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Abstract—

In this paper, we propose a novel neural network architecture and suggest a mathematical
model based on the histology of the cerebellum. The developed architecture can be a valuable
addition to existing machine-learning methods. The novelty of our approach is based on the
natural representation of the cerebellum as an analog computer designed to solve systems of
differential equations. An example of a differential equation in a computational simulation is
provided.
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1. INTRODUCTION

Deep learning (DL), a branch of machine learning (ML) and artificial intelligence (AI), in
particular, supervised learning, helps organizations solve a variety of real-world problems such
as image processing, speech processing, and natural language processing. But the efficient
implementation of unsupervised learning, a technology to a great degree in line with human
intelligence, remains the Holy Grail of artificial intelligence |1, 2].

Engineers have long looked to evolutionary biology for inspiration in the search for optimal
solutions among massive sets of variants. For this reason, at a time of difficulty in finding new
approaches to general Al modeling, bioinspired machine learning methods are becoming the most
dynamically developing branch of AI [3].

The cerebellum is a part of the brain and has traditionally been thought of as mainly involved
in motor functions. Over the past decades, evidence has accumulated for cerebellar contributions
to non-motor and cognitive functions, for example, in conditional learning through reward. More
recent work has demonstrated that the cerebellum recognizes an action as our [4]. However, the
question of the functions of the cerebellum is still one of the most discussed in neurology. A single
model that could explain the cerebellum’s role in these processes has not yet been created.

In recent decades, theories about cerebellum functions have been dominated by internal models
[5].

In the motion control modeling field, a forward model theory has been developed [6]. This
theory states that movements are controlled based on constant interactions between our body and
the environment through feed-forward and feedback loops. Feed-forward loops predict what will
happen, while feedback loops match the prediction with what happened so we can react accordingly.

Another theory, called feedback error learning (FEL), states that the cerebellum represents
feedback patterns [7]. In such a model, the role of feedback is enhanced to compensate for error
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tracking while accurately following the desired trajectory. However, high amplification factors
are unacceptable for autonomous and biological systems since they lead to potentially dangerous
movements. In addition, error learning with feedback requires complex reference structures.

The synthesis of these theories is the hypothesis that the cerebellum contains many direct and
inverse models [8]. These theories are related to robotics concepts of forwarding and inverse
kinematics, and FEL is a variant of the robotics torque calculation method. In this scheme, a
closed-loop motor control command is used to train a feed-forward model that learns to anticipate
the motor output command.

The Cerebellar Model Articulation Controller (CMAC) model, proposed by J.S. Albus in 1975
[9], is also intensively discussed in the scientific literature. Researchers view CMAC as a simple
and fast neural network based on local approximations. CMACs are useful in robot control, color
correction, and ballpark estimation of system models. These models also showed a high learning
convergence rate and strong generalizability. Nevertheless, CMAC performance is highly affected by
the input variable separation mode. At first, CMAC was considered a modification of the perceptron
model since CMAC coexisted with this then-popular concept. However, in 1969, Minsky and Papert
pointed out the limitations that exclusive OR logic cannot be solved using the perceptron model
in their book Perceptrons: An Introduction to Computational Geometry [10]. Therefore, CMAC is
currently considered an association table access method that can be adapted to real-time. CMAC
has proven to be effective in many classic control engineering problems.

Various generalizations of the CMAC structure have been developed. Research is focused on
specific applications [11-13]. However, understanding how the cerebellum works has been faced
with the lack of a fundamental breakthrough. The limitations of the previously proposed models
are associated with an oversimplification of the structure of the cerebellum.

This paper proposes a new mathematical model of the cerebellum based on synchronous modeling
of processes in which the control object takes an active part. The proposed architecture is an
addition to feed-forward neural networks, including those based on convolutional architecture
(CNN). We hope this will allow us to get closer to a model considering the attributes of human
intelligence and psyche.

The proposed model can also be applicable in neuromorphic computing [14]|. In neuromorphic
computing, a computer (both hardware and software) is modeled after the systems of the human
brain and nervous system. According to recent results [15], in living neural networks, information
is encoded during the occurrence of impulses (from a physical point of view, by phase modulation).
This approach develops the 3rd generation of neuromorphic computer ideas (Spiking Neural
Network, SNN) [14]. The offered model can be considered a further development of [15]. The model
focuses on the activation functions of neurons and explains the reasons for their computational
complexity in their biological counterparts. Two functionally differentiated categories are also
introduced, corresponding to biologic analogs (Golgi and Purkinje cells).

Also very important will be the renouncement of discreteness in calculations. It underlies
von Neumann’s architecture and is so unusual for living organisms. In addition, the proposed
architecture solves the issue of network learning in interacting with the outside world (similar to
Kalman filter autotuning [16]).

The work is organized as follows. The biological notions are presented first, along with a
brief histological summary of the cerebellum. Then, we explain the proposed mathematical and
algorithmic model. Next, an implementation example of some mechanical problems is given. And
finally, the features of the approaches are discussed, as well as their differences from existing
implementations.

2. BIOLOGICAL REPRESENTATION

The discoveries of Purkinje, Golgi, and later Cajal, Fox, and Magnani allowed for the
identification of the primary neuronal subtypes of the cerebellar cortex. The Golgi method was
used by Cajal to confirm the structure, natural shapes of neuron cells and typical connections
between them, synaptic terminals, the meaning of axon and dendrite, dynamic legal polarization of
the nerve cell, and substantiated the neural structure [17].

The human cerebellum is a portion of the hindbrain that is situated beneath the occipital lobes
of the cerebral hemispheres on the dorsal side of the brain stem. Its thickness is 3 cm, and its width
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is roughly 10 cm. The cerebellum makes up around 11% of the total brain mass. 80 percent of all
neurons in the human brain are found in the cerebellum [18].

The cerebellar cortex is separated into three layers histologically (Figure 1, the link to the QR
code allows you to go to a detailed color image) [19, 20].
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Figure 1. Three layers of the cerebellar cortex [21].

e In the upper part, there is the outer molecular layer, which contains dendritic Purkinje cells
and Golgi cells. A huge number of parallel fibers also run perpendicular to the branching
dendrites of Golgi cells and the flattened trees of Purkinje cell dendrites. Additionally, basket
and stellate inhibitory neurons are two different types. The molecular layer’s bottom is where
the basket neurons are located. Their axons are parallel to the cortex’s surface. As collaterals
leave axons, they braid Purkinje cell bodies to create synapses. Over the basket, the stellate
cells are located; their axons form single synapses on the bodies and dendrites of the Purkinje
cells.

e The middle ganglionic layer is a monolayer of Purkinje cells, a narrow zone that contains the
cell bodies of Purkinje cells. These are large ( 60 Ojm in diameter) pear-shaped cells. From
these, two to three strongly branching dendrites ascend into the molecular layer. Purkinje
cell axons extend deep into the cerebellum’s white matter and terminate in cells that make
up the cerebellar nuclei. Interestingly, the efferents of the cerebellum (which transport the
impulses from the nerve centers to the functional organs) are exclusively the axons of the
Purkinje cells.

e The granular layer adjacent to the white matter is a thick layer densely packed with a
significant number of granular cells ( 5 m in diameter), along with interneurons. Golgi
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cells and unipolar raceme cells make up the majority of them. Three to four short dendrites
that terminate in terminal branches that resemble a bird’s foot are present in granular cells.
They form excitatory synapses of mossy fibers. The axons of granular cells go to the molecular
layer and branch in a T-shaped way. These branches run parallel to the surface of the cortex
along the folds (gyri) of the cerebellum, forming a system of parallel fibers. They cross the
branching planes of the dendrites of the Purkinje and Golgi cells, forming synapses with them.
The dendrites of all other cerebellar cells are comparable in this regard.

Mossy and curly fiber neurons are the two basic types of afferents or neurons that carry impulses
from receptors to the brain. Both are stimulating. The mossy fiber comes from the brainstem nuclei
and spinal cord, while the plaited fibers originate from the contralateral inferior olive. Most mossy
fibers synapse directly on the dendrites of four to five cell granules in specialized synaptic glomeruli
(gray circles), which also receive inhibitory feedback from Golgi cell axons. A small subset of mossy
fibers first synapses on the unipolar cells of the hand, which then transmit enhanced excitatory
signals to granule cells. Each Purkinje cell receives a connection from one climbing fiber [20].

The number of Purkinje cells and Golgi cells are roughly equal to each other and smaller than
the number of granule cells by around 1000 times ([17]), which also states that the cerebellum has
numerous granule cells and parallel fibers with values in the tens of billions.

3. MATHEMATICAL AND COMPUTATIONAL MODEL

This research proposes a new mathematical and computational model based on the cerebellum’s
histology. The model naturally displays the cerebellum as an analog computer capable of handling
algorithms and other time-dependent flow processes, such as differential equation systems. [22, 23].

ML aims to find a predictive model (a function) that accurately captures the relationship between
inputs and outputs and involves choosing the parameters of some function [24]. It can reliably and
with proper depth describe a limited set of real-world systems.

Differential equations can represent a wider range of real-world occurrences. When solving
differential equations, one searches for a function or set of functions. Many of these equations lack
an analytical solution: functions cannot be used to express them. The rate of ML limitations can be
gauged in the following way: by the proportion of differential equation systems without an analytical
solution. In ML, this can be circumvented by adding additional parameters, thereby increasing the
size of the problem [25].

The explanations are divided into four conceptual parts (1,2,3,4). We use an example of solving
the differential equation for harmonic oscillations to illustrate these concepts (Figure 2, the link
to the QR-code allows you to go to a detailed color image). We also provide a more thorough
example to justify the key workings of the cerebellar cortex’s neural networks (Figure 3, the link to
the QR-code allows you to go to a colored animation). The insect’s limb control was added to the
model for expressiveness.

Next, we define the approaches to setting up the cerebellar architecture and the principle of
operation of the model.

With harmonic oscillation from Hooke’s law and Newton’s Second Law,

F= k x=m x;

where K is a constant and m is a mass. Denote

and consider the differential equation of harmonic oscillations
X +w?x = 0: (1)

la,1b. A learning space is created by the pairing of parallel fibers and granular cells (gr in Figure
2). These are variables (X in Figure 2) and their derivatives ((X;X) in Figure 2) from a
mathematical perspective.
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Figure 2. Four basic elements in histology [21] and analog computer circuit for solving the equation of
harmonic oscillations.

2. At each iteration in time, the size of the increment of the phase space parameters is determined
by the Golgi cells (g in Figure 2). It has a lot more dendrites than granular cells and can carry
out complicated multi-parameter computations that correspond to one line of the differential
equation system.

. Afferent parameters are received by the mossy fiber. They are in charge of the clocks in
our model, computing the system state’s subsequent iteration. In more complex models, the
cycle of changes is provided by regulating the speed of signal propagation from Golgi cells to
granule cells.

. An efferent signal produced by Purkinje cells (P in Figure 2) reflects the state of the phase
space on the state of the actuator. The computational complexity of these neurons is even
higher than that of Golgi cells, reflecting the intricacy of the phase spaces that are produced
and, consequently, the multi-component nature of the final signal.

Parallel fibers in the model track dynamic parameters X;X;X(defining phase space). Their

potential corresponds to the values:

la. X - parallel fiber, the second derivative of the deviation, that is, the acceleration of the change

in the deviation value (shown in red on the color image);

1b. X - parallel fiber, the first derivative of the deflection, that is, the rate of deflection change

(green is used in the color image);

lc. X - parallel fiber, oscillator deflection value (shown in blue on the color image).

The calculation of the current parameter values is carried out by the cascade method. In the

next moment tj+1 = tj + t the values X; X; X are determined as:

— 2y.
Xi+1 = Xi ( w9),
Xi+1 = Xj + Xj;
Xj+1 = Xj + X!

Granular cells 2b and 2b simultaneously serve as an integration block and support the appropriate

potential in parallel fibers. While this was going on, the granular cell 2a, which was in charge of
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Figure 3. Simulation of the processes described by the differential equation of harmonic oscillations, with
the actuation of the limbs of the insect.

the value X, just replicated the potential that it had previously received from the Golgi cell and
computed as Xj+1 = Xi ( W2): Thus, we are dealing with a two-stage feedback system.

The columnar diagram of the potential values is shown to the right of each Granule Cell in the
moving image. The left column represents the cell’s potential at the moment, and the next time,
this column moves to the right, giving us a scan of the relevant parameter.

All parallel fibers’ values are removed by Purkinje cells. This enables distinct phases of movement
to be obtained for separate limbs. The cells perform simple transformations by multiplication and
displacement. All of this causes the insect’s limbs to move. For the front left leg, for instance, the
transformation is as follows: the limb’s angle of inclination is equal to 3 X + 20.

An axon of mossy fiber (4. Mossy fiber) is shown below (blue in colored animation), innervating
the entire system with high-frequency pulses. The frequency of discrete alterations’ is controlled by
this innervation.

Below is a detailed meaning and functioning explanation of the designated elements. Some
mathematical and physical analogies are presented. We also describe how our approach differs from
contemporary deep machine learning concepts.

3.1. Parallel fibers and granule cells (1a,1b)

One of the fundamental ideas in the science of dynamical systems is phase space [26, 27]. It
allows the representation of all potential system states, each with a separate point. For instance,
the conventional spatial coordinates (X;Y; ) of the system’s particles and their momentum (X;Vy; 2)
serve as the coordinates of the phase space of a mechanical system. A system of N material points’
phase space has a dimension of 6N. In the case of a solid, angles (”; ;#) and their derivatives

(-; -;#) are added to these six coordinates. The dimension of a system of N bodies is thus equal
to 12N [28]. A point moving along a curve in phase space can be used to depict the motion of the
entire system. In classical mechanics, differentiable manifolds serve as phase spaces.

For systems interacting with the environment or interconnected systems, additional parameters
appear. In the considered example of a harmonic oscillator, one more parameter X (acceleration) is
introduced. This parameter corresponds, for instance, to pendulum deflection or spring tension. In
other words, in this example, the phase space is described by three parameters:

X; X X:
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