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Abstract: The complex dynamics of the neocortex, the outermost layer of the brain, have been a
subject of intense research in neuroscience. Recent studies have suggested that magnetic fields
generated by neuronal activity may play a significant role in neocortical dynamics. This paper
presents a simplified mathematical model that explores the hypothesized interactions between
magnetic dynamos, nondissipative systems, Hamiltonian equations, and the Lorenz force in the
context of neocortical dynamics. The proposed model is based on a set of coupled Hamiltonian
equations inspired by the Lorenz system, a well-known chaotic dynamical system. The generalized
coordinates in the model represent the magnetic field components, while the generalized momenta
are related to the electric field components or other relevant quantities. The Hamiltonian equations
describe the conservative dynamics of the system, and the coupling terms in the equations are
interpreted as representing the interactions between the magnetic and electric field components,
analogous to the Lorenz force in electromagnetism. The model is implemented using Python, and
the Hamiltonian equations are numerically solved using the odeint function from the scipy.integrate
module. The resulting dynamics of the magnetic field components are visualized using matplotlib.
While the model is highly simplified and does not capture the full complexity of neocortical
dynamics, it serves as a starting point for investigating the potential role of magnetic dynamos and
Lorenz force interactions in the brain. The paper discusses the limitations of the current model and
highlights the need for further refinements, such as incorporating more realistic biological
constraints, considering energy dissipation and compensation mechanisms, and validating the
model against experimental data. Future work should focus on developing a more comprehensive
and biologically plausible model that integrates the latest findings from neuroscience, physics, and
computational modeling. By presenting this simplified Hamiltonian model, the paper aims to
stimulate further research and discussion on the potential significance of magnetic dynamos and
Lorenz force interactions in neocortical dynamics. The model provides a framework for exploring
these hypothesized mechanisms and may guide future experimental and theoretical investigations
in this emerging field of neuroscience.

Keywords: Hamiltonian Model; magnetic dynamos; Lorenz Force Interactions; neocortical
dynamics

Sectionl. Introduction

The human neocortex, the outermost layer of the cerebral cortex, is responsible for various high-
level cognitive functions, including perception, attention, memory, language, and decision-making
[1]. Understanding the complex dynamics of the neocortex has been a central goal in neuroscience, as
it can provide insights into brain function and dysfunction [2]. Recent studies have suggested that
magnetic fields generated by neuronal activity may play a significant role in neocortical dynamics
[3,4].

The idea of endogenous magnetic fields in the brain has been supported by the detection of weak
magnetic fields using techniques such as magnetoencephalography (MEG) [5]. These magnetic fields
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are thought to arise from the coherent activity of large populations of neurons [6]. However, the
precise mechanisms underlying the generation and maintenance of these magnetic fields, as well as
their potential functional significance, remain unclear [7].

Recent theoretical work has proposed that magnetic dynamos, a concept borrowed from
astrophysics and geophysics, may be involved in the generation and sustenance of magnetic fields in
the brain [8]. Magnetic dynamos refer to the processes by which magnetic fields are generated and
amplified through the motion of electrically conducting fluids or plasmas [9]. In the context of the
brain, it has been suggested that the flow of ions through neuronal membranes and the
synchronization of neuronal activity could give rise to magnetic dynamo-like phenomena [10].

Moreover, the concept of nondissipative systems, where energy is conserved, has been proposed
to be relevant to neocortical dynamics [11]. In such systems, the dissipation of energy is compensated
by the energy input from external sources or internal mechanisms [12]. The interplay between
magnetic dynamos and nondissipative systems in the neocortex has been hypothesized to contribute
to the observed magnetic fields and their potential functional roles [13].

To investigate these hypothesized mechanisms, mathematical modeling approaches have been
employed. Hamiltonian equations, which describe the conservative dynamics of a system, have been
used to model various physical and biological phenomena [14]. The Lorenz force, which represents
the force experienced by a charged particle in the presence of electromagnetic fields, has also been
considered in the context of neocortical dynamics [15].

In this paper, we present a simplified Hamiltonian model that explores the hypothesized
interactions between magnetic dynamos, nondissipative systems, Hamiltonian equations, and the
Lorenz force in the context of neocortical dynamics. By developing a mathematical framework and
implementing it in Python, we aim to provide a starting point for investigating these complex
phenomena and stimulate further research in this emerging field of neuroscience.

Section 2. Methodology

To create a simple model that integrates magnetic dynamos, nondissipative systems,
Hamiltonian equations, and the Lorenz force in the context of neocortical dynamics, we can start with
a basic framework using Python. This model will be a highly simplified representation and should
be considered as a starting point for further development and refinement.

Here’s a sample code that demonstrates a basic model:

Section 2.1 Python Code
import numpy as np

from scipy.integrate import
odeint

# Define the Hamiltonian

equations def hamiltonian(state,

t, params):
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X, Y) z, pX, pYa pZ =

state a, b, ¢ =

params

# Hamiltonian

equations dx = px

dy=

py

dz=

pz

dpx=-a*x+y*

pzdpy =-b*y+x

*pZ

dpz=-c*z+x*py-y*px

return [dx, dy, dz, dpx, dpy, dpz]
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# Parameters

a=10.0
b=28.0
c=8.0/3.0

params = (a, b, ¢)

# Initial

conditions x0 =

0.1
y0=0.1
z0=0.1
px0=0.0
py0 =0.0
pz0 = 0.0

initial_state = [x0, y0, z0, px0, py0, pz0]

# Time points

t =np.linspace(0, 10, 1000)
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# Solve the Hamiltonian equations

solution = odeint(hamiltonian, initial state, t, args=(params,))

# Extract the magnetic field components (assuming they are related to x, y, z)

magnetic_field x = solution[:, 0]

magnetic_field y=solution][:, 1]

magnetic field z=solution[:, 2]

# Plot the magnetic field

components import

matplotlib.pyplot as plt

plt.figure(figsize=(8, 6))

plt.plot(t, magnetic_field x, label=*Magnetic

Field X’) plt.plot(t, magnetic_field y,

label="Magnetic Field Y’) plt.plot(t,

magnetic_field z, label="Magnetic Field Z’)
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plt.xlabel(‘Time”)

plt.ylabel(‘Magnetic

Field’) plt.legend()

plt.grid

0

plt.sho

w()

Section 2.2 Equations

Hamiltonian Equations:

The set of equations known as Hamilton’s equations describe the evolution of a physical system
in phase space. For a dynamical system with generalized coordinates g = (x, y, z) and corresponding
momenta p = (py, Py, Pz), the time evolution is governed by:

de_ o
dt op, W
dy OH
—=— ()
dt  dp,
¢ _on
dt  Op, ®
. _ M iyop, )
dt ox
dp, OH
= =-bh-y+x- 5
- o y+x-p. )
dp, oH
—E=———=—cztxp,~yp, ©

dt Oz

Explanation of the Equations:

Equations (1) to (3) describe how the positions x,y, and z change over time. These equations are
derived from the Hamiltonian H, which is the total energy of the system, encompassing both kinetic
and potential energies.
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Equations (4) to (6) describe how the momenta associated with each position coordinate change
over time. The negative gradients (denoted by the partial derivatives) indicate that the momenta
change in the direction of decreasing energy, which is characteristic of conservative systems.

Physics Behind the Equations:

In a physical interpretation, if these equations were to represent a magnetic dynamo within the
neocortex:

The variables x,y, and z could represent components of a magnetic field or other analogous
quantities, while py, py, and p, could correspond to electric fields or related dynamical quantities.

The constants a, b, and ¢ would then determine the specific interactions and couplings within the
system.

The coupling terms, such as y - p; or x - py — ¥ - px, would introduce nonlinearity, potentially
leading to chaotic behavior similar to that observed in the Lorenz system. These terms could represent
the interaction between different components of the magnetic and electric fields, analogous to the
Lorenz force in electromagnetism, which acts on charged particles moving through a magnetic field.

Section 2.3 Code Logic:

The ‘hamiltonian ‘ function encapsulates the dynamical equations that define the system’s
evolution, taking as input the state of the system and returning the time derivatives of the state
variables.

The ‘odeint’ function from ‘scipy . integrate * is a numerical solver for ordinary differential
equations (ODEs). It integrates the Hamiltonian equations over time, providing the trajectory of the
system in phase space.

Visualization tools like ‘matplotlib’ can then be employed to plot the magnetic field components
(assumed to correspond to x,y, and z ) over time, offering insights into the dynamical behavior of the
model.

Caveats:

This mathematical model provides a framework for exploring complex dynamical behavior in a
neocortical setting. However, it is a simplified representation and does not fully capture the
intricacies of brain function or the precise mechanisms of magnetic dynamos. It serves as a conceptual
tool to investigate the hypothesized roles of Hamiltonian dynamics and the Lorenz force within the
neocortex, potentially paving the way for more elaborate models in the future.

Section 3. Results

The graphic below plot visualizes the dynamics of the magnetic field components over time,
based on the simplified Hamiltonian model of magnetic dynamos and Lorenz force interactions in
neocortical dynamics.

Let’s dive into the details of the resulting graphic:
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Figure 1. The plot depicts the temporal evolution of the magnetic field components over the specified
time range. As time progresses along the x-axis, the values of the magnetic field components change,
reflecting the dynamics governed by the Hamiltonian equations.

Axes:

The x-axis represents the time variable, typically denoted as ‘t". It spans from the initial time (t=0)
to the final time point specified in the code (=10 in the given example).

The y-axis represents the magnitude or intensity of the magnetic field components. The scale of
the y-axis is determined by the range of values obtained from solving the Hamiltonian equations.

Magnetic Field Components:

The plot shows three separate curves, each representing a different magnetic field component:
Magnetic Field X, Magnetic Field Y, and Magnetic Field Z.

These components correspond to the variables ‘x’, “y’, and ‘z’ in the Hamiltonian equations and
are assumed to be related to the magnetic field components in the simplified model.

The distinct colors (e.g., blue, orange, green) are used to differentiate between the three magnetic
field components, making it easier to visualize and compare their dynamics.

Temporal Evolution:

The curves may exhibit various patterns, such as oscillations, peaks, troughs, or more complex
behaviors, depending on the specific parameters and initial conditions used in the model.

Dynamical Behavior:

The resulting graphic can provide insights into the dynamical behavior of the magnetic field
components based on the simplified Hamiltonian model.

The shape and patterns of the curves can indicate the presence of periodic behavior, chaotic
dynamics, or other interesting features.

For example, if the curves exhibit regular oscillations, it suggests a periodic or quasi-periodic
behavior. On the other hand, if the curves show irregular or aperiodic patterns, it may indicate chaotic
or complex dynamics.

Interpretation:

The interpretation of the resulting graphic depends on the specific context and assumptions of
the simplified Hamiltonian model.
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In the context of neocortical dynamics, the magnetic field components represented by the curves
are hypothesized to be related to the underlying neuronal activity and the interactions between
magnetic dynamos and the Lorenz force.

The dynamics observed in the plot may provide insights into the complex behavior of the
neocortex and the potential role of magnetic fields in neural processes.

Limitations:

It is important to keep in mind that the resulting graphic is based on a simplified mathematical
model and may not capture the full complexity of real neocortical dynamics.

The model makes various assumptions and simplifications, such as the direct correspondence
between the variables ‘x’, ‘y’, ‘z’ and the magnetic field components, which may not accurately
represent the biological reality.

In summary, the resulting graphic from the Python code provides a visual representation of the
temporal evolution of the magnetic field components based on the simplified Hamiltonian model. It
allows for the exploration and analysis of the dynamical behavior of these components, potentially
providing insights into the complex neocortical dynamics. However, the interpretation should be
tempered by the limitations and assumptions of the underlying model.

Section 4. Discussion:

The simplified Hamiltonian model presented in this paper provides a framework for exploring
the hypothesized interactions between magnetic dynamos, nondissipative systems, Hamiltonian
equations, and the Lorenz force in the context of neocortical dynamics. By incorporating these
concepts into a mathematical model and implementing it in Python, we have taken a step towards
understanding the complex processes that may underlie the generation and maintenance of magnetic
fields in the brain.

The model demonstrates how the coupling terms in the Hamiltonian equations, inspired by the
Lorenz system, can give rise to complex dynamics reminiscent of chaotic behavior. These coupling
terms can be interpreted as representing the interactions between the magnetic and electric field
components, analogous to the Lorenz force in electromagnetism [15]. The resulting dynamics of the
magnetic field components, as visualized using matplotlib, exhibit intricate patterns and suggest the
possibility of nonlinear interactions in neocortical dynamics [16].

However, it is important to acknowledge the limitations of the current model. The model is
highly simplified and does not capture the full complexity of neocortical dynamics or the detailed
biophysical mechanisms involved in the generation of magnetic fields in the brain [17]. The
assumptions made in the model, such as the direct correspondence between the generalized
coordinates and the magnetic field components, require further justification and validation [18].

To develop a more comprehensive and biologically plausible model, several refinements and
extensions can be considered. Incorporating more realistic neuronal models, such as the Hodgkin-
Huxley model [19] or the Wilson-Cowan model [20], could provide a better representation of the
underlying neuronal dynamics. Additionally, considering the spatial structure of the neocortex and
the propagation of magnetic fields through the brain tissue could enhance the model’s accuracy [21].

Another important aspect to address is the energy dissipation and compensation mechanisms
in the neocortex. While the current model assumes a nondissipative system, the brain is known to
consume energy and generate heat [22]. Incorporating energy dissipation and exploring potential
compensation mechanisms, such as the role of neurovascular coupling [23] or the contribution of glial
cells [24], could provide insights into the maintenance of magnetic fields in the presence of dissipative
processes.

Experimental validation is crucial for assessing the validity and predictive power of the model.
Comparing the model’s predictions with empirical data obtained from techniques such as
magnetoencephalography (MEG) [25] or functional magnetic resonance imaging (fMRI) [26] could
help refine the model and identify areas for improvement. Collaborations between theoreticians and
experimentalists are essential to bridge the gap between mathematical modeling and biological
reality [27].
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Furthermore, the potential functional significance of magnetic fields in the brain remains an
open question. While some studies have suggested that magnetic fields may play a role in neuronal
communication and synchronization [28], others have argued that the weak magnitude of these fields
makes them unlikely to have a significant impact on neural dynamics [29]. Investigating the
functional implications of magnetic fields in the brain, both through modeling and experimental
approaches, is an important avenue for future research [30].

The simplified Hamiltonian model presented in this paper provides a starting point for exploring
the complex interactions between magnetic dynamos, nondissipative systems, Hamiltonian
equations, and the Lorenz force in the context of neocortical dynamics. While the model has
limitations and requires further refinements, it demonstrates the potential for mathematical modeling
to contribute to our understanding of the brain’s magnetic fields and their possible functional roles.
Future research should focus on developing more biologically realistic models, integrating
experimental data, and investigating the functional implications of magnetic fields in the brain.

Section 5. Conclusion:

The Hamiltonian model presented in this paper represents a pioneering attempt to integrate the
concepts of magnetic dynamos, nondissipative systems, Hamiltonian equations, and the Lorenz force
in the context of neocortical dynamics. By combining these concepts into a mathematical framework
and implementing it in Python, we have laid the groundwork for future research in this emerging
field.

The model demonstrates the potential for complex, nonlinear interactions between magnetic
fields and electric fields in the brain, analogous to the Lorenz force in electromagnetism [15]. The
resulting dynamics, as visualized using matplotlib, exhibit intricate patterns reminiscent of chaotic
behavior, suggesting the possibility of rich and diverse neocortical dynamics [16].

While the model has limitations and simplifications, it serves as a valuable starting point for
further investigations. Future research should focus on refining the model by incorporating more
biologically realistic neuronal models [19,20], considering the spatial structure of the neocortex [21],
and exploring energy dissipation and compensation mechanisms [22-24]. Experimental validation
using techniques such as magnetoencephalography (MEG) [25] and functional magnetic resonance
imaging (fMRI) [26] will be crucial for assessing the model’s predictions and guiding its refinement.

Moreover, the potential functional significance of magnetic fields in the brain remains an
intriguing question that deserves further exploration [28-30]. By combining theoretical,
computational, and experimental approaches, we can unravel the mysteries of neocortical dynamics
and gain a deeper understanding of the brain’s complex functioning.

The model presented in this paper opens up new avenues for research at the intersection of
neuroscience, physics, and computational modeling. It highlights the importance of interdisciplinary
collaborations and the potential for mathematical modeling to contribute to our understanding of the
brain’s magnetic fields and their possible functional roles.

In conclusion, the Hamiltonian model of magnetic dynamos and Lorenz force interactions in
neocortical dynamics represents a significant step forward in this emerging field. It provides a
foundation for future research and serves as an invitation for further exploration and collaboration.
As we continue to refine and extend this model, we can unlock new insights into the complex
dynamics of the brain and advance our understanding of its enigmatic workings.
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