invariant, we 

need to introduce a balancing force (figure 1D).  This force is 

the gauge field.  When the gauge field comes into play, we 

obtain a system equipped with continuous and unbroken line 

(the dotted line parallel to the circle surface in figure 1E).  This 

line stands for the Lagrangian, roughly corresponding to the 

global symmetry.  In summary, if we want to keep the 

Lagrangian invariant, despite local changes, we have to 

transform the broken line of figure 1C into the continuous line 

of figure 1E, with the aid of a counteracting force.  When a 

system preserves its own symmetry despite the action of local 

forces, it is said to be equipped with a gauge symmetry and we 

have a gauge theory.  

 

When one sketches a gauge theory, one can arbitrarily choose a 

symmetry a priori: by fixing a gauge, the model then becomes 

easier to analyze mathematically.  However, this does not 

automatically mean that every hypothesized gauge theory 

should be accepted as valid.  Deciding exactly how to fix a 

gauge is a key issue: the tractability of the resulting problem is 

heavily dependent on the choice.  Although gauge theories 

approach their task speculatively, they build entirely upon the 

results of the physical sciences.  They must be not only 

logically, but also physically tenable.  In sum, a gauge theory is 

an abstract conjecture that needs to be tested by empirical 

investigations.  As an example, the Higgs boson was first 

hypothesized via a gauge symmetry (Higgs, 1964), then 

confirmed with the Large Hadron Collider.   

 

http://en.wikipedia.org/wiki/Gauge_fixing
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Figure 1.  A geometrical illustration of a gauge theory.  The 

gauge field, a sort of mathematical deus ex machina, balances 

local transformations.  See text for further details.  

 

2) IN SEARCH FOR SYMMETRIES IN THE CNS 

 

In this section, we focus on the key problem in sketching a 

gauge theory for the CNS.  To do this, we need a continuous 

symmetry to break and restore.  The search for nervous 

symmetries is not easy. Due to our incomplete knowledge of 

brain function, we do not know exactly which, and how many, 

symmetries are hidden in the CNS.  Furthermore, symmetries 

need to be constrained and it is unrealistic to seek – in biology 

– the mathematical simplicity of physics.  Even if we knew the 

requisite symmetries, it is doubtful if our current technology 

would be able to calculate all the necessary variables at each 

point in the CNS. For example, recent studies suggest that 
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cognitive functions do not depend solely on electrical pulses, 

but on multifactorial intra- and extra-neuronal causes, involving 

supramolecular interactions among biologically active 

macromolecules (Tozzi, 2015).  It is also important to 

remember that any hypothetical descriptions cannot 

unambiguously characterize the etiology of fluctuation 

properties, as similar symmetric properties may stem from 

qualitatively different generators, which may be difficult to 

distinguish with finite data (Papo 2014). 

 

Despite these limitations, gauge theories could pave the way to 

a novel approach to organized living systems.  The prevalence 

of complex fluctuations would allow not only treating the brain 

as a physical system, but also help classify cognitive processes 

as operators acting on symmetries. Moreover, the 

computational neuroscience community is currently 

undertaking an effort to provide a systematic way to 

characterize symmetry and asymmetry in the network 

structures of the connectome – by inspecting the eigenvalues of 

different types of connectivity matrices (Esposito et al., 2014).  

Gauge theories for the brain are reminiscent of a mechanism of 

homeostasis, in which: a) the conserved variable is a symmetry, 

often hidden from our observation, and b) the balancing force 

must be continuous. In what follows, we present a brief list of 

known symmetries in CNS that could be tested in the frame of 

a gauge theory.  The following treatment recalls recent results 

by Tozzi and Peters (2016ab).  

 

The brain generates scale-free fluctuation, even in the absence 

of exogenous perturbations (Papo 2014).  It has been suggested 

that scaling properties allow cognitive processes to be framed 

in terms of complex but generic properties of brain activity at 

rest and, ultimately, during functional operations, limiting 

distributions, symmetries, and possibly their universality 

classes (Papo, 2014).  The stability of spectrum exponents (of 

many neuronal processes) suggests that a universal scaling 

characterizes a large class of brain systems and physiological 

activities (de Arcangelis 2012).  Complex scaling and 

intermittency are generic spatiotemporal properties of the brain 

and, more importantly, could contain information on how 

observable large-scale behaviours arise from the interactions of 

many small-scale processes (Papo 2014). 

 

The 1/f
n
 structure – of time evolving neuronal activity – offers 

a parameterisation that summarizes the values of the frequency 

and amplitude of cerebral activity over a given time.  This 

means that a high number of possible source configurations of 

brain currents, in different cortical areas (i.e., local 

transformations, such as gamma oscillations in somatomotor 
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cortex during states of enhanced vigilance, or alpha waves in 

posterior zones with the eyes open) give rise to a set of 

measured potentials characterized by a general scaling 

property.  In a gauge theory, the global invariant power law 

might stand for the complete Lagrangian density of the total 

brain currents – and can therefore regarded as a global 

symmetry; while the local changes in frequency and amplitude 

are the local gauge symmetries.  In summary, if we knew the 

frequencies and amplitudes of activity at each point of the 

brain, we could be able to estimate frequency and amplitude of 

the required, hypothetical gauge field. 

 

Another neuronal symmetry has been recently discovered.  A 

constant excitatory/inhibitory (E/I) ratio between the total 

amount of excitatory and inhibitory stimulation has been 

described, both in vitro and in vivo (Haider, 2006).  The 

balance between the two opposing forces affects many cortical 

functions, such as feature selectivity and gain (Xue) and 

memory of past activity (Lombardi). The E/I ratio could also be 

interpreted as evidence of a homeostatic mechanism between 

strengthening and weakening processes in the adaptation of 

synaptic neuronal connections (de Arcangelis 2012).  

Homeostatic systems induce a distinction between inhibitory 

and excitatory connections that could contribute to symmetry 

breaking, leading to directed coupling and information transfer 

(Tognoli and Kelso, 2014). From our point of view, E/I ratio 

might be regarded as the Lagrangian of the intact and 

spontaneously active cerebral cortex.  The experimental 

evaluation of local symmetry breakings in cerebral cortex could 

provide a map of the continuous forces acting on brain, in order 

that the gauge field could be calculated via differential 

geometry.  

 

Thus far, gauge theories of CNS have been already proposed in 

the framework of quantum mind theories (Freeman and 

Vitiello, 2008; Matsui, 2001).  Some of these models are 

equipped with a local gauge symmetry and resemble lattice 

gauge theory of high-energy physics. They are grounded on the 

notion of spontaneous symmetry breaking (Freeman and 

Vitiello, 2008).  The symmetry that is broken is the rotational 

symmetry of the electric dipole of the vibrational field of water 

molecules.  Environmental stimuli may therefore act as a 

trigger for the breakdown of such symmetry. 

 

It has been suggested that the cerebral cortex exhibits a fairly 

uniform microarchitecture, e.g., the minicolumns, characterized 

by a modular connectivity with invariant properties (Casanova 

et al., 2011). Specifically, minicolumns exhibit a translational 

symmetry across their central axis and rotational symmetry; 
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i.e., displacement in different planes of section.  Furthermore, 

they are equipped with transitive symmetry, with respect to 

geometric scaling of morphometric relations in different 

cortical areas, and with temporal symmetry of morphometric 

relations during cortical maturation. Evaluation of how 

architectonic relations among minicolumnar elements (e.g., 

pyramidal cells) are conserved under spatial and temporal 

variation might lead to a better understanding of diseases 

characterized by columnar anomalies, such as autism, 

schizophrenia, Alzheimer's and drug addiction (Opris and 

Casanova, 2014). 

 

Last, but not the least, the free energy principle (FEP) for 

adaptive biotic systems (Friston, 2010) might be regarded as 

another symmetry hidden in the CNS (Sengupta et al., 2016).  

This is the most important candidate, because it encompasses 

all the above symmetries into a very general framework. Given 

its broad explanatory scope, we will return to the FEP later, in a 

dedicated section.  

 

3) GAUGE THEORIES: WHAT ARE THEY GOOD FOR? 

Gauge theories originate from physics.  However, they could, 

in principle, be applied to countless fields of biology, such as 

cell structure, bodily physiology, and so on.  In this chapter, we 

focus on the CNS.  The first and most important question is the 

following: is it possible to transfer powerful gauge symmetries 

from their natural environment of physical particles to the soft 

(and much more complex) living structures of biology? In other 

words, are we allowed to sketch a gauge theory of brain 

function?   

 

The importance of a gauge theory calls on the possibility of 

applying differential geometry to CNS activity, in order to 

quantify unknown, hidden or latent variables.  The possibility 

of using vector spaces and geometrical structures instead of 

neurons and wires for a representation model of the CNS has 

been already explored.  To give an example, a modular small-

world topology in functional and anatomical cortical networks 

has been shown considered as an information processing 

architecture (Jarman). Furthermore, researchers have 

demonstrated that visual experience is two-scaled, with a 

smaller dimension at shorter length scales and another at longer 

scales (Sreekumar).  Moreover, it has been proposed that 

entorhinal grid cells reflect a stable 2-dimensional manifold 

that contains the activity of individual neuronal representations, 

driven by continuous attractors (Yoon et al., 2013).   
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A central hypothesis, in this context, is that the information 

encoded in place-cell replay should reflect the topological 

structure of the experienced surroundings, thus capturing the 

spatial complexity of our environment (Wu and Foster, 2014).  

In order to use vectorial models in the assessment of the brain, 

the spatial characteristics of neuronal connectivity need to be 

considered. For this purpose, some scientists endow networks 

with a metric by embedding them into a physical space. This 

provides an adaptive rewiring model with a spatial distance 

function and a corresponding spatially adaptive (local) rewiring 

bias, which predicts observed connectivity architectures 

(Jarman).  Further, by linking notions from Lagrangian and 

Hamiltonian mechanics of rigid bodies, some investigators 

have defined human shape as a Riemannian metric space, 

generalizing D’Arcy Thompson’s classical formulation of 

mathematical morphology of shape and form, with the metric 

structure defined by the geodesic flow of coordinates 

connecting one shape to another (Djamanakova). 

 

Software schemes offer tools for integrating structural and 

functional information across anatomical scales, thus 

connecting information across multiple physiological scales 

(Djamanakova et al., 2014).  Also various neuro-

epistemological approaches are based on vectors. This idea was 

first put forward by Alfred North Whitehead (Whitehead, 1919) 

and Kurt Lewin (Lewin, 1935) and then pursued, among others, 

by eliminative materialism (Churchland) and integration 

information theory (Tononi, 2007).  

 

In common with the above, gauge theories also allow the 

projection from a real, external space onto an abstract, more 

manageable space equipped with sufficient statistics.  However, 

a gauge framework is much more powerful and accurate 

(figure 2).  Gauge fields have a practical advantage: their 

forces may be exactly calculated through a difficult, but 

feasible experimental energy-based variational approach. 

Gauge theories can be evaluated through topological tools such 

as the Borsuk-Ulam theorem (BUT).  BUT states that (Borsuk 

1933; Dodson, 1997): 

 

Every continuous map : n nf S R  must identify a pair of 

antipodal points (on S
n
).  

This means that the sphere S
n
 maps to an n-dimensional, 

Euclidean space R
n (Tozzi and Peters, 2016b).  Points on S

n
 are 

antipodal, provided they are diametrically opposite.  For the 

use of BUT and its variants, see Peters and Tozzi (2016).  It has 
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been recently proposed that symmetries lie on the S
n
 sphere in 

guise of antipodal points, while the broken symmetries lie on 

the corresponding R
n
 manifold (Tozzi and Peters, 2016a). Here, 

the gauge field stands for the continuous function required to 

go from a level to another (figure 3).  This approach allows us 

to assess vector and tensor projections also by using the 

powerful tools of algebraic topology (Peters 2016).   

 
Figure 2. Neuronal phase spaces equipped with sufficient 

statistics allow a rigorous way of measuring distances on 

concave manifolds. This means that dynamics transporting one 

distribution of neuronal activity to another is given by the 

shortest path from point to higher energetic levels to lower 

ones.  In mathematical terms, the gauge field is a Levi-Civita 

connection, which allows exponential mapping and parallel 

transport, following the steps of a Langevin equation.  For 

further details, see Sengupta et al. (2016).   
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Figure 3.  Borsuk-Ulam theorem and gauge fields.  BUT and 

its variants require a function which needs to be continuous.  In 

the same way, a gauge theory requires a gauge field which 

needs to be continuous. 

 

4) MATHEMATICAL FORMALISM OF A CNS GAUGE 

THEORY 

 

There are many possible ways to handle a gauge theory of the 

CNS in a differential geometric sense. Analytically, this is 

simple but the numerics can be tortuous.  Sengupta et al. (2016) 

used Levi-Civita connections to project from an abstract space 

to another, more manageable space.  Here we will focus instead 

on another type of transport, e.g., the Ehresmann connection.  
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As an example, we will consider the hypothetical case of a 

system of cerebral electric potentials equipped with a global 

invariant 1/f
n
 scaling symmetry. A procedure to quantitatively 

assess the required gauge fields is as follows. Neurophysiologic 

measures of brain activity in humans usually use a simple, non-

invasive electroencephalogram (EEG). These measures exhibit 

significant 1/f-like power spectrum scaling (Pritchard, 1992).  

Subjects would undergo 10-20 EEG measurements during 

active concentration and rest, eyes open and closed.  In figure 

4A, as an example, we choose four random cerebral areas with 

hypothetical frequency and amplitude measures of EEG 

activity.  The n value of recorded EEG segments could be 

estimated by fractal analysis techniques (Ihlen 2012).  The most 

interesting cognitive phenomena occur in time windows shorter 

than seconds (Buzsáki and Watson, 2012).  Consequently, EEG 

frequencies and amplitudes might be evaluated in sub-seconds 

frames. 

 

Once acquired, data from each point of the cortex can be 

investigated using the formalism of differential geometry. 

Technically speaking, a continuous group of transformations is 

applied on the tangent bundle, then a local section of the 

principal bundle is chosen and the covariant derivative is 

calculated via an Ehresmann connection.  Practically, this 

would involve the following. The cerebral hemispheres (figure 

4A) are unfolded and flattened into a two-dimensional 

reconstruction (Van Essen, 2005), allowing the entire cortical 

surface to be transferred to an atlas M of C
K 

(differentiable), 

C
∞
 (smooth), finite dimensional manifolds, each one mapping a 

brain area (figure 4B).  The set of power spectra describing 

each cortical area’s frequencies and amplitudes now stand for a 

continuous group of local transformations acting on sections of 

M.  M is arbitrarily equipped with a constant matrix G 

belonging to the SO(3) Lie group, isomorphic to the rotation 

group of the sphere (figure 4B). 

 

M is a principal G-bundle P characterized by a trivial, smooth 

and differentiable fiber bundle, by vector bundles E and by a 

tangent bundle TE (figure 4C).  The electrical forces are 

described by numbers, arranged in vectors and angles, 

representing the action G on a chosen local section E of P.  

Four forces G are depicted in Figure 4C in the guise of four 

vector bundles E arising from four points p in the tangent space 

Tp.  They are equipped with four n-dimensional rotation angles 

φ(φ1, φ2, …,φn)
T
 standing for the local 1/f

n
 scaling of each of 

the four brain areas. Rotations through tiny angles link nearby 

transformations of angles φ arising from points p.  As a result, 

the linear approximation of the function G at p (and its angle 

φ) in each dimension can be described by introducing a partial 
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derivative.  In brief, changes in degrees of φ in selected brain 

areas match with different power spectra and hence with 

different electric configurations.   

 

In a gauge theory, the geometric link between L and φ can be 

defined in terms of a connection form, the Ehresmann 

connection (Ehresmann, 1950).  If we identify the horizontal 

space H, perpendicular to the vertical space VE, we can 

extrapolate the Ehresmann connection ω, which is a vector on 

TE (figure 4C).  The Lagrangian density L is indeed a function 

of TE and H.  It would be correct to formulate all rates of 

change of ω and φ in terms of covariant derivative, a linear 

differential operator in each associated TE, which allows 

different points (and their angles) to be compared.  Mapping 

every vector ω of P into the bijective, diffeomorphic P
I
 space, 

enables one to derive a curvature form (Figure 4D).  When the 

vectors ω
I
 intersect the unique horizontal lift – corresponding 

to the invariant L – the angles σ are obtained.  

 

The behavior of the vectors ω
I
 and angles σ can be compactly 

written by point-wise vector addition of the partial derivatives 

of the function G at each point.  As a result, we get a single 

vector:  ⃗⃗    ⃗⃗⃗⃗  ⃗+  ⃗⃗⃗⃗  ⃗   …   ⃗⃗ ⃗⃗  ⃗.  The angle Σ is introduced 

(figure 4E), standing for the interaction Lagrangian Lint and 

expressing the 1/f
n
 scaling values of vector addition obtained 

from our experimental procedure.  If the lines L and Ω are 

parallel, Σ equals the zero, Lint equals L and the symmetry of 

the system is preserved.  Otherwise, if L and Ω are not parallel 

(as is usual in physiological systems), Σ departs from zero, Lint 

is different from L and the system displays a broken or absent 

symmetry.  In this case, in order to ensure the invariance of L 

and to restore the symmetry, we need to define a covariant 

derivative such that the derivative of Σ will again transform 

identically with Σ.  According to the covariant version of gauge 

theories, the correction terms are reinterpreted as couplings to 

an additional divergent counter-term, the gauge field, by 

allowing the symmetry parameter to vary from place to place in 

the local coordinate system.  

 

Figure 4F shows the above procedure in a very abridged form.  

If we ignore L and examine the vector Ω and its angle Σ, we 

observe nothing else than a single force.  If we instead regard L 

as a vector, whose basis results from the scalar components of 

its vector space v, then Ω (and its angle Σ) turns out to be just 

one of the covariant components of L.  In order to keep L 

invariant, we need to add another component into v: we 

introduce the vector Ψ, equipped with the angle Θ (figure 4F).  

The angle Θ stands for the gauge field Lagrangian Lgf and 

expresses the global value of 1/f
n
 scaling of the required gauge 
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field.  We are thus allowed to make accurate predictions of 

forces: we can extrapolate from Θ the values of time, frequency 

and amplitude of the gauge field required to keep invariant the 

1/f
n
 scaling during cortical activity.  This provides a practical 

example of how one can apply gauge theories operationally to 

electromagnetic recordings of the sort that are currently 

available in systems neuroscience. 

A mathematical formulation for technical readers and a tutorial 

are provided in Sengupta et al. (2016), Supporting Information.   

 

 
 

Figure 4.  Dynamics of cortical electric fields, described in 

terms of sections of fiber bundles, jet manifolds, Lie groups and 

Ehresmann connections.  See the main text for further details.  
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5) GAUGE THEORIES AND THE FREE-ENERGY 

PRINCIPLE 

The free energy framework is the most natural candidate for a 

gauge theory of the CNS (Sengupta et al, 2016). The free 

energy principle says that self-organizing system that is at 

nonequilibrium steady-state with its environment must 

minimize its free energy, thus resisting a natural tendency to 

increase its disorder or entropy (Friston 2010).  The principle of 

minimising variational free energy (an information theoretic 

construct for systems that attain non-equilibrium steady-state), 

is about trying to understand how homeostasis is maintained 

(Sengupta 2013).  The free energy principle separates the agent 

(the internal states) from the environment (the external states), 

which encompasses the external and internal milieu.  Because 

entropy is also the long-term average of surprise, the brain will 

appear to minimise surprise (aka surprisal or self information), 

in order to ensure that the probability of interoceptive and 

exteroceptive sensory states; i.e., the entropy of sensory 

exchanges with the environment remains low. 

 

Agents can suppress surprise by changing the two things that 

surprise depends on: either they modify sensory input by acting 

on the world, thus minimizing prediction errors, or they adjust 

their perceptions, by changing their internal states, thus 

optimizing accuracy of predictions (Friston 2010).   The 

feasibility of calculations based on entropy has been proved 

useful for a basic understanding of neuronal complexity.  

Research looking at fluctuations in brain signals provided 

evidence that the complexity of those signals, as measured by 

entropy, conveys important information about network 

dynamics, e.g., local and distributed processing (McDonough).  

Efficient algorithms to calculate transfer entropy values 

between two systems have been introduced, allowing the 

estimation of functional connectivity between different brain 

regions (Ma).  Furthermore, resting-state fMRI data from the 

Human Connectome Project (Van Essen et al., 2013) were used 

to measure, through multiscale entropy, the extent of neural 

complexity in the BOLD signal (McDonough). These studies 

affirm a prediction of the principle of minimum (variational) 

free energy that necessarily entails a high degree of mutual 

information (relative entropy) among distributed 

representations in neural networks – and a necessary critical 

slowing of the sort seen in scale free dynamics (Friston et al., 

2012). 

 

The time average of variational free energy is essentially a 

proxy for entropy, therefore minimising entropy production 

corresponds to minimising variational free energy at each point 
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in time.  Accordingly, we can treat variational free energy as a 

Lagrangian and, implicitly, a way of minimising entropy. One 

might imagine that the dynamics associated with this sort of 

Lagrangian are a necessary consequence of the resulting 

coupled dynamical system (with a random dynamical 

contracting set), and a resulting eigen-spectrum with a 

countably large number of eigenvalues and associated multi-

Lorentzian spectral density. As above, tensor values of the 

required gauge field could be calculated via differential 

geometry. For example, if the tensors are measured in energy 

units, we can estimate how much energy (originating from an 

external or internal gauge field) is required by mental states, in 

order to minimize entropy and variational free energy at each 

point in time.  Table 1 recapitulates an account of a gauge 

theory based on the free-energy principle.     

 

  

PHYSICAL AND 

BIOLOGICAL 

CONTEXT 

 

VARIATIONAL 

FREE-ENERGY 

FORMALISM 

POSSIBLE 

CORRESPONDING 

NERVOUS 

STRUCTURES 

SYSTEM CNS Brain as an inferential 

machine in non-

equilibrium steady-

state; an agent with its 

neuronal or internal 

states 

CNS 

LAGRANGIAN Energetic 

homeostasis 

Variational free-

energy (sensory 

entropy) 

CNS homeostasis 

LOCAL FORCES Continuous 

external stimuli 

coming from the 

environment, or 

internal stimuli 

coming from the 

body 

External states 

producing local 

sensory perturbations 

in the agent and 

increase of prediction 

errors, which gives 

rise to a Kullback-

Leibler divergence 

between sensation and 

prediction 

Sensory pathways, from 

the periphery to the 

CNS, and their 

corresponding, coupled 

cortical layers 1-3, 

which convey bottom-up 

messages 

GAUGE FIELD(S) External 

continuous force  

Precision weighting of 

prediction errors 

(implicit in the 

encoding of 

uncertainty), leading 

to minimization of 

prediction errors 

through action and/or 

perception; Levi-

Civita connection, 

joining together 

physical spaces and 

phase spaces 

Cortical layers 5-6; they 

convey top-down 

messages 

 

Visual attention 

 

Other unknown 

structures 

Table 1. The ingredients of a gauge theory within the 

framework of the free-energy principle: See Sengupta et al 

(2016) for details  
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6) OTHER CANDIDATES FOR BRAIN GAUGE 

THEORIES 

In summary, to sketch a CNS gauge theory, we require the 

neuronal homologues of the three ingredients: i.e., a system 

equipped with a symmetry, local forces and one or more gauge 

fields.  Depending on our initial gauge choice, the three 

ingredients can be assessed in different combinations. Many 

possibilities arise, whose feasibility can be experimentally 

verified.  In closing, we provide some discussion of further 

candidates for gauge fields.     

Consciousness. In the search of the neural correlates of 

consciousness (Koch et al., 2016), gauge theories may provide 

a novel method to investigate this challenging phenomenon.  In 

particular, when embedded in a gauge framework, 

consciousness no longer stands for unspecified brain activity, 

but for a quantifiable parameter that can be expressed in terms 

of vectors or tensors.  Indeed, consciousness might correspond 

to a Levi-Civita connection; e.g., the gauge field. In absence of 

consciousness, the external states do not produce sensory 

perturbations; from the perspective of the free energy principle, 

this means, the symmetry of the variational free energy, e.g., 

the sensory entropy, cannot be restored. As an example, during 

sleep, in which consciousness is altered, a response to local 

sensory perturbations does not occur.  In such a vein, if we 

assume that the system stands for the cortex, ascending arousal 

systems are potential candidates for gauge fields. The midbrain 

contains tonic neurons that ensure a continuous cortical 

neuromodulation. Tonic neurons are located in the locus 

coeruleus, in the dorsal raphe and central superior nuclei; e.g., 

along the pathway of the ventral branch of ascending arousal 

system, and in the reticular thalamic nucleus, which is the final 

step of the dorsal branch of the ascending arousal system 

(Nieuwenhuys et al., 2008).  Recent data suggest that the neural 

correlates of consciousness might be associated with posterior 

cortical hot zones (Koch et al, 2016).  If this was the case, we 

could be allowed to assimilate qualitative notions of conscious 

level into the quantitative gauge theoretic framework of cortical 

function.   

 

Blood flow.  If we hypothesize that the system is the entire 

CNS and the gauge field is located in other bodily systems, it is 

possible that local forces stand for the cortical oscillations 

evoked by the stimuli from the external environment, while the 

continuous gauge field stands for haemodynamic fluctuations.  

The idea that blood circulation influences brain activity dates 
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back to the pioneering work of Angelo Mosso (1896) and is 

still evident in brain mapping studies that predominate in 

modern neuroscience (Nieuwenhuys et al., 2008; Friston et al, 

2014).  A recent paper is particularly intriguing in this regard 

(Park et al., 2014).  In humans, cardiovascular fluctuations 

underlie behaviourally relevant activation in multifunctional 

cortical areas.  Neuronal events locked to heartbeats before 

stimulus onset predict the detection of a faint visual grating in 

the posterior right inferior parietal lobule and the ventral 

anterior cingulate cortex.  Heartbeats therefore shape visual 

conscious experience, by contributing to neuronal 

representations. Similar coupling in the interoceptive domain 

would mean that the introception of autonomic signals might 

underlie subjectivity and sense of self (Park et al., 2014). 

Furthermore, emotions can be influenced by cardio-circulatory 

mechanisms.  It has been demonstrated that short-term 

interoceptive fluctuations enhance perceptual and evaluative 

processes related to the processing of fear and threat.  The 

processing of brief fear stimuli is selectively gated by their 

timing in relation to individual heartbeats and these 

interoceptive signals influence the detection of emotional 

stimuli at the threshold of conscious awareness, altering 

emotional judgments of fearful and neutral faces (Garfinkel et 

al., 2014).  Resembling a novel version of Fechner law, gauge 

theories might quantitatively correlate stimuli and perceptual 

processing.   

Environmental stimuli.  In an autopoietic account of the 

gauge framework, the system might stand for the brain, 

equipped with self-sustained continuous forces producing local, 

self-generated perturbations.  In this case, the best candidate for 

a gauge field is the continuous afference from the external 

world.  In such a framework, the spontaneous activity of the 

brain cannot be simply reduced to background noise, 

uncorrelated to the system’s response (Lombardi et al., 2012).  

We are presented with an auto-referential system, in which the 

role of spontaneous fluctuations is to preserve brain’s internal 

symmetry. Homeostatic plasticity ensures that neuronal 

networks assume a sub-critical state, independently of the 

initial configuration. Surprisingly, increasing the external 

stimuli modifies the network set-point towards criticality 

(Priesemann 2015).  

Time.  It has been recently suggested that some brain functions 

could be dictated by the principle of minimum frustration, a 

concept borrowed from energetic landscapes of protein folding 

(Tozzi et al, 2016). The brain is equipped with many 

timescales, ranging from nanoseconds to several days.  

According to this novel formulation, structural changes in the 
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brain lead to energy decrease at very long CNS timescales.  

With the passage of time, the trajectories of neuronal processes, 

such as memory and perceptual recognition, tend towards the 

low-energy basins of narrow funnel-like attractors. As with the 

free energy principle, the minimum frustration principle states 

that the gradient descent (energy decrease) dictated by 

Langevin equations takes place over long brain timescales (see 

Figure 2).  In such a vein, time becomes a gauge field.  Indeed, 

at least at the non-relativistic scales typical of biological 

systems, time is a continuous function.  This function can 

restore the global symmetry; e.g., the lowest possible 

variational free energy, which has been broken by local forces, 

e.g., environmental inputs.  Time stands in this case for a 

known parameter, which affords the possibility to evaluate 

unknown parameters. 

 

CONCLUSIONS 

 

When emphasizing the circular causality between the nervous 

system and the world in which it is embodied, a proper 

consideration of this holistic aspect of information processing 

in the brain is required.  Starting from this conceptual 

background, our aim was to introduce the general, abstract 

model of a physical gauge theory in biology and evaluate its 

possible implications for the CNS.  Brain functions and 

neuropsychiatric diseases can be approached from the 

physicist’s point of view – appealing to the basic observation 

that the CNS is an open system; continuously interacting with 

its environment.  The ensuing dissipative character of the brain 

turns out – from a gauge theoretic perspective – to be the root 

of its dynamics, behaviour and persistence.   

 

Such an approach holds promise because it directs us into new 

ways of thinking, offers new perspectives, and shows how it is 

possible to reformulate old problems.  Gauge symmetries could 

lead to novel approaches to organized biological systems, 

improve our understanding of brain function and pave the way 

to innovative therapeutic strategies.  To take some examples, 

visual attention, consciousness, spontaneous neuronal activity 

and functional regimes at the edge of criticality are impaired in 

many pathological conditions, such as autism, schizophrenia, 

drug addiction, Alzheimer Disease, depression etc.  A potential 

medical application for gauge fields is epilepsy, in which, 

according to a gauge theory, the Lagrangian might be disrupted 

by pathological spikes.  Seizures could be counteracted, or even 

removed, by carefully constructed ‘artificial gauge fields’ (e.g., 

via selective application of electric waves of specific frequency 

on target micro-areas, or via drugs) able to recover the 
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Lagrangian and restore the electric symmetry.  We hope that 

this brief survey of the potential of a gauge theoretic approach 

hints at the possibility of such developments in the future.    
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